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Preface
Two years ago, in 2022, the international conference on Parallel Problem Solving from Nature (PPSN) returned to where it all started in 1990, namely to Dortmund, Germany. It was great to see that the community had overcome the pandemic and gathered with more than 100 participants attending in person.
On the last day of the conference, during the closing ceremony, we got the chance to propose the University of Applied Sciences Upper Austria (FH OÖ) as organizers and the Softwarepark Hagenberg as the location for PPSN 2024. We were convinced that FH OÖ as the (with respect to research and development) strongest university of applied sciences in Austria could be the ideal choice as host for PPSN 2024, especially as we presented the research group Heuristic and Evolutionary Algorithms Laboratory (HEAL), one of the most active groups in evolutionary algorithms in Austria, as the core group of the organization team. After some weeks, we were delighted to hear from the steering committee that we were chosen as organizers and Hagenberg as the location for this year’s  edition of PPSN.
We are pleased that a record number of researchers followed our call by submitting their papers for review. We received 294 submissions from which the program chairs selected the top 101 after an extensive peer-review process, which corresponds to an acceptance rate of 34.35%. Not all decisions were easy to make, but we benefited greatly from the careful reviews provided by the international program committee. With an average of 2.86 reviews per paper, most of the submissions received three reviews, while some received two. This led to a total of 840 reviews. Thanks to these reviews, we were able to decide about acceptance on a solid basis.
The papers included in these proceedings were assigned to 12 clusters, entitled Combinatorial Optimization, Genetic Programming, Fitness Landscape Modeling and Analysis, Benchmarking and Performance Measures, Automated Algorithm Selection and Configuration, Numerical Optimization, Bayesian- and Surrogate-Assisted Optimization, Theoretical Aspects of Nature-Inspired Optimization, (Evolutionary) Machine Learning and Neuroevolution, Evolvable Hardware and Evolutionary Robotics, Multi-objective Optimization and Real-World Applications which can hardly reflect, the true variety of research topics presented in the proceedings at hand. Following the tradition and spirit of PPSN, all papers were presented as posters. The eight poster sessions consisting of 12 or 13 papers each were compiled orthogonally to the clusters mentioned above to cover the range of topics as widely as possible. As a consequence, participants with different interests would find some relevant papers in every session and poster presenters were able to discuss related work in sessions different from their own.
As usual, the conference started with two days of workshops and tutorials (Saturday and Sunday), followed by three days of poster sessions and invited plenary talks (Monday to Wednesday). We are delighted that three highly renowned researchers from up-and-coming, related research fields accepted our invitation to give a keynote speech, which was be the first item on the program over the three days of the conference.
Two of our keynote speakers are young professors at excellent academic institutions, namely Oliver Schütze (Cinvestav-IPN, Mexico City) and Richard Küng (JKU Linz, Austria); the third keynoter is a researcher at Google Deepmind, namely Bernardino Romera-Paredes, with an equally impressive scientific record.
Needless to say, the success of such a conference depends on authors, reviewers, and organizers. We are grateful to all authors for submitting their best and latest work, to all the reviewers for the generous way they spent their time and provided their valuable expertise in preparing these reviews, to the workshop organizers and tutorial presenters for their contributions to enhancing the value of the conference, and to the local organizers who helped to make PPSN XVIII happen.
Last but not least, we would like to thank Softwarepark Hagenberg and the University of Applied Sciences Upper Austria for the donations. We are grateful for the long-standing support of Springer to this conference series. Finally, we thank the RISC Software and Software Competence Center Hagenberg for providing financial backing.
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Abstract
On the multi-objective optimization problems (MOP), the dominance-resistant solution (DRS) refers to the solution that has inferior objective values but is difficult to dominate by other solutions. Prior studies have affirmed that DRSs are prevalent across MOPs and difficult to eliminate, leading to substantial performance deterioration in many multi-objective evolutionary algorithms (MOEAs). In this paper, we propose a metric inspired by proper Pareto optimality and then develop a selection strategy based on this metric (SPP) to mitigate the negative impact of DRSs. Furthermore, we implement SPP on multi-objective evolutionary algorithm based on decomposition (MOEA/D) and call the new algorithm MOEA/D-SPP. Specifically, the algorithm employs the penalty-based boundary intersection method to scalarize the MOP. Subsequently, SPP is integrated into the environmental selection. The strategy measures and sorts a set of solutions such that DRSs can be identified and removed. Finally, weight vectors are adjusted, thereby enhancing the population diversity. In experimental studies, MOEA/D-SPP outperforms five state-of-the-art MOEAs on DRS-MOPs, demonstrating the promising application of SPP.
Keywords
Multi-objective optimizationDominance-resistant solutionEvolutionary algorithmProper Pareto optimality
1 Introduction
Numerous real-world challenges, such as logistics dispatch and printed-circuit board assembly, necessitate the simultaneous consideration of multiple conflicting objectives [11, 27, 43]. These optimization problems are called multi-objective optimization problems (MOPs), which have the general form as follows:[image: $$\begin{aligned} \begin{aligned} \text{ min. }\quad &amp; \textbf{f}(\textbf{x}) = (f_1(\textbf{x}),\ldots ,f_m(\textbf{x}))^{\intercal }, \\ \text{ s.t. }\quad &amp; \textbf{x} \in \varOmega , \end{aligned} \end{aligned}$$]

 (1)


where [image: $$\textbf{x} = (x_1,\ldots , x_n)^{\intercal }$$] represents the decision vector, also known as the solution, and [image: $$\varOmega \subset \mathbb {R}^n$$] signifies the feasible region. The mapping [image: $$\textbf{f}: \mathbb {R}^n \rightarrow \mathbb {R}^m$$] encompasses m objective functions, and [image: $$\textbf{f}(\textbf{x})$$] is the objective vector corresponding to [image: $$\textbf{x}$$]. Some fundamental concepts used in this paper are established below.
Definition 1
Given two vectors [image: $$\textbf{u},\textbf{v}\in \mathbb {R}^m$$], [image: $$\textbf{u}$$] is said to  dominate [image: $$\textbf{v}$$], iff [image: $$u_i \le v_i$$] for every [image: $$i\in \{1,\ldots ,m\}$$] and [image: $$u_{j}&lt;v_{j}$$] for at least one [image: $$j\in \{1,\ldots ,m\}$$].

Definition 2
A decision vector [image: $$\textbf{x}^{*}$$] and the corresponding objective vector [image: $$\textbf{f}(\textbf{x}^{*})$$] are  Pareto-optimal, if there is no [image: $$\textbf{x}\in \varOmega $$] such that [image: $$\textbf{f}(\textbf{x})$$] dominates [image: $$\textbf{f}(\textbf{x}^{*})$$].

Definition 3
The set of all Pareto-optimal solutions is called the  Pareto set (denoted as PS), and its image in the objective space is called the  Pareto front (denoted as PF).

Definition 4
(From [13]). A decision vector [image: $$\textbf{x} \in \varOmega $$] is  properly Pareto-optimal if it is Pareto-optimal and if there is some real number [image: $$M &gt; 0$$] such that for each [image: $$f_i$$] and each [image: $$\textbf{x}'$$] satisfying [image: $$f_i(\textbf{x}') &lt; f_i(\textbf{x})$$], there exists at least one [image: $$f_j$$] such that [image: $$f_j(\textbf{x}) &lt; f_j(\textbf{x}')$$] and[image: $$\begin{aligned} \frac{ f_i(\textbf{x}) - f_i(\textbf{x}')}{f_j(\textbf{x}') - f_j(\textbf{x})} \le M. \end{aligned}$$]

 (2)





Many investigations recognize the prevalence of dominance-resistant solutions (DRSs) within the feasible region of MOPs, exerting a considerable impact on the performance of various multi-objective evolutionary algorithms (MOEAs) [2, 42, 44]. The corresponding test problems denoted as DRS-MOPs are designed, such as mDTLZ [35] and MOP-CH [34]. A DRS has satisfactory values in at least one objective but exhibits significant deficiencies in others [18]. In other words, DRSs are close to the boundaries of the feasible objective region and remain distant from the PF. They are apart from Pareto-optimal, while few solutions can dominate them. Therefore, DRSs often persist as non-dominated solutions within the evolutionary population. For example, in Fig. 1, point B is located on the boundary parallel to the [image: $$f_3$$] axis. Notably, B is markedly inferior to the objective vector on the PF, yet it is dominated solely by the objective vectors on line AB (i.e., red line in Fig. 1). B is recognized as dominance-resistant, due to the low possibility of discovering objective vector dominating B via evolutionary approaches. In addition, the boundary where B is situated is specifically named the hardly dominated boundary (HDB) [35]. This is because the objective vector on the HDB can improve only one objective value to obtain a better one.[image: ]
Fig. 1.Visual representations of a DRS-MOP from three distinct perspectives.



Coping strategies have been developed in recent years according to the categories of MOEAs (i.e., dominance-based MOEAs [8], decomposition-based MOEAs [45], and indicator-based MOEAs [12]). Dominance-based MOEAs commonly incorporate relaxed forms of Pareto dominance [7, 10, 18, 29, 44]. Decomposition-based MOEAs utilize effective decomposition methods [14, 15, 30]. Indicator-based ones employ the environmental selection based on the hypervolume contribution [1, 12, 16]. However, the existing MOEAs encounter challenges in effectively addressing DRS-MOPs concerning convergence and diversity. In this paper, we propose a metric based on proper Pareto optimality. To test the potential of this metric, we adopt multi-objective evolutionary algorithm based on decomposition (MOEA/D) [45] as the backbone. The proposed MOEA/D variant called MOEA/D-SPP achieves competitive performance in the experiments. The contributions of this paper are encapsulated in the following: 	1.
The PPO metric, inspired by proper Pareto optimality, is introduced. The PPO metric of DRS is generally large. As a result, it emerges as a valuable tool for discerning DRSs effectively.

 

	2.
SPP, a selection strategy based on the PPO metric for decomposition-based MOEAs, is designed. It assesses and ranks a solution subset of the population, enabling the identification and exclusion of DRSs.

 

	3.
MOEA/D-SPP, an MOEA/D variant incorporating the newly devised selection strategy, is proposed. Additionally, a mechanism for weight vector adjustment is integrated to augment the population diversity.

 





The remainder of this paper is organized as follows. Section 2 introduces the motivation of this paper. Section 3 elaborates on the details of MOEA/D-SPP. Section 4 presents the numerical experiments to demonstrate the performance of MOEA/D-SPP. Finally, Sect. 5 concludes this paper and discusses future works.

2 Motivation
2.1 Metric Based on Proper Pareto Optimality
A solution [image: $$\textbf{x}$$] is properly Pareto-optimal when the maximum decrement among some objectives is satisfactory only at the cost of a finite increment in the others. The Definition 4 is equivalent to a properly Pareto-optimal decision vector [image: $$\textbf{x}\in \varOmega $$] satisfying that:[image: $$\begin{aligned} h(\textbf{x},\textbf{x}^\prime )=\frac{\max \limits _{1 \le i \le m} f_i(\textbf{x}) - f_i(\textbf{x}')}{\max \limits _{1 \le j \le m} f_j(\textbf{x}') - f_j(\textbf{x})} \le M &lt; \infty , \end{aligned}$$]

 (3)


where [image: $$\textbf{x}^\prime \in \varOmega $$] and [image: $$\max _{1 \le j \le m} f_j(\textbf{x}') - f_j(\textbf{x})&gt;0$$]. We define a metric built upon [image: $$h(\textbf{x},\textbf{x}^\prime )$$]. We refer to this metric as the PPO metric, which is formulated by:[image: $$\begin{aligned} \mathcal {M}_{\mathcal {S}}(\textbf{x}) = \max _{\begin{array}{c} \textbf{x}' \in \mathcal {S} \end{array}} h(\textbf{x},\textbf{x}^\prime ) = \max _{\begin{array}{c} \textbf{x}' \in \mathcal {S} \end{array}} \left( \frac{\max \limits _{1 \le i \le m} f_i(\textbf{x}) - f_i(\textbf{x}')}{\max \limits _{1 \le j \le m} f_j(\textbf{x}') - f_j(\textbf{x})} \right) , \end{aligned}$$]

 (4)


where [image: $$\mathcal {S}$$] is a solution set and [image: $$\textbf{f}(\textbf{x})\ne \textbf{f}(\textbf{x}')$$].[image: ]
Fig. 2.Two scenarios of the solution set [image: $$\mathcal {S}$$] on a DRS-MOP.



Firstly, we examine how the PPO metric works on the solution set with DRSs. Recall that some objective values of the DRS are very poor while others are good. DRSs have a quite large value of the PPO metric. For example, Fig. 2(a) shows an example to illustrate how the PPO metric works on an MOP having DRSs. The solution set [image: $$\mathcal {S}$$] is composed of three individuals A(0.25, 0.25, 1.75), B(0.25, 0.35, 1.05), and C(0.3, 0.25, 0.45), where A and B are DRSs. The PPO metric values are [image: $$\mathcal {M}_{\mathcal {S}}($$]A[image: $$)=h($$]A, C[image: $$)=26$$], [image: $$\mathcal {M}_{\mathcal {S}}($$]B[image: $$)=h($$]B, C[image: $$)=12$$], and [image: $$\mathcal {M}_{\mathcal {S}}($$]C[image: $$) = h($$]C, B[image: $$) \approx 0.083$$], respectively. We can find that the PPO metric of DRS is larger because DRSs are extremely inferior to other solutions in some objectives.
Secondly, we investigate the solution set without DRSs. Figure 2(b) shows an example of the solution set without DRSs. The solutions are all on the PF. The solution set [image: $$\mathcal {S}$$] is composed of three individuals A(0.45, 0.25, 0.35), B(0.15, 0.4, 0.45), and C(0.3, 0.25, 0.45). The PPO metric values are [image: $$\mathcal {M}_{\mathcal {S}}($$]A[image: $$)=h($$]A, B[image: $$)=2$$], [image: $$\mathcal {M}_{\mathcal {S}}($$]B[image: $$)=h($$]B, C[image: $$)=1$$], and [image: $$\mathcal {M}_{\mathcal {S}}($$]C[image: $$) = h($$]C, B[image: $$)=1$$], respectively. We can find that these values are generally small. This is because the largest difference in any objective is bound by the range of the PF. We also observe that these objective vectors have different PPO metric values. The calculation of the metric is based on the difference in the objectives, and thus different distributions of solutions can lead to distinct metric values. In other words, the distances between solutions and the density of solutions can affect the PPO metric values.
In short, The PPO metric is a potential criterion for identifying DRSs. When [image: $$\mathcal {M}_{\mathcal {S}}(\textbf{x})$$] is quite large, [image: $$\textbf{x}$$] strikes a poor trade-off between some objectives. We can remove DRSs by removing the solutions that have large PPO metric values. Moreover, an additional scheme for the PPO metric is required to avoid accidentally eliminating a good solution.

2.2 MOEA/D
MOEA/D uses weight vectors and scalarization methods to convert an MOP into many single-objective optimization subproblems and solves these subproblems collaboratively. The effectiveness of MOEA/D is demonstrated in addressing various MOPs [36–38]. The performance of MOEA/D highly depends on the scalarization methods, and different scenarios may require different scalarization methods [19, 46]. However, only some existing scalarization methods can cope with DRSs. For example, the penalty boundary intersection (PBI) method [45] fails as found in [34]. We suggest employing the PPO metric, which enables the application of any scalarization method in scenarios involving DRSs. [image: $$\mathcal {S}$$] in the PPO metric is specified as [image: $$\mathcal {S}_i$$] containing several closest solutions to the i-th subproblem and the offspring [image: $$o_i$$]. Thereafter, the DRSs with respect to the i-th subproblem can be distinguished.
In the following section, we propose MOEA/D-SPP, which selects solutions based on the PPO metric. The PBI method is used in MOEA/D-SPP. Let [image: $$\textbf{w}$$] be a weight vector and [image: $$\textbf{z}^*$$] be the ideal point, and the mathematical expression defining the PBI-based subproblem is as follows:[image: $$\begin{aligned} \begin{aligned} &amp;\mathrm {min.} \quad g^{\textrm{pbi}}(\textbf{x}|\textbf{w},\textbf{z}^*) = d_1 + \theta d_2, \end{aligned} \end{aligned}$$]

 (5)


where[image: $$\begin{aligned} \begin{aligned} &amp;d_1 = \frac{\left| \left( \textbf{f}(\textbf{x})-\textbf{z}^*\right) ^\intercal \textbf{w} \right| }{\Vert \textbf{w} \Vert _2}~, \\ &amp;d_2 = \left\Vert \textbf{f}(\textbf{x}) - \textbf{z}^* - d_1 \frac{\textbf{w}}{\Vert \textbf{w} \Vert _2} \right\Vert _2~. \end{aligned} \end{aligned}$$]

 (6)


[image: $$\theta $$] is a penalty parameter and we adopt [image: $$\theta =10$$] in this paper. Additionally, DRS-MOPs are often characterized by irregular PFs, while the performance of MOEA/D is also influenced by the shape of the PF [20, 35, 40, 41]. Therefore, when applying MOEA/D to address DRS-MOPs, adjusting the weight vectors is also important to enhance its performance.


3 Algorithm
3.1 Framework
The framework of MOEA/D-SPP is outlined in Algorithm 1. The two key algorithmic components, namely IdentifyDRS and AdjustWeights, are detailed in Algorithm 2 and Algorithm 3, respectively. IdentifyDRS is the selection strategy based on the PPO metric. AdjustWeights can adjust weight vectors properly. We adopt a multistage procedure [9]: the first stage is the same as MOEA/D-PBI; IdentifyDRS is introduced in the second stage; IdentifyDRS still executes and AdjustWeights improves the diversity finally.
[image: ]
Algorithm 1. MOEA/D-SPP



The algorithm first initiates the population [image: $$\mathcal {P}$$] and the set of weight vectors [image: $$\mathcal {W}$$] and determines neighbors for each weight vector (lines 1–2). The neighborhood of the i-th subproblem is denoted as [image: $$\mathcal {B}_i$$]. Subsequently, isUsed is introduced, which represents the evolutionary stage. In MOEA/D-SPP, different goals are achieved at different stages. It is set to 0 initially (line 3). After the initialization, the algorithm iterates over each subproblem. For the subproblem with index i in each generation (line 5), the algorithm first selects solutions from [image: $$\mathcal {B}_i$$] to generate the offspring [image: $$\textbf{o}_i$$] (line 6). Subsequently, if the generation number gen surpasses the control parameter [image: $$\vartheta _{stage}$$], the IdentifyDRS component is executed. This component employs the PPO metric to identify DRSs (lines 7–8). If the offspring [image: $$\textbf{o}_i$$] is considered to be a DRS (i.e., [image: $$flag = false$$]), the algorithm skips updating [image: $$\mathcal {B}_i$$] with [image: $$\textbf{o}_i$$] and proceeds to the next subproblem (lines 9–11). Otherwise, [image: $$\textbf{o}_i$$] is used to update [image: $$\mathcal {B}_i$$] according to the PBI method (line 13). If [image: $$gen \le \vartheta _{stage}$$], the IdentifyDRS component remains inactive and the subproblem is updated regularly. Moreover, if gen surpasses [image: $$2 \cdot \vartheta _{stage}$$] and [image: $$isUsed = false$$] (line 15), the AdjustWeights component is invoked only once. The weight vectors are adjusted to the appropriate distribution according to the current population, thereby enhancing the population diversity in subsequent iterations (line 16). It indicates AdjustWeights is used and let isUsed be true (line 17). Finally, the population [image: $$\mathcal {P}$$] is returned as the output of the algorithm.

3.2 Selection Strategy Based on PPO Metric (SPP)
The IdentifyDRS component, as illustrated in Algorithm 2, plays a crucial role within the MOEA/D-SPP framework. It employs the PPO metric to assess the acceptance of new solutions and the removal of old ones, which can effectively distinguish the DRSs.
[image: ]
Algorithm 2. IdentifyDRS ([image: $$\mathcal {P},\textbf{o}_i,T,a$$])



The algorithmic component initiates by constructing a set [image: $$\mathcal {S}_i$$] comprising the T solutions closest to the weight vector [image: $$\textbf{w}_i$$] and the offspring [image: $$\textbf{o}_i$$] (line 1). For each solution in [image: $$\mathcal {S}_i$$], the PPO metric is computed according to Eq. (4) (line 2). The solution with the worst PPO metric value, denoted as [image: $$\textbf{x}_{worst}$$], is identified (line 3). Thereafter, the algorithm checks whether the current offspring [image: $$\textbf{o}_i$$] is [image: $$\textbf{x}_{worst}$$] or if its PPO metric value exceeds the predefined value a (line 4). If either condition is met, the offspring is deemed to have poor quality. Then the offspring should not be accepted and the algorithm returns flag of false and the unchanged [image: $$\mathcal {P}$$] (lines 5–6). Otherwise, the offspring is considered suitable to be accepted and let flag be true (line 8).
As mentioned in Sect. 2.1, the PPO metric values of the solutions on the PF are related to the population density. The density of uniform sampling points suffers from the curse of dimensionality and the density is proportional to [image: $$q^{1/p}$$], where p is the space dimension and q is the sample size [3, 17]. We adopt the threshold of [image: $$N^{1/(m-1)}$$] considering that the PF is an [image: $$(m-1)$$] dimensional manifold. Specifically, when the PPO metric of [image: $$\textbf{x}_{worst}$$] exceeds [image: $$N^{1/(m-1)}$$] (line 10), the algorithm substitutes the solution in P that corresponds to [image: $$\textbf{x}_{worst}$$] by randomly selecting a suitable solution from [image: $$\mathcal {S}_i$$] (lines 11–14).

3.3 Adjustment of Weight Vectors
The AdjustWeights component, shown in Algorithm 3, aims to improve the diversity of the population. It generates a set of new weight vectors based on the distribution of solutions in the current population.
[image: ]
Algorithm 3. AdjustWeights ([image: $$\mathcal {P}$$])



To estimate the shape of the PF, the component is inspired by [24] to estimate the PF shape by finding the most consistent contour curve of the modified [image: $$L_p$$]-norm distance (line 1). This estimation works as follows: 	1.
Firstly, compute the modified [image: $$L_p$$]-norm distances for objective vectors of [image: $$\mathcal {P}$$] using candidate values of p ([image: $$p&gt;0$$]). The set of distances is denoted as [image: $$G_p \!=\! \left\{ g(\textbf{x}|p)~|~\textbf{x}\in \mathcal {P}\right\} $$] where [image: $$g(\textbf{x}|p) = \left( \sum _{i=1}^{m}(1-f_i(\textbf{x}))^p\right) ^{1/p}$$].

 

	2.
Secondly, select the p value with smallest standard deviation of [image: $$G_p$$].

 





In other words, the estimation determines a value of p.
After that, a sufficiently large set of uniformly distributed weight vectors [image: $$\mathcal {R}$$] is generated by using the two-layer weight vectors generation method [6, 23] (line 2). The endpoints of weight vectors in [image: $$\mathcal {R}$$] are located on the unit simplex. With p and [image: $$\mathcal {R}$$], the desired weight vectors can be obtained. Each [image: $$\textbf{w} \in \mathcal {R}$$] is transformed based on the value of p (line 3). The transformation method is consistent with the aforementioned estimation method. Then, a subset [image: $$\mathcal {W}$$] is selected from [image: $$\mathcal {R}$$]. The component finds m extreme weight vectors as initialized elements in [image: $$\mathcal {W}$$] (lines 5–8). In line 6, we can find that the extreme weight vectors represent those having the lowest value on at least one objective. The remaining [image: $$(N-m)$$] weight vectors for [image: $$\mathcal {W}$$] are chosen from [image: $$\mathcal {R}$$] one by one (lines 10–14). Sparse weight vectors are prioritized for selection. The sparsity of a weight vector is defined in line 11. In other words, the sparsity is the minimum Euclidean distance from the weight vector to the one within [image: $$\mathcal {W}$$].


4 Numerical Experiments
4.1 Benchmark Problems
In this section, we assess the proposed MOEA/D-SPP on mDTLZ1-mDTLZ4 [35]. These test problems exhibit two common features: 1) irregularity in the PF shape (e.g., the PF of mDTLZ1 is an inverted triangle); and 2) complexity in the feasible objective region (e.g., all problems exhibit HDBs). Note that an MOP featuring more than 3 objectives is viewed as a many-objective optimization problem. We consider 3 and 5 as two settings of the objective dimension. The number of decision variables is set to 10 for 3-objective problems and 12 for 5-objective problems in each instance.
Each algorithm undergoes 30 independent runs on each test instance. The population size is set to 105 for 3-objective instances and 210 for the 5-objective instances. The maximum number of function evaluations is set to 105,000 (i.e., 105[image: $$\times $$]1000) for the 3-objective case and 252,000 (i.e., 210[image: $$\times $$]1200) for the 5-objective case. All experiments are conducted on the PlatEMO platform [32].

4.2 Evaluation Metrics
The inverted generational distance (IGD) metric [4] and the hypervolume (HV) metric [47] are employed for assessing the performance of the obtained solution sets. IGD calculates the average distances from each objective vector to its nearest reference point of the PF. A smaller IGD value indicates a better performance of the algorithm. HV describes the size of the region covered by the obtained objective vectors and the reference point. A larger HV value represents the better performance of the algorithm.
The mean metric values are employed to show the statistical performance of each algorithm on each test problem [22, 26, 39]. Statistical analysis of the differences between mean metric values is conducted using Wilcoxon’s rank-sum test at a significance level of 0.05 [21]. The symbols “[image: $$+$$]”, “−”, and “[image: $$=$$]” denote that the compared algorithm performs statistically better than, worse than, and equal to MOEA/D-SPP, respectively.

4.3 Compared Algorithms
We conduct a comparative analysis of our proposed algorithm against five representative MOEAs. The parameters of algorithms are configed according to the corresponding references. NSGA-II [8] is a classical dominance-based MOEA utilizing the Pareto dominance criterion and employing crowding distance for diversity evaluation. MOEA/D-Gen [15] utilizes generalized decomposition, with parameters [image: $$\delta $$] and [image: $$\rho $$] set to 0.01. mNSGA-II [31] addresses DRSs by modifying objective values, with control parameter [image: $$\alpha $$] set to 0.01. PMEA [28] incorporates preprocessing and penalty mechanisms, with parameter r set to 1.5. MOEA/D-OMDEA [33] integrates the OM-dominance criterion, with parameters [image: $$\alpha _1 = 0.25$$], [image: $$\alpha _2 = 0.1$$], [image: $$\tau = 0.7$$], and [image: $$K = 30$$] for 3-objective cases and [image: $$K = 50$$] for 5-objective cases.
In our compared algorithms, the control parameters in MOEA/D-SPP are established as [image: $$a=2$$] and [image: $$\vartheta _{stage}=300$$]. In general, the neighborhood size T for MOEA/D variants is set to [image: $$\lceil N/10 \rceil $$]. All the algorithms except for MOEA/D-OMDEA employ the simulated binary crossover and polynomial mutation [5] to generate new solutions. The distribution indexes are set to 20. Besides, the crossover and mutation probabilities are configured at 1 and [image: $$1 /~\hbox {n} $$] respectively. MOEA/D-OMDEA follows the operators outlined in [25].

4.4 Comparison Results
The mean IGD and HV metric values achieved by algorithms on all instances are presented in Tables 1 and 2 respectively. The best result for each problem is highlighted in bold. the standard deviations of means are in parentheses.
In Table 1, MOEA/D-SPP exhibits the best mean IGD metric values on 3-objective mDTLZ1, mDTLZ2, and mDTLZ3. Furthermore, according to Wilcoxon’s rank-sum test, MOEA/D-SPP outperforms NSGA-II, MOEA/D-Gen, mNSGA-II, PMEA, and MOEA/D-OMDEA on 7, 5, 6, 6, and 6 out of 8 instances, respectively. In contrast, it is significantly outperformed by NSGA-II, MOEA/D-Gen, and MOEA/D-OMDEA on 1, 2, and 1 out of 8 problems. In summary, MOEA/D-SPP demonstrates a substantial improvement in terms of the IGD metric compared to these competitors.Table 1.Means and standard deviations of IGD metric values obtained by algorithms.


	IGD
	m
	NSGA-II
	MOEA/D-Gen
	mNSGA-II
	PMEA
	MOEA/D-OMDEA
	MOEA/D-SPP

	mDTLZ1
	3
	1.0787e+0 -
	2.9330e-2 -
	2.6286e-2 -
	3.1430e-2 -
	1.7657e-1 -
	2.1800e-2

	(1.35e+0)
	(4.38e-5)
	(1.66e-3)
	(1.37e-3)
	(1.04e-1)
	(1.06e-2)

	mDTLZ2
	3
	1.1600e-1 -
	6.9634e-2 -
	6.3331e-2 -
	1.0411e-1 -
	7.6944e-2 -
	5.4112e-2

	(8.91e-3)
	(2.69e-4)
	(2.01e-3)
	(2.18e-2)
	(9.40e-3)
	(9.91e-4)

	mDTLZ3
	3
	2.0386e+0 -
	6.9580e-2 -
	6.4027e-2 -
	9.8289e-2 -
	1.2934e-1 -
	5.8790e-2

	(2.67e+0)
	(3.35e-4)
	(4.02e-3)
	(1.47e-2)
	(5.10e-2)
	(4.06e-3)

	mDTLZ4
	3
	1.3340e-1 -
	1.1960e-1 -
	8.0513e-2 =
	7.9877e-2 =
	7.7648e-2 =
	1.1494e-1

	(1.26e-2)
	(1.17e-1)
	(1.56e-2)
	(1.05e-2)
	(4.84e-3)
	(1.71e-1)

	mDTLZ1
	5
	2.8688e+1 -
	5.7983e-2 -
	1.5148e-1 -
	9.6846e-2 -
	2.7975e-1 -
	5.6686e-2

	(1.63e+1)
	(2.61e-5)
	(1.91e-2)
	(6.68e-3)
	(8.98e-2)
	(3.45e-3)

	mDTLZ2
	5
	2.4618e-1 -
	1.4887e-1 +
	2.1538e-1 -
	2.8372e-1 -
	1.8211e-1 +
	1.9844e-1

	(1.52e-2)
	(5.02e-4)
	(9.02e-3)
	(2.84e-2)
	(1.12e-2)
	(2.47e-2)

	mDTLZ3
	5
	4.7116e+1 -
	1.4780e-1 +
	3.9344e-1 -
	3.1063e-1 -
	4.4687e-1 -
	2.1978e-1

	(3.55e+1)
	(9.80e-4)
	(2.75e-2)
	(3.63e-2)
	(1.21e-1)
	(3.01e-2)

	mDTLZ4
	5
	2.8455e-1 +
	2.1408e-1 =
	2.2922e-1 =
	2.1218e-1 =
	3.3439e-1 -
	3.0939e-1

	(1.69e-2)
	(4.45e-2)
	(1.61e-2)
	(1.78e-2)
	(3.08e-2)
	(2.05e-1)

	±/=
	1/7/0
	2/5/1
	0/6/2
	0/6/2
	1/6/1
	–




Table 2.Means and standard deviations of HV metric values obtained by algorithms.


	HV
	m
	NSGA-II
	MOEA/D-Gen
	mNSGA-II
	PMEA
	MOEA/D-OMDEA
	MOEA/D-SPP

	mDTLZ1
	3
	2.8699e-2 -
	5.1641e-1 -
	5.0487e-1 -
	4.7351e-1 -
	1.8425e-1 -
	5.2067e-1

	(2.79e-2)
	(4.89e-4)
	(5.16e-3)
	(7.56e-3)
	(1.46e-1)
	(3.01e-2)

	mDTLZ2
	3
	8.6691e-1 -
	1.0237e+0 -
	1.0207e+0 -
	1.0152e+0 -
	1.0011e+0 -
	1.0340e+0

	(2.51e-2)
	(1.35e-4)
	(4.13e-3)
	(9.03e-3)
	(7.03e-3)
	(1.16e-3)

	mDTLZ3
	3
	3.5195e-2 -
	1.0234e+0 -
	1.0227e+0 -
	9.9438e-1 -
	8.4447e-1 -
	1.0314e+0

	(4.30e-2)
	(5.67e-4)
	(6.07e-3)
	(1.06e-2)
	(1.26e-1)
	(4.75e-3)

	mDTLZ4
	3
	7.9821e-1 -
	8.7509e-1 -
	9.5801e-1 +
	9.9996e-1 +
	9.7326e-1 +
	8.8277e-1

	(3.41e-2)
	(1.38e-1)
	(5.06e-2)
	(4.33e-2)
	(7.34e-3)
	(1.83e-1)

	mDTLZ1
	5
	2.6754e-5 -
	6.6176e-2 -
	1.2345e-2 -
	2.4288e-2 -
	1.7688e-3 -
	7.7432e-2

	(1.47e-4)
	(3.26e-4)
	(3.16e-3)
	(3.63e-3)
	(2.09e-3)
	(6.42e-3)

	mDTLZ2
	5
	1.8242e-1 -
	3.9667e-1 -
	2.6287e-1 -
	4.4651e-1 -
	4.0032e-1 -
	4.6319e-1

	(2.20e-2)
	(1.50e-3)
	(1.41e-2)
	(4.40e-3)
	(6.41e-3)
	(2.30e-3)

	mDTLZ3
	5
	0.0000e+0 -
	4.0003e-1 -
	3.3793e-2 -
	2.8197e-1 -
	8.9890e-2 -
	4.6964e-1

	(0.00e+0)
	(1.87e-3)
	(1.70e-2)
	(1.41e-2)
	(7.18e-2)
	(3.11e-3)

	mDTLZ4
	5
	1.3682e-1 -
	3.0907e-1 =
	2.0975e-1 -
	4.3240e-1 +
	1.1367e-1 -
	3.0900e-1

	(1.55e-2)
	(6.46e-2)
	(2.81e-2)
	(4.44e-3)
	(3.24e-2)
	(1.30e-1)

	±/=
	0/8/0
	0/7/1
	1/7/0
	2/6/0
	1/7/0
	–




Table 3.Average ranks of representative algorithms and MOEA/D-SPP obtained by Friedman test.


	 	IGD
	HV

	NSGA-II
	5.625
	5.875

	MOEA/D-Gen
	2.5
	2.625

	mNSGA-II
	3
	3.75

	PMEA
	3.5
	2.75

	MOEA/D-OMDEA
	4.125
	4.375

	MOEA/D-SPP
	2.25
	1.625





[image: ]
Fig. 3.The approximate set with the median IGD metric value on 3-objective mDTLZ1.



In Table 2, the best HV result of each instance is achieved by the following algorithms: MOEA/D-SPP on mDTLZ1-mDTLZ3 and PMEA on mDTLZ4. According to Wilcoxon’s rank-sum test, MOEA/D-SPP outperforms NSGA-II, MOEA/D-Gen, mNSGA-II, PMEA, and MOEA/D-OMDEA on 8, 7, 7, 6, and 7 out of 8 instances, respectively. It is only outperformed by mNSGA-II, PMEA, and MOEA/D-OMDEA on 1, 2, and 1 out of 8 instances. Overall, MOEA/D-SPP also demonstrates advantages over these peer algorithms in terms of the HV metric.Table 4.Means and standard deviations of IGD metric values obtained by MOEA/D-SPP and its variants.


	IGD
	m
	V-a
	V-b
	V-c
	MOEA/D-SPP

	mDTLZ1
	3
	4.5380e-2 -
	3.0038e-2 -
	9.3394e-2 -
	2.1800e-2

	(4.19e-3)
	(3.72e-4)
	(4.27e-2)
	(1.06e-2)

	mDTLZ2
	3
	7.3003e-2 -
	7.8833e-2 -
	7.5943e-2 -
	5.4112e-2

	(7.08e-4)
	(4.13e-3)
	(1.41e-3)
	(9.91e-4)

	mDTLZ3
	3
	7.3931e-2 -
	1.0710e-1 -
	9.7051e-2 -
	5.8790e-2

	(1.35e-3)
	(9.50e-3)
	(4.08e-2)
	(4.06e-3)

	mDTLZ4
	3
	1.8893e-1 -
	1.5781e-1 -
	2.1567e-1 -
	1.1494e-1

	(1.72e-1)
	(1.56e-1)
	(2.21e-1)
	(1.71e-1)

	mDTLZ1
	5
	1.7306e-1 -
	8.4131e-2 -
	1.0720e-1 -
	5.6686e-2

	(1.12e-3)
	(5.13e-3)
	(5.07e-3)
	(3.45e-3)

	mDTLZ2
	5
	3.3092e-1 -
	3.2329e-1 -
	1.5836e-1 +
	1.9844e-1

	(3.07e-3)
	(1.80e-2)
	(6.90e-3)
	(2.47e-2)

	mDTLZ3
	5
	3.0808e-1 -
	3.2506e-1 -
	2.1385e-1 =
	2.1978e-1

	(1.91e-3)
	(2.00e-2)
	(1.70e-2)
	(3.01e-2)

	mDTLZ4
	5
	3.5856e-1 -
	3.3311e-1 -
	3.8760e-1 -
	3.0939e-1

	(1.85e-2)
	(1.38e-1)
	(1.96e-1)
	(2.05e-1)

	±/=
	0/8/0
	0/8/0
	1/6/1
	–




Table 5.Means and standard deviations of HV metric values obtained by MOEA/D-SPP and its variants.


	HV
	m
	V-a
	V-b
	V-c
	MOEA/D-SPP

	mDTLZ1
	3
	4.1774e-1 -
	5.0819e-1 -
	2.8524e-1 -
	5.2067e-1

	(1.54e-2)
	(1.65e-3)
	(7.52e-2)
	(3.01e-2)

	mDTLZ2
	3
	1.0157e+0 -
	1.0089e+0 -
	9.6192e-1 -
	1.0340e+0

	(1.51e-3)
	(3.93e-3)
	(6.11e-3)
	(1.16e-3)

	mDTLZ3
	3
	1.0143e+0 -
	1.0001e+0 -
	9.0952e-1 -
	1.0314e+0

	(3.27e-3)
	(4.86e-3)
	(1.02e-1)
	(4.75e-3)

	mDTLZ4
	3
	7.2188e-1 -
	8.5774e-1 =
	6.6940e-1 -
	8.8277e-1

	(2.49e-1)
	(2.18e-1)
	(2.02e-1)
	(1.83e-1)

	mDTLZ1
	5
	4.6000e-2 -
	7.0221e-2 -
	3.1131e-2 -
	7.7432e-2

	(7.03e-5)
	(2.16e-3)
	(3.29e-3)
	(6.42e-3)

	mDTLZ2
	5
	2.9611e-1 -
	4.0922e-1 -
	4.3055e-1 -
	4.6319e-1

	(2.94e-3)
	(4.33e-3)
	(3.80e-3)
	(2.30e-3)

	mDTLZ3
	5
	3.3234e-1 -
	4.0958e-1 -
	3.0990e-1 -
	4.6964e-1

	(4.40e-3)
	(5.13e-3)
	(1.18e-2)
	(3.11e-3)

	mDTLZ4
	5
	2.3319e-1 -
	3.0144e-1 =
	1.3606e-1 -
	3.0900e-1

	(5.87e-2)
	(1.03e-1)
	(1.10e-1)
	(1.30e-1)

	±/=
	0/8/0
	0/6/2
	0/8/0
	–




Table 6.Average ranks of MOEA/D-SPP and its variants obtained by Friedman test


	 	IGD
	HV

	V-a
	3
	2.875

	V-b
	2.875
	2.375

	V-c
	2.875
	3.75

	MOEA/D-SPP
	1.25
	1





The overall result of the IGD metric conforms to that of the HV metric. The proposed MOEA/D-SPP exhibits competitive performance with respect to both IGD and HV metrics on 3-objective and 5-objective mDTLZ1-mDTLZ4. Furthermore, Friedman tests are conducted to compare MOEA/D-SPP with five other algorithms. Table 3 reveals that MOEA/D-SPP achieves the best average rankings across both metrics, signifying its superior performance over the other algorithms. We visualize the approximate set of each algorithm on 3-objective mDTLZ1 in Fig. 3. The approximate set with the median IGD metric value among 30 runs is selected. These figures reveal that only MOEA/D-SPP discovers a well-distributed solution set across the entire PF, effectively balancing the convergence and diversity.

4.5 Effectiveness Analysis
The proposed MOEA/D-SPP utilizes the PBI method and introduces two key algorithmic components: IdentifyDRS and AdjustWeights. To investigate the individual effectiveness of each component within the proposed algorithm, several ablation experiments are conducted. MOEA/D-SPP is compared with the following three variants:	V-a: MOEA/D-SPP without the execution of any of the two components. In such a case, its behavior is identical to that of MOEA/D-PBI.

	V-b: MOEA/D-SPP without AdjustWeights.

	V-c: MOEA/D-SPP without IdentifyDRS.





Experimental results are presented in Table 4 and Table 5. The results show that MOEA/D-SPP outperforms other variants of MOEA/D-SPP in terms of both IGD and HV metrics across most instances. According to Table 6, V-a demonstrates competitive overall performance compared to V-b and V-c. On the one hand, IdentifyDRS eliminates DRSs and fosters population convergence. Thus it may make the population lack diversity in V-b. On the other hand, AdjustWeights estimates the PF shape using the population with DRSs in V-c, making the estimation highly inaccurate. Therefore, MOEA/D-SPP simultaneously employs the two strategies, striking a better balance between convergence and diversity and having the best performance.


5 Conclusion
In this study, we have introduced the PPO metric and proposed MOEA/D-SPP. The PPO metric aims to identify DRSs, while MOEA/D-SPP implements it to alleviate the adverse effects of DRSs. AdjustWeights, namely the one-shot weight vector adjustment in MOEA/D-SPP, further enhances the population diversity. To comprehensively assess the efficacy of the proposed algorithm, we have conducted experimental evaluations on benchmarks of DRS-MOPs, specifically 3-objective and 5-objective mDTLZ1-mDTLZ4. The performance of MOEA/D-SPP is compared against five representative MOEAs. The obtained results reveal the promising performance of MOEA/D-SPP in addressing DRS-MOPs. Additionally, ablation experiments have validated the effectiveness of each algorithmic component in MOEA/D-SPP.
In the future, we plan to extend the applicability of the PPO metric to other categories of MOEAs (i.e., dominance-based MOEAs and indicator-based MOEAs), aiming to enhance their performance in addressing DRS-MOPs. We also intend to delve into real-world scenarios involving DRSs and apply our algorithm.
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Abstract
Multi-objective evolutionary algorithms (MOEAs) are powerful optimizers that are capable of solving black-box multi-objective optimization problems. Due to their stochastic nature, local search methods, including directed search algorithms, have been proposed to guide search directions in the decision variable space. In particular, recent studies have shown that the inclusion of local hypervolume-based gradient methods can lead to better convergence rates. In this paper, a set-based method of estimating hypervolume gradients without additional function evaluations or Jacobian information is proposed and integrated with SMS-EMOA to form a steady-state MOEA. The proposed algorithm is compared to some widely-used MOEAs on two- and three-objective benchmark suites, outperforming all other algorithms on all 6/6 two-objective problems and 12/17 three-objective problems.
Keywords
Multi-objective optimizationMulti-objective evolutionary algorithmHypervolume indicatorHypervolume gradients
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1 Introduction
We focus on the domain of continuous box-constrained multi-objective optimization problems (MOP):[image: $$\begin{aligned} \begin{array}{cl} \min \limits _{x\in Q} &amp; \; F(x), \end{array} \end{aligned}$$]

 (1)


 where [image: $$Q \subset \mathbb {R}^n$$] denotes the domain bounded by [image: $$l,u\in \mathbb {R}^n$$], i.e., [image: $$Q = \{ x\in \mathbb {R}^n\; | \; l_i\le x_i \le u_i,\;i=1,\ldots ,n\}$$], and [image: $$F:Q\rightarrow \mathbb {R}^M$$] is the map defined by the individual objectives [image: $$f_i:Q\rightarrow \mathbb {R}$$], [image: $$i=1,\ldots ,M$$], i.e., [image: $$F(x) = (f_1(x),\ldots ,f_M(x))^T$$].
Effective multi-objective evolutionary algorithms (MOEA) exist under conditions where F might be non-differentiable or discontinuous. Three key categories of MOEAs underpin many current approaches [22]: 	1.
NSGA-II and SPEA2 represent a class of dominance-based MOEAs that favors solutions based on the Pareto criterion [5, 25].

 

	2.
MOEA/D and similar decomposition-based MOEAs decompose multi-objective problems into single-objective problems [23].

 

	3.
Indicator-based MOEAs, like SMS-EMOA, focus on maximizing or minimizing indicators such as the hypervolume indicator [1].

 





One critical characteristic of MOEAs is their stochastic search process [7]. Local search methods that incorporate spatial information (from the vicinity of existing individuals) and temporal information (from previously archived populations) have been developed to guide the search direction of the decision variables [10, 11, 13, 14]. One such implementation, called HIGA-MO, exploits hypervolume gradients by using them with a gradient ascent algorithm [20]. Hypervolume, defined as the volume in the objective space covered by the members of a solution set [26], is a metric of exceptional importance as it underscores both convergence and diversity of the solutions (i.e., it is Pareto-compliant) [6]. Steering solutions toward regions with higher hypervolume using the hypervolume gradients, then, offers an elegant approach to increase the solution quality [15]. However, precise computation of the hypervolume gradients may required finite difference methods, and therefore necessitates additional function evaluations.
As a remedy, we introduce a set-based method, HVGSA, which extracts information from historical populations to approximate the hypervolume gradients (Sect. 2). This eliminates the need for additional function evaluations and computing Jacobians. Then, HVGSA is integrated into a steady-state SMS-EMOA, blending the latter’s stochastic search power with the former’s deterministic convergence (Sect. 3). We show that the resulting HVGSA-EMOA generally outperforms widely-used algorithms for selected benchmarks (Sect. 4).

2 HVGSA
2.1 Naive Formulation
Gradient subspace approximation (GSA) is a set-based method that estimates the gradients of a multivariate scalar function [16, 17, 19]. In hypervolume GSA (HVGSA), the hypervolume indicator replaces said multivariate scalar function. The problem to select the [image: $$\mu $$] best elements with respect to hypervolume can be expressed as the optimization problem[image: $$\begin{aligned} \max _{X\subset Q\atop |X| = \mu } HV_{\text {set}}(X), \end{aligned}$$]

 (2)


where [image: $$HV_{\text {set}}$$] is a set function that maps a set to its hypervolume with respect to some reference point. We stress that considering a set [image: $$X = \{x^{(1)},\ldots , x^{(\mu )}\} \subset \mathbb {R}^n$$] of cardinality [image: $$\mu $$] is the same as considering a point [image: $$\textbf{X}$$] in [image: $$\mathbb {R}^{\mu n}$$]. To see this, consider [image: $$\textbf{X}= (x^{(1)}_1,\ldots , x^{(1)}_n, x^{(2)}_1,\ldots , x^{(2)}_n, \ldots , x^{(\mu )}_1,\ldots , x^{(\mu )}_n)^T \in \mathbb {R}^{\mu n}$$]. Hereby, [image: $$x^{(i)}_j$$] denotes the j-th coordinate of [image: $$x^{(i)}$$]. For example, the set [image: $$A = \{(1,2)^T,(3,4)^T\}\subset \mathbb {R}^2$$] can be represented by the point [image: $$\textbf{A} = (1,2,3,4)^T\in \mathbb {R}^4$$].
Consequently, problem (2) can be viewed as a single-objective optimization problem of dimension [image: $$\mu n$$] in the decision space. It may be expressed as[image: $$\begin{aligned} \max _{\textbf{X}\in \mathbb {R}^{\mu n}} HV(\textbf{X}), \end{aligned}$$]

 (3)


where [image: $$HV:\mathbb {R}^{\mu n}\rightarrow \mathbb {R}$$]. Hereafter we stick with the point representation.
Assume we are given a point [image: $$\textbf{X}_0\in \mathbb {R}^{\mu n}$$] designated for local search. In the context of MOEAs, [image: $$\textbf{X}_0$$] represents a population with [image: $$\mu $$] individuals in an n-dimensional decision space. The ideal search direction would certainly be the direction of the steepest hypervolume ascent,[image: $$\begin{aligned} v^* := \frac{\nabla HV(\textbf{X}_0)}{\Vert \nabla HV(\textbf{X}_0) \Vert _2}, \end{aligned}$$]

 (4)


which is the solution of[image: $$\begin{aligned} \max _{v \in \mathbb {R}^{\mu n}} \; \langle \nabla HV(\textbf{X}_0),v\rangle \ \ \text{ s.t. } \; \Vert v\Vert _2^2 = 1. \end{aligned}$$]

 (5)


Before establishing a gradient-free formulation, we must first elucidate how hypervolume gradients aid in computing [image: $$v^*$$] from limited neighborhood information. In addition to hypervolume gradients, assume we are given r points [image: $$\textbf{X}_1,\ldots ,\textbf{X}_r\in \mathbb {R}^{\mu n}$$] in the neighborhood of [image: $$\textbf{X}_0$$] (from historical populations), we can compute a best-fit approximation [image: $$v^*_S$$] of [image: $$v^*$$] within the r-dimensional subspace [image: $$S := span (v_1,\ldots , v_r)$$], where[image: $$\begin{aligned} v_i := \frac{\textbf{X}_i - \textbf{X}_0}{\Vert \textbf{X}_i - \textbf{X}_0\Vert _2},\quad i=1,\ldots , r. \end{aligned}$$]

 (6)


Then, for every [image: $$v\in S \subset \mathbb {R}^{\mu n}$$] there exists a [image: $$\lambda \in \mathbb {R}^r$$] such that [image: $$v = V\lambda $$], where[image: $$\begin{aligned} V = (v_1,\ldots ,v_r)\in \mathbb {R}^{\mu n \times r}. \end{aligned}$$]

 (7)


Restricting problem (5) to S (since we will only have access to the neighborhood information in Sect. 2.2), it can be expressed as[image: $$\begin{aligned} \max _{\lambda \in \mathbb {R}^{r}} \; \langle \nabla HV(\textbf{X}_0), \sum _{i=1}^r \lambda _i v_i\rangle \ \ \text{ s.t. } \; \Vert \sum _{i=1}^r \lambda _i v_i\Vert _2^2 = 1. \end{aligned}$$]

 (8)


Problem (8) can be solved in two steps: (i) computing the weight vector [image: $$\lambda $$] via solving the following normal equation system[image: $$\begin{aligned} V^T V \lambda = V^T\nabla HV(\textbf{X}_0), \end{aligned}$$]

 (9)


and (ii) arriving at the approximate search direction [image: $$v^*_S$$]. A more detailed proof is supplied in [16], in which Schütze et al. considered the Karush-Kuhn-Tucker system of (8) and derived the normalized search direction as[image: $$\begin{aligned} v^*_S = \frac{V\lambda ^*}{\Vert V\lambda ^*\Vert _2}, \end{aligned}$$]

 (10)


where [image: $$\lambda ^*$$] is the solution of (9).

2.2 Gradient-Free Realization
We now develop a gradient-free approach. Suppose in addition to [image: $$\textbf{X}_1,\ldots ,\textbf{X}_r\in \mathbb {R}^{\mu n}$$] in the neighborhood of [image: $$\textbf{X}_0$$], we are further supplied with their hypervolume values [image: $$HV(\textbf{X}_0)$$] and [image: $$HV(\textbf{X}_i)$$], [image: $$i=1,\ldots ,r$$], we turn to the right hand side of (9) and note its i-th component[image: $$\begin{aligned} (V^T\nabla HV(\textbf{X}_0))_i = \nabla HV(\textbf{X}_0)^Tv_i = \frac{HV(\textbf{X}_i)-HV(\textbf{X}_0)}{\Vert \textbf{X}_i - \textbf{X}_0\Vert _2} + O(\Vert \textbf{X}_i - \textbf{X}_0\Vert _2), \end{aligned}$$]

 (11)


which follows from Taylor approximation. Hence, using[image: $$\begin{aligned} d_i := \frac{HV(\textbf{X}_i)-HV(\textbf{X}_0)}{\Vert \textbf{X}_i - \textbf{X}_0\Vert _2},\quad i=1,\ldots , r, \end{aligned}$$]

 (12)


and [image: $$d = (d_1, \ldots , d_r)^T \in \mathbb {R}^r$$], we can, instead of (9), solve the system[image: $$\begin{aligned} V^T V \lambda = d, \end{aligned}$$]

 (13)


which is entirely accessible from the given neighborhood information. In particular, by solving (13) and (10), we may obtain [image: $$\lambda ^{GSA} \in \mathbb {R}^r$$] and [image: $$v^{GSA} \in \mathbb {R}^{\mu n}$$], respectively, without any gradient information.

2.3 Gradient Ascent
Using the approximated search direction above, an iteration of HVGSA behaves as follows: given the current iterate [image: $$\tilde{\textbf{X}}_j$$] where the subscript j in this case indicates the iteration count, the search direction [image: $$v_j^{GSA}$$] obtained via (13) and (10) in this iteration is used to perform the gradient ascent algorithm:[image: $$\begin{aligned} \tilde{\textbf{X}}_{j+1} = \tilde{\textbf{X}}_j + \eta v_j^{GSA}, \end{aligned}$$]

 (14)


where [image: $$\eta &gt; 0$$] is the step size.
Recall that [image: $$\tilde{\textbf{X}}_j \in \mathbb {R}^{\mu n}$$] is a vector representation of the actual population [image: $$X_j \subset \mathbb {R}^{n}$$]. We could similarly partition [image: $$v_j^{GSA}$$] into [image: $$\mu $$] elements of n-dimensional vectors, i.e. [image: $$v_j^{GSA} = (\nu _j^{(1)},\ldots ,\nu _j^{(\mu )})$$], and update [image: $$X_j$$] individual-wise. This yields:[image: $$\begin{aligned} x_{j+1}^{(i)} = x_{j}^{(i)} + \eta \nu _{j}^{(i)},\quad i=1,\ldots ,\mu . \end{aligned}$$]

 (15)





2.4 Examples
We illustrate the effect of HVGSA (14) on two examples. First, we consider HVGSA as a standalone algorithm. The problem CONV2 given by [image: $$F: Q\rightarrow \mathbb {R}^2$$][image: $$\begin{aligned} F(x) = \begin{pmatrix} x_1^2 + x_2^2\\ (x_1 - 10)^2 + x_2^2 \end{pmatrix}, \end{aligned}$$]

 (16)


where [image: $$Q=[0,10]\times [-5, 5]$$] has as Pareto set the line segment connecting [image: $$(0,0)^T$$] and [image: $$(10,0)^T$$]. We set [image: $$\mu = 5$$] and select the initial population (point) [image: $$\tilde{\textbf{X}}_0 = \textbf{X}_0 = \{a_0^{(1)},\ldots , a_0^{(5)}\}$$] randomly within Q. The dimension of (3) is hence [image: $$\mu n = 2\cdot 5 = 10$$].
As a standalone algorithm, we compute artificial neighborhood information [image: $$\textbf{X}_1,\ldots , \textbf{X}_r$$] by sampling [image: $$x_i^{(j)}$$] in the vicinity of [image: $$x_0^{(j)}$$], [image: $$i=1,\ldots , r$$], [image: $$j=1,\ldots , \mu $$]. Then, from (14) we compute the next population [image: $$\tilde{\textbf{X}}_1$$] with a small step size [image: $$\eta $$]. We repeat this process until the difference of the norm of two consecutive populations goes below a predefined threshold.[image: ]
Fig. 1.Application of HVGSA on CONV2 using two initial populations. Above: [image: $$\textbf{X}_0$$] is “far” from the Pareto set. Below: [image: $$\textbf{X}_0$$] is already “close” to the Pareto set.



Figure 1 shows a numerical result of HVGSA on two such trajectories using [image: $$r=5$$]. In both cases, the populations move toward the optimal 5-element HV approximation set for this problem (using the reference point [image: $$R=(101, 101)^T$$]). Through sampling, each iteration costs r HV evaluations and [image: $$r \mu n$$] function evaluations. This could be significantly improved by utilizing information previously computed within an MOEA, as shown in the next example.
Consider the test problem ZDT2 using [image: $$n=30$$] decision variables. As a starting point we use the 50-th population of SMS-EMOA from an arbitrary run. With a population size of [image: $$\mu = 100$$], the dimension of (3) is hence [image: $$\mu n = 3000$$]. First, we apply (14) using the 50-th population ([image: $$\tilde{\textbf{X}}_{50} = \textbf{X}_0$$], recall that the subscript for [image: $$\tilde{\textbf{X}}$$] represents the iteration count) together with the previous [image: $$r=10$$] populations ([image: $$\tilde{\textbf{X}}_{49} = \textbf{X}_1,\ldots ,\tilde{\textbf{X}}_{40} = \textbf{X}_{10}$$]). Using (14) and the fixed step size [image: $$\eta = 0.05$$], we may compute [image: $$\tilde{\textbf{X}}_{51}$$]. Furthermore, the generated set is again stored as neighborhood information, and therefore we can use [image: $$\tilde{\textbf{X}}_{51} = \textbf{X}_0, \tilde{\textbf{X}}_{50} = \textbf{X}_1,\ldots ,\tilde{\textbf{X}}_{41} = \textbf{X}_{10}$$] and again compute a new population using this setting.
Figure 2 shows the results for this approach after 10 and 30 iterations. Due to internal storage of the function values and the hypervolume values, these results come with a cost of 10 and 30 HV evaluations, and no additional function evaluations apart from the newly generated set are required. Had the HV gradients been approximated using the forward difference quotient, each step would have required 3,000 HV evaluations, leading to 30,000 and 90,000 HV evaluations with the same number of steps. While the use of actual gradients leads to (slightly) better results, it comes with an impractical amount of computational cost.[image: ]
Fig. 2.Application of the HVGSA approach on a population obtained by SMS-EMOA on the problem ZDT2. Shown are the results after 10 and 30 iterations using the fixed step size [image: $$\eta = 0.05$$].





3 HVGSA-EMOA
Efficient as it may be, HVGSA on its own lacks the ability to escape local extrema and to precisely locate ideal solutions. As a result, its performance on benchmark problems is incomparable to the widely-used MOEAs. To address these issues, we propose HVGSA-EMOA. We outline its three components: 	1.
Team selection: a subset of elite individuals is selected from the population based on their hypervolume contributions. This ensures the search only focuses on the most promising solutions.

 

	2.
HVGSA employment: the selected team undergoes HVGSA, where we gather neighborhood information from an external archive, and through a combinatorial trick we take advantage of limited neighborhood information.

 

	3.
Environmental selection: A reduction algorithm is applied to the generated solutions from both the HVGSA and the evolutionary steps.

 




[image: ]


3.1 Team Selection
In Sect. 2.4, when we considered the test problem ZDT2 with [image: $$n=30$$], [image: $$\mu = 100$$] and [image: $$r=10$$], the search dimension of (3) reaches a staggering 3000. Now consider the linear system (13), we know from (7) that the dimension of V in this case is [image: $$3000 \times 10$$]. Two concerns are immediate: i) approximating the best direction in a 3000-dimensional space with a 10-dimensional subspace can be a drastic undershot, and ii) the matrix multiplication [image: $$V^T V$$] can be very inefficient due to the large size of the search dimension.
We resolve these two concerns by selecting a team that is smaller than the entire population. In this paper, this team size is capped at [image: $$\texttt {teamCap} = 5$$]. The resulting search dimension of ZDT2 is now 150 or below.
Following the idea proposed in [11] where elite solutions are selected for the local search step, we derive an elitist criterion for the nondominated front. We assign a probability [image: $$p_{\text {team}}$$] to each individual within the population P:[image: $$\begin{aligned} p_{\text {team}}(x_i) = \left\{ \begin{array}{cl} 0 &amp;  \text {if}\; x_i \in P_{\text {dominated}}\\ \frac{\exp ({-\lambda \cdot \text {rank}(x_i)})}{|P_{\text {nondom}}|} &amp; \text {if}\; x_i\in P_{\text {nondom}}\end{array}\right. , \quad i=1,\ldots , \mu , \end{aligned}$$]

 (17)


where [image: $$p_{\text {team}}$$] is the probability of [image: $$x_i$$] to be chosen as a search team member. If [image: $$x_i \in P_{\text {dominated}}$$], then it should not be considered an elite individual fit for local search. If, on the other hand, [image: $$x_i \in P_{\text {nondom}}$$], then it should be assigned a nonzero probability following a discretized exponential distribution based on its hypervolume contribution ranking [image: $$\texttt {rank}(x_i)$$]. In our algorithm, [image: $$\lambda = 1$$], and the denominator [image: $$|P_{\text {nondom}}|$$] is used as a normalization constant. With each solution selection, the probability distribution is renormalized. The most likely configuration is naturally the search team composed of the [image: $$\texttt {teamCap} = 5$$] individuals with the highest hypervolume contribution.
Notice that the size of the search team can be less than [image: $$\texttt {teamCap}$$] if the nondominated front doesn’t have enough solutions to fill the search team.
Let us summarize the team selection step: 	1.
Team size limitation: computational efficiency is improved with smaller teams, facilitating rapid HVGSA computations.

 

	2.
Elite team composition: top hypervolume contributors within the nondominated front are selected for local search, enhancing search effectiveness.

 






3.2 HVGSA Employment
With an elite team, our search space shrinks significantly: [image: $$\mu _{\text {team}} n \ll \mu _{P} n$$]. We now revise how neighborhood information is obtained. Previously, we used r closest populations. A better method is to use an archive that stores all the solutions that cost function evaluations (this includes the initial population, the solutions generated from HVGSA, and the offsprings in the evolutionary step).
For pragmatic reasons, we bound our archive with at most Mn solutions, where M is the dimension of the objective space. When this limit is reached, new solutions replaces old solutions as such: 	1.
If the new solution dominates any old solution, the old solution is discarded and the new solution is stored.

 

	2.
Otherwise, the new solution(s) is temporarily stored. At the end of one Store() call, we compute the pairwise distance of all points in the archive. We truncate points with the smallest distances to their nearest neighbors.

 





Recall that we reduced the search dimension of ZDT2 from 3000 to 150 in Sect. 3.1. Even so, a 10-dimensional subspace remains insufficient for estimating hypervolume gradients. Referring to the search team as [image: $$\textbf{X}_0$$] and its i-th member as [image: $$\text {team}_i, i=1, \ldots , \texttt {teamCap}$$], we introduce two parameters: 	1.
[image: $$k = 10$$] (k-nearest neighbors): we find the k closest points [image: $$\text {team}_i^{(j)}, j=1 \ldots , k$$], in the archive for each member of the search team. If we have a team size of 5, this gives us a maximum of 50 individuals selected within the archive. These neighbors appear as non-red filled circles in Fig. 3. k should not be too large, for then nearness and estimation precision is not guaranteed.

 

	2.
[image: $$r = 50$$] (permutation selection): instead of simply taking all the closest neighbors to each team member ([image: $$\textbf{X}_1 := (\text {team}_1^{(1)}, \ldots , \text {team}_5^{(1)} )^T$$]) as a neighbor of [image: $$\textbf{X}_0$$], all the second-closest neighbors to each team member ([image: $$\textbf{X}_2 := (\text {team}_1^{(2)}, \ldots , \text {team}_5^{(2)} )^T$$]) as the next neighbor, etc. We can choose any permutation of those k neighbors. There are [image: $$\mu _{\text {team}}^k$$] such choices, and [image: $$r = 50$$] of them are selected for HVGSA. In Fig. 3, the left image shows a permutation (blue filled circles) where the neighbor is [image: $$(\text {team}_1^{(1)}, \ldots , \text {team}_5^{(1)} )^T$$]. On the right, only one individual is changed ([image: $$\text {team}_2^{(2)}$$]), but the resulting vector points in a different direction in the search space of (3).

 




[image: ]
Fig. 3.Illustration of 10-NN on 5 individuals within a 2-dimensional decision space. Left: selecting the indices [1, 1, 1, 1, 1] in terms of closeness as the neighbor. Right: selecting the indices [1, 2, 1, 1, 1].



Going back to the ZDT2 example, we now have a 50-dimensional subspace within an 150-dimensional search space. This gives a higher confidence of the gradient approximation. With such a local search algorithm, we next consider its share of resource with respect to the evolutionary steps [8, 11]. Two design problems are to be addressed: i) the frequency of the local search step, and ii) the choice between a small or large step size.
An ablation study is performed and an optimal configuration is found to invoke 1 HVGSA step every [image: $$\texttt {rest} = 10$$] evolutionary steps, together with the usage of a large learning step [image: $$\eta = 50$$]. The reasons are twofold: 	1.
Every HVGSA step updates at most [image: $$\texttt {teamCap} = 5$$] individuals at once. That is, only 5 function evaluations are required every 10 iterations. When [image: $$\mu = 100$$] and [image: $$FE = 10000$$], 100 evolutionary steps will be performed, which invokes 10 HVGSA steps and a total of 50 extra function evaluations.

 

	2.
We justify the large step size ([image: $$\eta = 50$$]) with the following considerations: i) in the early stages of MOEAs, it can rapidly drive the search team toward the Pareto front, significantly improving convergence (as demonstrated in Sect. 4), and ii) in the worst-case scenario, 50 wasted function evaluations are unlikely to significantly harm the performance of the underlying EMOA.

 






3.3 Environmental Selection
The underlying EMOA, then, is of crucial importance since it directly determines the performance of HVGSA-EMOA. We choose SMS-EMOA because of its strong performance, alignment with the usage of hypervolume, and its steady-state property.
MOEAs possess a steady-state property when they generate and evaluate one offspring at a time. This guarantees non-decreasing quality of solution. In SMS-EMOA, this offspring is compared to the existing population based on its hypervolume contribution. The individual with the least hypervolume contribution is then discarded by calling Reduce() (see Algorithm 2). It sorts the augmented population into nondominated fronts, and eliminates the individual with the least exclusive hypervolume contribution in the last front.
This ensures improvement in the overall hypervolume. Therefore, we apply the Reduce() function to each member of the search team after the HVGSA step as well. This corresponds to line 9–11 in Algorithm 1. Since the team is smaller than the needed population, we populate the next generation with SMS-EMOA’s steady-state offspring generation (line 12-16 of Algorithm 1).[image: ]


Here, [image: $$\varDelta _\mathscr {S} (s, \text {Front}_v) := HV(\text {Front}_v) - HV(\text {Front}_v$$] [image: $$\backslash $$] [image: $$\{s\})$$].
*We observed an unexpected increase in performance on certain problems due to an implementation issue where solutions in the search team undergo Reduce() despite the HVGSA step not being invoked. This results an initial duplication of nondominated solutions with high hypervolume contributions (otherwise it couldn’t be selected for HVGSA). In PlatEMO, repeated solutions both have zero hypervolume contribution and will be subsequently eliminated during the next environmental selection if no dominated solutions exist. We have decided to keep this design as the added selection pressure makes convergence faster.


4 Experimental Results
Complete results are displayed as supplementary materials at our GitHub page. We evaluated HVGSA-EMOA on established test problems and compared it against widely-used MOEAs using the average hypervolume as well as average hypervolume progression across 50 runs. Specifically, our methodology involves a population size of 100, 10000 function evaluations per run, and data aggregation across 50 independent runs with the hypervolume progression metrics captured at 20 evenly-spaced intervals across the 10000 function evaluations.
We implemented HVGSA-EMOA on the PlatEMO platform [18] and benchmarked it against established algorithms (NSGA-II, NSGA-III, SMS-EMOA, MOEA/D, SPEA2) available within PlatEMO. In all experiments, MOEA/D uses the Tchebycheff decomposition method. We replaced the original hypervolume calculation with the WFG algorithm [21] from the STK toolbox for enhanced contribution calculations and addressed a minor boundary solution bias in the reference point calculation. We used the hypervolume metric for performance evaluation due to its effectiveness in quantifying solution quality.
4.1 2D Problems
For 2D problems, we tested our algorithm on the ZDT test suite, which was first introduced in [24]. HVGSA-EMOA demonstrated superior hypervolume convergence on all ZDT problems (excluding ZDT4) and achieved the highest average hypervolume on ZDT4 despite the initial slow convergence (Table 1, Fig. 4). A large step size caused the HVGSA step to drastically improve our algorithm’s performance in the early stages of the problem.[image: ]
Fig. 4.Hypervolume convergence plot (averaged over 50 runs) against function evaluations for the ZDT test suite.


Table 1.Average hypervolume aggregated over 50 runs on 2D test suites (parenthesis: standard deviation; highlight: best).


	Problem
	M
	D
	NSGA-II
	MOEA/D
	SPEA2
	SMS-EMOA
	HVGSA-EMOA

	ZDT1
	2
	30
	8.5413e−1 (3.54e−3) -
	8.3604e−1 (1.38e−2) -
	8.4991e−1 (4.61e−3) -
	8.6440e−1 (2.30e−3) -
	8.7176e−1 (8.94e−4)

	ZDT2
	2
	30
	5.0740e−1 (3.03e−2) -
	4.6550e−1 (7.40e−2) -
	4.8923e−1 (6.02e−2) -
	4.7942e−1 (7.21e−2) -
	5.3836e−1 (1.16e−3)

	ZDT3
	2
	30
	7.0851e−1 (6.63e−3) -
	6.8321e−1 (2.07e−2) -
	7.0463e−1 (6.96e−3) -
	7.1628e−1 (8.09e−3) -
	7.2276e−1 (7.90e−3)

	ZDT4
	2
	10
	6.3339e−1 (1.59e−1) =
	6.4461e−1 (9.88e−2) =
	5.8441e−1 (1.86e−1) -
	4.6501e−1 (2.15e−1) -
	6.5725e−1 (1.57e−1)

	ZDT4C
	2
	10
	3.3407e−1 (2.23e−1) -
	2.1720e−2 (7.93e−2) -
	2.9770e−1 (2.12e−1) -
	2.9267e−1 (2.03e−1) -
	4.9145e−1 (3.40e−1)

	ZDT6
	2
	10
	4.9964e−1 (5.78e−2) -
	5.8577e−1 (7.04e−3) -
	4.8347e−1 (5.33e−2) -
	5.0550e−1 (4.29e−2) -
	6.1144e−1 (2.99e−5)

	+/-/=
	 	 	0/5/1
	0/5/1
	0/6/0
	0/6/0
	 




We analyzed ZDT4’s unique challenges and proposed a simplified problem, ZDT4C. In the original ZDT4 problem, the variable bounds are [image: $$x_1 \in [0,1]$$], [image: $$x_i \in [-5,5], i=2, \ldots , n=30$$]. ZDT4C solves a smaller problem where the variables are bounded in the unit hypercube, i.e. [image: $$x_i \in [0,1], i=1, \ldots , n=30$$]. It is surprising to see that conventional MOEAs struggle to solve the simplified ZDT4C, yet performs quite well on the ZDT4 problem. This is due to the way polynomial mutation is implemented. Described in the appendix of [4], the polynomial mutation dynamically scales its search power based on the size of the search space. Simulated binary crossover (SBX), introduced in [3], exhibits a similar scaling behavior. Both operators, adapted from their binary counterparts, try to impose a probabilistic search behavior based on the available search space. Inspired by this observation, we implemented the rest parameter (explained at the end of Sect. 3.2) to strategically allocate more resource toward evolving around local regions following a gradient-based directional boost. On multimodal problems, gradient steps often become ineffective, leading to search stagnation in local extrema. This necessitates a greater reliance on evolutionary mechanisms.

4.2 3D Problems
We evaluated our algorithm on 3D problems using the DTLZ, IDTLZ, and WFG test suites [2, 9, 12]. In higher-dimensional spaces, the elitist property of our algorithm becomes less significant due to the increasing prevalence of nondominated solutions. Additionally, our fixed step size ([image: $$\eta = 50$$]) likely reduced optimal convergence in this context. Consequently, the striking performance gains observed with ZDT problems were less frequent. Still, our algorithm reached the best result at the end of 10000 function evaluations in 12 (out of 17) problems. These findings suggest the potential benefits of an adaptive step-size implementation and a more robust dominance strategy.Table 2.Average hypervolume aggregated over 50 runs on 3D test problems (parenthesis: standard deviation; highlight: best).


	Problem
	M
	D
	NSGA-III
	MOEA/D
	SPEA2
	SMS-EMOA
	HVGSA-EMOA

	DTLZ1
	3
	7
	6.8257e−1 (4.19e−1) =
	7.1124e−1 (4.02e−1) =
	6.5528e−1 (4.47e−1) =
	6.4943e−1 (4.49e−1) =
	6.5869e−1 (4.56e−1)

	DTLZ2
	3
	12
	7.3996e−1 (9.29e−4) -
	7.0500e−1 (2.28e−3) -
	7.3292e−1 (2.20e−3) -
	7.5473e−1 (1.14e−4) =
	7.5474e−1 (1.41e−4)

	DTLZ4
	3
	12
	6.4601e−1 (1.64e−1) -
	4.3733e−1 (2.27e−1) -
	5.8635e−1 (1.77e−1) -
	5.9196e−1 (1.77e−1) -
	7.5468e−1 (1.59e−4)

	DTLZ5
	3
	12
	2.5744e−1 (1.42e−3) -
	2.5928e−1 (1.44e−4) -
	2.6387e−1 (4.44e−4) -
	2.6651e−1 (2.64e−5) =
	2.6652e−1 (2.69e−5)

	DTLZ6
	3
	12
	2.4957e−1 (3.61e−2) -
	2.5857e−1 (8.85e−3) -
	2.6055e−1 (3.76e−2) -
	2.6658e−1 (8.05e−5) -
	2.6660e−1 (9.89e−6)

	DTLZ7
	3
	22
	4.8990e−1 (1.92e−2) -
	4.5235e−1 (1.10e−2) -
	5.2100e−1 (7.99e−3) -
	5.5082e−1 (4.42e−2) -
	5.7125e−1 (1.96e−2)

	IDTLZ1
	3
	7
	1.0054e−1 (9.70e−2) =
	1.5104e−1 (8.97e−2) =
	1.4528e−1 (1.12e−1) =
	1.2318e−1 (1.13e−1) =
	1.3235e−1 (1.16e−1)

	IDTLZ2
	3
	12
	6.8599e−1 (4.10e−3) -
	6.8611e−1 (1.03e−3) -
	6.9895e−1 (2.08e−3) -
	7.1662e−1 (1.72e−3) +
	7.1493e−1 (3.00e−3)

	WFG1
	3
	12
	8.6217e−1 (4.90e−2) -
	1.0242e+0 (6.82e−2) =
	9.2936e−1 (6.99e−2) -
	1.0299e+0 (3.40e−2) =
	1.0354e+0 (4.76e−2)

	WFG2
	3
	12
	1.2140e+0 (6.22e−3) -
	1.1428e+0 (3.24e−2) -
	1.2107e+0 (2.89e−2) -
	1.2417e+0 (1.99e−2) =
	1.2437e+0 (4.02e−3)

	WFG3
	3
	12
	4.7365e−1 (1.09e−2) -
	4.7338e−1 (2.10e−2) -
	4.8239e−1 (9.67e−3) -
	5.3072e−1 (6.45e−3) =
	5.3010e−1 (5.91e−3)

	WFG4
	3
	12
	7.0645e−1 (4.75e−3) -
	6.7092e−1 (6.17e−3) -
	6.9563e−1 (5.19e−3) -
	7.4539e−1 (1.92e−3) =
	7.4516e−1 (1.69e−3)

	WFG5
	3
	12
	6.7248e−1 (4.89e−3) -
	6.1147e−1 (5.37e−3) -
	6.6364e−1 (6.10e−3) -
	6.9648e−1 (4.28e−3) -
	6.9780e−1 (3.49e−3)

	WFG6
	3
	12
	6.3361e−1 (1.78e−2) -
	5.9302e−1 (3.12e−2) -
	6.3351e−1 (1.97e−2) -
	6.7112e−1 (1.74e−2) =
	6.7504e−1 (2.03e−2)

	WFG7
	3
	12
	7.1051e−1 (3.67e−3) -
	6.7461e−1 (7.43e−3) -
	7.0756e−1 (4.04e−3) -
	7.5404e−1 (7.91e−4) =
	7.5413e−1 (6.10e−4)

	WFG8
	3
	12
	5.8913e−1 (5.21e−3) -
	5.6240e−1 (1.25e−2) -
	5.8674e−1 (5.14e−3) -
	6.3020e−1 (3.58e−3) =
	6.3160e−1 (3.16e−3)

	WFG9
	3
	12
	6.7323e−1 (1.00e−2) -
	6.1065e−1 (4.23e−2) -
	6.6516e−1 (9.06e−3) -
	7.2037e−1 (4.17e−3) -
	7.2101e−1 (1.96e−2)

	+//=
	 	 	0/15/2
	0/14/3
	0/15/2
	1/5/11
	 




[image: ]
Fig. 5.Selected hypervolume convergence plot (averaged over 50 runs) against function evaluations for 3D problems. Above: HVGSA performs well on those problems. Below: HVGSA performs poorly on those problems, but still manages to increase the performance of SMS-EMOA.



In Fig. 5, we have selected some distinct problems (see Table 2) where HVGSA-EMOA performs better (top row) and performs on par (bottom row) with the other algorithms. A discernible pattern of problems that HVGSA-EMOA performs well on is not immediately clear, but in future work we will continue to monitor and improve the performance of our algorithm on higher-dimensional problems.


5 Conclusions and Future Work
In this work, we have proposed HVSGA, a set-based method to estimate hypervolume gradients without using additional function evaluations or Jacobian information. We have further combined HVGSA with SMS-EMOA to form HVGSA-EMOA, and observed a significant improvement in the convergence rate on benchmarked two- and three-objective problems. In particular, when computing hypervolume gradients, HVGSA uses almost no extra function evaluations, whereas a forward difference method would require an impractical amount. Based on these observations, we are thrilled about HVGSA’s potential and are actively working on constraint handling and on generalizing HVGSA-EMOA to many-objective problems.
Our source code of HVGSA-EMOA as well as supplementary materials are available at: https://​github.​com/​HisaoLabSUSTC/​HVGSA-PPSN2024.
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Abstract
Hypervolume subset selection (HSS) plays an important role in various aspects of the field of evolutionary multi-objective optimization, such as environmental selection and post-processing for decision-making. The goal of these problems is to find the optimal subset that maximizes the hypervolume from a given candidate solution set. Many methods have been developed to solve or approximately solve different types of HSS problems. However, existing approaches cannot effectively solve HSS problems with a large number of objectives within a short computation time. This drawback directly limits their applicability as a component for developing new EMO algorithms. In this paper, we propose a novel learning-to-rank based framework, named LTR-HSS, for solving the challenging HSS problems with a large number of objectives. The experimental results show that, compared to other state-of-the-art HSS methods, our proposed LTR-HSS requires a shorter computation time to solve HSS problems with large numbers of objectives while achieving superior or competitive hypervolume performance. This demonstrates the potential of our method to be integrated into algorithms for many-objective optimization.
Keywords
Hypervolume subset selectionMulti-objective optimizationMachine learning
1 Introduction
Recently, subset selection has received considerable attention from the evolutionary multi-objective optimization (EMO) [8] community. From the perspective of the optimization mechanism, subset selection is intrinsically involved in different stages of the entire EMO process. For example, the initial population can be considered as selecting a subset from the decision space with a specific population size. During the evolutionary stages, the environmental selection is always performed, which aims to select a good subset from the parent and offspring solutions as the next generation [3, 27]. In an EMO algorithm with an external archive, subset selection is an essential post-processing procedure to select a pre-specified number of representative solutions for the decision-makers [14, 30].
Different criteria can be used for subset selection, including IGD [9], IGD+ [15], hypervolume (HV) [34] and R2 [13]. Among these criteria, subset selection based on hypervolume has been extensively investigated due to the widespread use of HV as a performance indicator in multi-objective optimization. Hypervolume subset selection (HSS) [1] aims to select the optimal solution subset from the candidate solution set that has the best hypervolume value within a given cardinality limit. Mathematically, for a given candidate solution set S, an HSS problem with the k cardinality limit aims to find the optimal subset [image: $$S^{*}_{sub}$$] that satisfies:[image: $$\begin{aligned} S^{*}_{sub} = \mathop {\arg \max }\limits _{S_{sub}\in S, |S_{sub}|=k}HV(S_{sub}) \end{aligned}$$]

 (1)


It is usually very challenging to find the exact optimal solution to HSS problems, especially when the number of objectives of the candidate solutions is large. Actually, an HSS problem is NP-hard when the number of objectives exceeds two [1]. Some heuristic and handcrafted methods [7, 18, 22] have been proposed to search for the near-optimal solutions to the HSS problems with large numbers of objectives. However, they usually require an excessively long computation time due to the expensive hypervolume contribution calculation (HVC) in high-dimensional spaces. For example, solving a 10-objective HSS problem using the currently most efficient greedy HSS algorithm [7] can take hundreds or thousands of seconds in computation time. This limitation directly makes their application in many-objective optimization impractical, such as integrated as a component to develop new EMO algorithms [18, 27]. Therefore, there is currently a growing need to develop efficient methods for solving HSS in high-dimensional spaces while maintaining high performance.
However, the design of new powerful algorithms for HSS requires extensive domain knowledge by experts, such as a deep understanding of the properties of hypervolume [28]. In recent years, machine learning methods have shown remarkable success in solving problems in the field of multi-objective optimization [23, 32, 33]. Using machine learning methods provides the advantage of avoiding the need for intricate heuristic algorithm design, while also facilitating efficient end-to-end output through a trained model.
In this paper, we propose to develop a machine learning-based method for efficiently solving high-dimensional HSS problems, which is referred to as Learning-to-Rank HSS (LTR-HSS) framework. More specifically, the original HSS problem is formulated as a sequential decision-making problem. We address the solution selection by ranking the remaining candidate solutions where a utility function is learned for ranking. A novel loss function is intricately designed by fully considering the interrelationship between the already selected solutions and each remaining candidate during the ranking process. To evaluate the effectiveness of our proposed LTR-HSS framework, we conduct extensive experiments on high-dimensional HSS problems with different shapes of candidate solution sets. The experimental results show that the proposed LTR-HSS significantly outperforms the state-of-the-art HSS algorithms in terms of efficiency (i.e., shorter running time) while achieving competitive hypervolume performance. In addition, we demonstrate the good generalization ability of our proposed framework in solving different scales of HSS problems.
The rest of the paper is organized as follows: In Sect. 2, we review existing hypervolume subset selection work based on different types of methods. Section 3 elaborates on the detailed introduction of the proposed LTR-HSS framework. The experimental studies are shown in Sect. 4. Finally, in Sect. 5, the conclusion is given.

2 Related Work
Currently, there exist the following methods for solving HSS problems:
Exact Algorithms: One type of method for HSS involves the design of exact algorithms to find the optimal subset. In early studies [4, 5, 20], exact algorithms were designed for two-objective problems. Then, those algorithms were extended to multi-objective problems with three or more objectives [10, 11]. Since the search for the optimal subset is time-consuming, exact algorithms are applicable only for two-objective problems or small candidate sets of multi-objective problems with three or more objectives. These exact algorithms cannot solve HSS problems with a large number of objectives, which is the focus of our research in this paper. Actually, there is no existing method that can exactly search for optimal solutions to HSS problems in high-dimensional objective spaces.
Greedy Algorithms. Another type of HSS method is to greedily search for a good (i.e., near-optimal) subset of the HSS problem. In [12], an efficient greedy algorithm for two-objective problems was proposed. In [17], a simple greedy inclusion algorithm was used for multi- and many-objective problems. Currently, the efficiency of those greedy algorithms has been improved by using two ideas. One idea [7] is to avoid unnecessary calculations of hypervolume contributions. The other idea [28] is to decrease the computation time for hypervolume contribution calculations using an approximate calculation method [25]. Greedy algorithms clearly decrease the computation time for HSS. However, the quality of obtained subsets is not always very good.
Local search Methods. Local search-based methods have also been used for solving HSS problems. The basic idea is to iteratively update the selected subset by replacing the inferior solution within the subset with the solution with a higher HVC from a candidate set [2]. Recently, some advanced methods [21, 22] have been proposed to improve the efficiency of basic local search methods for HSS. The local search-based methods ensure that the HV of the selected subset does not decrease as the iterations progress. However, their efficiency can heavily depend on the distribution of solutions in the candidate solution set. It is not unusual that a long computation time is still required to achieve a good subset when solving HSS problems with a large number of objectives.
Evolutionary Methods. Recently, some researchers have tried to use evolutionary algorithms to solve HSS problems [25, 26]. Their basic idea is to formulate the original subset selection problems as a two-objective optimization problem, where the first objective is the original optimization objective (i.e., Eq. (1)) and the second objective is the cardinality (i.e., the number of solutions in the selection subset) [16]. Although these algorithms can achieve a theoretically guaranteed approximation performance (e.g., [image: $$1-1/e$$] approximation), they still have difficulties in solving HSS problems with a large number of objectives within a short computation time to be seamlessly integrated into EMO algorithms.

3 Proposed Framework
In this section, we introduce our proposed framework LTR-HSS. Our idea is to formulate the original HSS problem in (1) as a sequential decision-making problem. Then, at each decision iteration, we select the solution among the remaining candidate set that has the largest utility relative to the previously selected solution set. To accomplish our LTR-HSS framework, the most challenging problem is to learn a model for solution utility calculation, where the definition of the utility function and loss function are required.
3.1 Definition of Utility Function
As we have explained, during the sequential solution selection process, the solutions are ranked according to their utility and the one with the largest utility value is selected to add the subset. Considering that the hypervolume measures both the convergence and diversity of a solution set simultaneously, the utility function should depend on the convergence features and diversity features of a solution. Thus, in this paper, we propose to define the utility function U of a solution [image: $$x_i$$] as follows:[image: $$\begin{aligned} U(x_i, S) = \boldsymbol{w_c}^T\boldsymbol{F_c}(x_i)+ \boldsymbol{w_d}^T\boldsymbol{F_d}(x_i, S), \forall x_i\in Z/S \end{aligned}$$]

 (2)


where Z is the candidate set and S is the previously selected solution set; [image: $$\boldsymbol{F_c}$$] and [image: $$\boldsymbol{F_d}$$] denote the convergence feature and diversity feature of solution [image: $$x_i$$]; [image: $$\boldsymbol{w_c}$$] and [image: $$\boldsymbol{w_d}$$] are the learnable parameters. Actually, any definition of the utility function and the corresponding learnable model can be applied to our proposed framework. For example, we can use neural networks to model the utility function as [image: $$U(x_i, S) = \boldsymbol{w}_{\Theta _c}^T\boldsymbol{F_c}(x_i)\odot \boldsymbol{w}_{\Theta _d}^T\boldsymbol{F_d}(x_i, S), \forall x_i\in Z/S$$], where [image: $$\odot $$] can be any specific mathematical operator.
The next step is to define the convergence feature vector [image: $$\boldsymbol{F_c}$$] and the diversity feature vector [image: $$\boldsymbol{F_d}$$]. Intuitively, the convergence of a solution depends on each of its objective values (i.e., its location in the objective space), while its diversity is influenced by its diversity relationship (treated as distance relation) with the previously selected subset. Thus, we propose to define the convergence feature vector and the diversity feature vector in the following ways.
The convergence feature vector of a solution [image: $$x_i$$] is calculated as a [image: $$R^{M+1}$$] vector:[image: $$\begin{aligned} \boldsymbol{F_c}(x_i) = [x_i^1-r^1,x_i^2-r^2,...,x_i^M-r^M,v_i]^\top \end{aligned}$$]

 (3)


where [image: $$v_i$$] is the individual hypervolume of solution [image: $$x_i$$], [image: $$r=[r^1,r^2,...,r^M]$$] is the reference point, and [image: $$x_i^j$$] denotes the [image: $$j\text {-}th$$] objective value of solution [image: $$x_i$$].
The diversity feature vector of a solution [image: $$x_i$$] is calculated as a 6-dimensional vector using representative distance features:[image: $$\begin{aligned} \boldsymbol{F_d}(x_i, S) = [f_d^1(x_i,S), f_d^2(x_i,S),...,f_d^6(x_i,S)]^\top \end{aligned}$$]

 (4)


where each element is a distance-related calculation of solution [image: $$x_i$$] with the previously selected solution set S as follows:[image: $$\begin{aligned} f_d^1(x_i,S)=\mathop {min}_{x_j\in S}Cosine\textit{-}Similarity(x_i,x_j). \end{aligned}$$]

 (5)



[image: $$\begin{aligned} f_d^2(x_i,S)=\mathop {max}_{x_j\in S}Cosine\textit{-}Similarity(x_i,x_j). \end{aligned}$$]

 (6)



[image: $$\begin{aligned} f_d^3(x_i,S)=\frac{1}{|S|}\sum _{x_j\in S}Cosine\textit{-}Similarity(x_i,x_j). \end{aligned}$$]

 (7)



[image: $$\begin{aligned} f_d^4(x_i,S)=\mathop {min}_{x_j\in S}Distance(x_i,x_j). \end{aligned}$$]

 (8)



[image: $$\begin{aligned} f_d^5(x_i,S)=\mathop {max}_{x_j\in S}Distance(x_i,x_j). \end{aligned}$$]

 (9)



[image: $$\begin{aligned} f_d^6(x_i,S)=\frac{1}{|S|}\sum _{x_j\in S}Distance(x_i,x_j). \end{aligned}$$]

 (10)


In Eq. (5)–(10), [image: $$Cosine\textit{-}Similarity$$] denotes the operation that measures the similarity (i.e., angle distance) between two vectors of an inner product space, and Distance denotes the operation that measures the Euclidean distance between two vectors.

3.2 Definition of Loss Function
Motivated by the sequential decision-making process, we propose to learn the model parameter through maximum likelihood estimation. That is, the parameter values of the proposed utility model are optimized to maximize the likelihood of the solution selection process described by the model, based on the ranking list that was actually observed. Suppose we have the training dataset [image: $$D=\left\{ X_i, Y_i\right\} _{i=1}^{N}$$], where the [image: $$X_n$$] denotes the candidate solution set, [image: $$Y_n$$] denotes the corresponding ranking list, and N is the number of training data pairs. Then, the model parameter can be optimized by maximizing the empirical likelihood of the observed training dataset D:[image: $$\begin{aligned} Maximize\ \ \ E_{(X_i,Y_j)\in D}[logP(Y_i|X_i)] \end{aligned}$$]

 (11)


where [image: $$P(Y_i|X_i)$$] represents the probability of generating the ranking list [image: $$Y_i$$] for the given solution set [image: $$X_i$$]. Therefore, we can define the loss for training the model as the likelihood loss of the generation probability:[image: $$\begin{aligned} Loss = -\frac{1}{N}\sum _{i=1}^{N}logP(Y_i|X_i) \end{aligned}$$]

 (12)


Intuitively, we can view the solution selection process as iteratively selecting the top-ranked solution from the remaining candidates. For each pair of training data [image: $$\{X_i, Y_i\}$$], the generation probability [image: $$P(Y_i|X_i)$$] is calculated as follows:[image: $$\begin{aligned} \begin{aligned} P(Y_i|X_i) &amp;= P(x_{y(1)},x_{y(2)},...,x_{y(l)}|X_i) \\ &amp;=P(x_{y(1)}|X_i)P(x_{y(2)}|X_i\backslash S_1)...P(x_{y(l)}|X_i\backslash S_{l-1}) \end{aligned} \end{aligned}$$]

 (13)


where y(i) denotes the index of solution ranked at position i in the ranking list [image: $$Y_i$$], [image: $$x_{y(i)}$$] denotes the solution ranked at position y(i), and [image: $$S_i=\left\{ x_{y(1)},...,x_{y(i)}\right\} $$] denotes the previously selected solutions until the [image: $$i\textit{-}th$$] iteration; l denotes the length of the ranking list (i.e., the number of solutions in the candidate set).
We assume the solution selection probability is only determined by its utility value. Then, the generation probability can be defined as follows:[image: $$\begin{aligned} P(x_{y(j)}|X_i\backslash S_{j-1})=\frac{exp\left\{ U(x_{y(j)}, S_{j-1})\right\} }{\sum _{k=j}^{l}exp\left\{ U(x_{y(k)},S_{j-1})\right\} } \end{aligned}$$]

 (14)


Then, we can calculate [image: $$P(Y_i|X_i)$$] as follows:[image: $$\begin{aligned} \begin{aligned} P(Y_i|X_i) &amp;= \prod _{j=1}^{l}P(x_{y(j)}|X_i\backslash S_{j-1}) \\ &amp;=\prod _{j=1}^{l}\frac{exp\left\{ U(x_{y(j)}, S_{j-1})\right\} }{\sum _{k=j}^{l}exp\left\{ U(x_{y(k)},S_{j-1})\right\} } \end{aligned} \end{aligned}$$]

 (15)


Finally, the loss function is calculated as follows:[image: $$\begin{aligned} \begin{aligned} Loss &amp;= -\frac{1}{N}\sum _{i=1}^{N}logP(Y_i|X_i) \\ &amp;=-\sum _{i=1}^{N}\sum _{j=1}^{l}log\frac{exp\left\{ U(x_{y(j)}, S_{j-1})\right\} }{\sum _{k=j}^{l}exp\left\{ U(x_{y(k)},S_{j-1})\right\} } \end{aligned} \end{aligned}$$]

 (16)


where each utility function can be calculated by combining Eq. (2) with the convergence feature vector Eq.(3) and diversity feature vector Eq. (4).

3.3 Optimization and Prediction
With the defined loss function, we introduce the optimization process and prediction process in this subsection.[image: ]

[image: ]


First, to generate the training dataset, we adopt a similar strategy as proposed in [29]. To enable our proposed method to handle HSS problems with solution sets of different shapes, we sample solutions from unit [image: $$l_p$$] spheres with different curvatures p to construct the candidate solution set. More specifically, we first randomly sample a point [image: $$\boldsymbol{x}\in R^m$$] using an exponential power distribution with density [image: $$f(\boldsymbol{x})=\frac{1}{2\varGamma (1+1/p)}e^{-|\boldsymbol{x}|^p}$$], where [image: $$\varGamma (t)=\int _{0}^{\infty }x^{t-1}e^{-x}dx$$] is the Gamma function. Then, we obtained the sampled point [image: $$\boldsymbol{s}=|\boldsymbol{x}|/\Vert \boldsymbol{x} \Vert _p$$]. We iterate this process until enough points are sampled to construct the candidate solution set. Note that a random curvature value [image: $$p\in [0.5, 2]$$] is chosen in each iteration. Since the optimal subsets for HSS problems with large numbers of objectives are not available, we use the solution ranking list obtained by LGI-HSS algorithms as the labels of the training dataset. For each number of objectives, we generate 10,000 solution sets with the same size of 100 using different curvature values p as the training dataset.
With the training dataset, we use stochastic gradient descent to optimize the model as shown in Algorithm 1. We first initialize the model parameters using values drawn from the normal distribution. During each epoch of the training phase, we randomly sample a mini-batch to calculate the gradient for the model parameters, which are then used to update the model. In our experiments, we use Adam [19], an effective gradient-based optimization method with an adaptive learning rate. The learning rate is set to [image: $$\eta =10^{-4}$$]. We use the default settings in PyTorch [24] for all other parameters of Adam. The number of epochs for training the model is set to 100, and the batch size is set to 64 during each training epoch.
After obtaining the trained model, we can predict the sequentially selected solutions until we obtain the final solution subset. We generate the test candidate solution sets using the same manner as generating the training dataset. For a given candidate solution set X, as shown in Algorithm 2, we first initialize an empty subset S. Then, in each iteration, we calculate the utility value for each of the unselected solutions in [image: $$X\backslash S$$] using the trained model parameter according to Eq. (2). The solution with the largest utility value is selected to add into the subset S. This selection process is repeated until k solutions are selected as the final subset.


4 Experimental Studies
4.1 Experimental Settings
1) Problem Setting: We extensively evaluate the performance of the proposed LTR-HSS using different HSS problems with a large number of objectives. For the number of objectives, we consider 8-, 10-, and 12-objective HSS problems cases. Each candidate solution set is configured to contain 100 points. For each number of objectives, we generate 100 candidate solution sets using 100 different random sphere parameters p (i.e., each of the 100 candidate solution sets has different shapes from each other).
2) Algorithms Setting: Our proposed LTR-HSS is compared to state-of-the-art methods for solving HSS problems, mainly including LGI-HSS [7] and GAHSS [28]. LGI-HSS is currently the most efficient greedy HSS algorithm that employs the exact hypervolume contribution calculation. GAHSS is also designed to solve the HSS problems with a large number of objectives, which uses an R2-based method to approximately calculate the hypervolume contribution. We select these two methods for the main comparison because all other methods, such as local search methods (e.g., APL-HSS) and evolutionary methods (PROSS), cannot search for a subset with satisfactory hypervolume within a limited computation time. That is, these methods cannot efficiently solve HSS problems with a large number of objectives in our experimental settings. However, we still compare these methods with our proposed LTR-HSS to illustrate this point, including APL-HSS [22], PROSS [25], DSS [31], and CSS-MEA [6].
3) Parameter Setting: For GAHSS, the number of direction vectors is set to 300 for the main comparison. We also examine other different specifications of the number of direction vectors. All other compared algorithms use their default parameter settings. For a fair comparison, the reference point is set to [image: $$(1.1, ..., 1.1)^m$$] for the hypervolume calculation used during all the algorithm implementations and performance evaluations.
The proposed LTR-HSS is coded in Python and all the experiments are measured on an Intel Core i7-8700K CPU with 16 GB of RAM, running in Windows 10. All codes and datasets in this work can be found at: https://​github.​com/​HisaoLabSUSTC/​LTRHSS-PPSN2024.Table 1.Comparison of the proposed LTR-HSS and other HSS methods in terms of computation time (in seconds). We report the total time of solving 100 test problems ([image: $$k=50$$]) and the average rank performance of each method.


	 	LGI-HSS
	GAHSS
	LTR-HSS(Ours)
	[image: $$\frac{\mathrm{LGI\text {-}HSS}}{\mathrm{LTR\text {-}HSS}}$$]
	[image: $$\frac{\textrm{GAHSS}}{\mathrm{LTR\text {-}HSS}}$$]

	8-objective
	Total time
	25.2741
	4.0091
	3.0608
	8.2574
	1.3098

	Avg. rank
	3
	2
	1
	/
	/

	10-objective
	Total time
	159.5903
	4.3844
	3.1597
	50.5081
	1.3876

	Avg. rank
	3
	2
	1
	/
	/

	12-objective
	Total time
	962.1576
	4.9726
	3.2578
	295.3432
	1.5264

	Avg. rank
	3
	2
	1
	/
	/




Table 2.Comparison of the proposed LTR-HSS and other HSS methods in terms of hypervolume. We report the average value of solving 100 test problems ([image: $$k=50$$]) and the average rank performance of each method.


	 	LGI-HSS
	GAHSS
	LTR-HSS
	[image: $$\frac{\mathrm{LTRHSS-LGI\text {-}HSS}}{\mathrm{LGI\text {-}HSS}}$$]
	[image: $$\frac{\mathrm{LTRHSS-GAHSS}}{\textrm{GAHSS}}$$]

	8-objective
	Avg. HV
	1.8233
	1.8094
	1.8147
	−0.0088
	0.0043

	Avg. rank
	1
	2.78
	2.22
	/
	/

	10-objective
	Avg. HV
	2.1664
	2.1352
	2.1533
	−0.0054
	0.0092

	Avg. rank
	1
	2.95
	2.05
	/
	/

	12-objective
	Avg. HV
	2.6165
	2.5696
	2.6006
	−0.0065
	0.0140

	Avg. rank
	1
	2.96
	2.04
	/
	/






4.2 Performance Comparison
We show the computation time results of the proposed LTR-HSS and compared algorithms in Table 1 (with the number of selected solutions set to [image: $$k=50$$]). Table 1 shows the total computation time of 100 test problems achieved by each algorithm and their average rank performance. We also calculate the speedup in latency (i.e., [image: $$\frac{\text {time of compared algorithm}}{\text {time of LTR-HSS}}$$]) achieved by LTR-HSS as evaluated in [28]. We can see that our proposed LTR-HSS has the shortest computation time among the compared algorithms. The average rank of 1 for LTR-HSS indicates that the proposed method is always faster than other algorithms across HSS problems with different numbers of objectives and shapes. We also observe that LTR-HSS achieves a significant speedup compared to LGI-HSS. Furthermore, the speedup attained by LTR-HSS in comparison to LGI-HSS and GAHSS becomes more pronounced as the number of objectives increases. These results clearly show the better applicability of the proposed LTR-HSS for many-objective optimization.
Table 2 shows the average hypervolume of the final subset achieved by each compared algorithm across 100 test problems. We also calculate the hypervolume improvement rate of LTR-HSS with respect to LGI-HSS and GAHSS (i.e., [image: $$\frac{\text {HV of LTR-HSS - HV of compared algorithm}}{\text {HV of compared algorithm}}$$]), as evaluated in [28]. We can observe that LGI-HSS achieves the best performance in terms of hypervolume, which is consistent with our intuition. This is because LGI-HSS uses the exact hypervolume contribution calculation, while our method uses a utility model trained from the selection process of LGI-HSS. However, as we have shown in Table 1, LGI-HSS becomes very time-consuming as the number of objectives increases, which limits its applicability for solving HSS problems with more than 10 objectives. Considering the small hypervolume improvement rate of LTR-HSS with respect to LGI-HSS, our proposed method is superior when applied to many-objective optimization. When compared to GAHSS, LTR-HSS achieves higher hypervolume performance. Also, the advantage of LTR-HSS over GAHSS becomes more pronounced as the number of objectives increases, since the average rank of LTR-HSS becomes smaller and the hypervolume improvement rate becomes larger as shown in Table 2. Considering the shorter computation time of LTR-HSS, our proposed method completely outperforms GAHSS.[image: ]
Fig. 1.The achieved hypervolume performances when selecting different numbers of solutions of compared algorithms in a single run.



We also evaluate the performance of the proposed LTR-HSS when selecting different numbers of solutions (i.e., different k in Eq. (1)). Figure 1 shows the achieved hypervolume performances when selecting different numbers of solutions of compared HSS algorithms in a single run. We can clearly observe that LTR-HSS can always achieve very similar hypervolume performance to that of LGI-HSS when selecting different numbers of solutions. Considering the significantly longer computation time required by LGI-HSS, our proposed LTR-HSS can effectively serve as a replacement for LGI-HSS in many-objective optimization.[image: ]
Fig. 2.Hypervolume improvement rate of LTRHSS with respect to GAHSS on each candidate solution set and the average hypervolume improvement rate for HSS with 8-objective, 10-objective, and 12-objective candidate solution sets.


[image: ]
Fig. 3.The comparison between LTR-HSS and GAHSS in terms of the average hypervolume performances and computation time. We examine GAHSS with different numbers of direction vectors, as illustrated as the numbers in the figures.



When compared to GAHSS, as shown in Fig. 1, LGI-HSS consistently shows better hypervolume performance when selecting different numbers of solutions. In Fig. 2, we further plot the hypervolume improvement rate of LTR-HSS with respect to GAHSS for each of the 100 test problems and their average result. We can see that the hypervolume improvement rate is larger than zero when selecting different numbers of solutions for almost all the 100 test problems. The average hypervolume improvement rate is also larger than zero. These results show that the proposed LTR-HSS always has a stable better performance than GAHSS.
In Fig. 3, we further compare the performances of the LTR-HSS with GAHSS by setting GAHSS with different numbers of direction vectors, which serves as a parameter controlling the trade-off between accuracy and complexity. We evaluate GAHSS with the following numbers of direction vectors: [image: $$|\Lambda |=50,100, 200, 300, 500, 800, 1000, \text {and}\ 1500$$]. From Fig. 3, we can observe that the proposed LTR-HSS always outperforms GAHSS in terms of both hypervolume and computation time, even when tuning the parameter of GAHSS.

4.3 Comparison with Other State-of-the-Art HSS Methods
Some other advanced methods also have been developed for solving HSS problems. However, these methods have difficulties in effectively solving HSS problems with a large number of objectives within a limited computation time. In other words, they cannot be integrated into EMO algorithms due to their inefficiency. In this subsection, we compare the proposed LTR-HSS with other representative HSS methods to emphasize this point, including PROSS, APL-HSS, CSS-MEA, and DSS. PROSS is a state-of-the-art evolutionary algorithm for solving subset section problems, which is an improved version of the previous algorithm POSS. APL-HSS is a newly proposed local search HSS method that outperforms other existing HSS methods based on local search. We also compare two general subset selection methods that usually achieve satisfactory performance: the distance-based subset selection (DSS) [31] and the clustering subset selection based on k-means (CSS-MEA) [6].
Figure 4 shows curves of their achieved hypervolume performance over computation time in a single run. Note that PROSS and ALP-HSS are iterative algorithms, and their performance improves as the computation time increases. We can observe that LTR-HSS always outperforms CSS-MEA and DSS in terms of hypervolume of the obtained final subset, while their computation times are all very short with no significant differences. CSS-MEA and DSS can solve HSS problems with a large number of objectives, since they are general subset selection methods without any specific mechanism for handling HVC calculation or approximate HVC calculation. When compared to PROSS and APL-HSS, the proposed LTR-HSS achieves better performance in terms of both hypervolume and computation time, even after a long iteration of PROSS and APL-HSS. Only on 8-objective HSS after a long computation time, APL-HSS can achieve a similar hypervolume performance as LTR-HSS. However, when handling HSS problems with a larger number of objectives, APL-HSS exhibits clear inferiority compared to LTR-HSS. In other words, both APL-HSS and PROSS cannot effectively solve HSS problems with a large number of objectives within a short computation time, which directly limits their applicability to existing EMO algorithms. These experimental results demonstrate the superiority of our proposed LTR-HSS over other state-of-the-art HSS methods.[image: ]
Fig. 4.The comparison between LTR-HSS and the other four HSS methods in terms of the hypervolume performances and computation time in a single run.





5 Conclusion
In this paper, we proposed a learning-to-rank based framework for hypervolume subset selection, which is called LTR-HSS. We compared our proposed method with other state-of-the-art HSS methods. The experimental results showed our proposed LTR-HSS can efficiently solve HSS problems with large numbers of objectives within a very short computation time while achieving very good hypervolume performance. More specifically, our LTR-HSS outperforms other HSS methods in terms of both computation time and hypervolume performance, besides LGI-HSS. When compared to LGI-HSS, our LTR-HSS is significantly faster while achieving competitive hypervolume performance. Considering the extremely long computation time of LGI-HSS, our proposed LTR-HSS is superior to all existing HSS methods when solving HSS problems with large numbers of objectives.
There are two primary research directions in the future. First, since our proposed LTR-HSS serves as a general framework, we will explore the use of more sophisticated models (e.g., deep neural networks) to define the utility function for improving the current performance. Secondly, we will investigate integrating the proposed HSS method as a component for developing new EMO algorithms. This is primarily aimed at addressing the limitation of the indicator-based SMS-EMOA, which struggles to efficiently handle problems with a large number of objectives in a reasonable computation time.
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Abstract
In the evolutionary multi-objective optimization (EMO) community, it is well known that the convergence ability of dominance-based multi-objective evolutionary algorithms (MOEAs) is severely deteriorated on many-objective problems with more than three objectives. In this paper, we clearly demonstrate that the convergence ability of NSGA-II deteriorates even in the case of three objectives. Our experimental results on multi-objective knapsack and traveling salesman problems with 2–6 objectives show that NSGA-II starts to deteriorate the quality of the current population after a number of generations even when it is applied to three-objective problems. Surprisingly, NSGA-III also shows a similar performance deterioration. We analyze the search behavior of NSGA-II, NSGA-III, three versions of MOEA/D, and SMS-EMOA. Then, we explain the reason for the performance deterioration of NSGA-II and NSGA-III, which exists in the environmental selection mechanism of each algorithm. Another interesting observation is that NSGA-II has the best or second best performance (next to MOEA/D with the weighted sum) among the examined algorithms on many-objective problems in early generations before it starts to show performance deterioration.

Keywords
Multi-objective optimizationPareto dominance-based algorithmsEvolutionary multi-objective optimization
1 Introduction
In the evolutionary multi-objective optimization (EMO) community, it has been repeatedly pointed out in the literature [14, 17] that the convergence ability of Pareto dominance-based multi-objective evolutionary algorithms (MOEAs) such as NSGA-II [8] and SPEA2 [19] is severely deteriorated on many-objective problems with more than three objectives. This is because almost all solutions in the current population quickly become non-dominated in many-objective optimization. Some studies also pointed out that the difficulty of many-objective optimization does not simply depend on the number of objectives [12, 15]. However, it can be viewed as a general consensus in the EMO community that dominance-based MOEAs do not work well on many-objective problems with more than three objectives. This general consensus also implies that dominance-based MOEAs work well on multi-objective problems with two or three objectives.
In this paper, we present counter-examples to this consensus using NSGA-II. We examine the anytime performance of NSGA-II on multiobjective traveling salesman problems (MOTSP) and multi-objective knapsack problems (MOKP) with 2–6 objectives. Our experimental results clearly show that the quality of the current population starts to deteriorate in the middle of the execution of NSGA-II even in the case of only three objectives. Before this deterioration (i.e., in early generations), NSGA-II shows better performance than well-known algorithms such as MOEA/D [18], NSGA-III [7] and SMS-EMOA [3] even for six-objective MOTSP and MOKP. That is, our experimental results show that NSGA-II works well on many-objective problems (in early generations) and NSGA-II does not work well on three-objective problems (in later generations). These observations are clearly different from the above-mentioned consensus in the EMO community. We also demonstrate that NSGA-III shows a similar performance deterioration in the middle of its evolution.
None of the above-mentioned interesting observations is obtained when we start with a randomly generated initial population. This may be the reason why they have not been reported in the literature. In combinatorial optimization, it is not realistic in many cases to use a random initial population since (i) randomly generated solutions are far away from Pareto fronts and (ii) domain-specific heuristics are often available for single-objective problems. That is, the performance of MOEAs can be drastically improved by adding heuristic solutions to a random initial population [5, 9, 10]. All of the above-mentioned interesting observations are obtained from our experiments only when a few heuristic solutions are added to random initial solutions. We examine NSGA-II, two implementations of NSGA-III (in PlatEMO [16] and pymoo [4], three versions of MOEA/D [18] with different scalarizing functions, and SMS-EMOA [3]. In early generations (e.g., until the 100th generation), NSGA-II shows higher performance than the other algorithms (except for MOEA/D with the weighted sum) even for six-objective problems. Then, NSGA-II starts to deteriorate the quality of the current population even for three-objective problems. Surprisingly, NSGA-III also shows a similar performance deterioration. After reporting these interesting observations, we examine the reason why NSGA-II (and NSGA-III) shows such a performance deterioration even for three-objective problems.
This paper is organized as follows: In Sect. 2, we show the anytime performance of NSGA-II and other MOEAs for MOTSP and MOKP with 2–6 objectives using a purely random initial population. In Sect. 3, we perform the same experiments as in Sect. 2 using a random initial population with a few heuristic solutions. We also examine the search behavior of NSGA-II in detail for three-objective problems in Sect. 3. Finally, Sect. 4 concludes this paper.

2 Performance Evaluation of NSGA-II Using Random Initial Solutions
In this section, we first examine the performance of NSGA-II [8] on MOTSP and MOKP problems using randomly generated initial populations. For comparison, we also examine the performance of MOEA/D [18] (representative of decomposition-based MOEAs), SMS-EMOA [3] (representative of indicator-based MOEAs), and NSGA-III [7] (an improved version of NSGA-II for handling many-objective optimization problems).
2.1 Test Problems
In our study, the multi-objective travelling salesman problem (MOTSP) and multi-objective knapsack problems (MOKP) are used to evaluate the performance of different MOEAs. We generate different MOTSP and MOKP with two to six objectives, respectively.
The MOTSP is an extended version of the standard TSP problem, where there exist multiple costs of travel between each pair of cities. Formally, for an m-objective MOTSP problem, given a set of nodes [image: $$V=\{1,...,n\}$$] and m cost matrices [image: $$C=\{C_1,...,C_m\}$$], the goal is to minimize each of the m cost objectives. The [image: $$k\textit{-}th$$] cost objective is defined as:[image: $$\begin{aligned} f_k(\boldsymbol{x}) = \sum _{i\in V}\sum _{j\in V,j\ne i}c_{ij}^{k}x_{ij},\ k\in \{1,...,m\} \end{aligned}$$]

 (1)


where [image: $$c_{ij}^{k}$$] is the elements of [image: $$C_k$$] that denotes the [image: $$k\textit{-}th$$] cost of travel between node i and j, and [image: $$x_{ij}$$] is 1 if there exists an edge between node i and j, otherwise 0. In our experiments, for each m-objective TSP problem, we generate m independent matrices by assigning each pair of cities with m numbers as the costs, which are randomly drawn from the interval [0,1).
For MOKP, we convert the multi-objective 0–1 knapsack problems proposed in [20] to the minimization problems by multiplying each objective by [image: $$-1$$] and enforcing each objective to be positive. An m-objective 0–1 knapsack problem with n items is formulated as follows:[image: $$\begin{aligned} &amp;\text {Minimize}\ \ \boldsymbol{F}(\boldsymbol{x})=(f_1(\boldsymbol{x}), f_2(\boldsymbol{x}), ..., f_m(\boldsymbol{x})),\end{aligned}$$]

 (2)



[image: $$\begin{aligned} &amp;\text {subject\ to}\ \sum _{j=1}^{n}b_{ij}x_j\le c_i,\ i=1,2, ..., m,\end{aligned}$$]

 (3)



[image: $$\begin{aligned} &amp;\qquad \qquad x_j\in \{0,1\},\ j=1, 2, ..., n. \end{aligned}$$]

 (4)


where [image: $$f_i(\boldsymbol{x})=\sum _{j=1}^{n}a_{ij}(1-x_j)$$] and [image: $$c_i=p\sum _{j=1}^{n}b_{ij}$$] for [image: $$i=1,2, ..., m$$]. In this formulation, [image: $$a_{ij}$$] is the profit of item j according to knapsack i, [image: $$b_{ij}$$] is the weight of item j according to knapsack i, and [image: $$c_i$$] is the capacity of knapsack i with p control the capacity size. In this paper, we generate different MOKPs with 500 items, where [image: $$a_{ij}$$] and [image: $$b_{lj}$$] were randomly specified as integers in the interval [10, 100] and p is set to 0.5 (i.e., capacity is specified as 50% of the total weights).

2.2 Parameter Settings
For the parameter settings, the population size N is set to 91 for two- and three-objective problems, 120 for four-objective problems, 210 for five-objective problems, and 258 for six-objective problems. The termination condition for each algorithm is set to 5,000 generations. All experiments are performed on the PlatEMO platform [16].
For SMS-EMOA, we use the exact hypervolume calculation for two- to four-objective problems and the approximated hypervolume calculation [2] for five- and six-objective problems. As for NSGA-III, it has been recently reported that a different implementation of the normalization mechanism can strongly affect its performance for multi-objective combinatorial problems [11]. To ensure the reliability of the experimental results, it’s worth noting that we also implement a pymoo [4] version of NSGA-III that uses a different normalization mechanism from the PlatEMO [16] implementation of NSGA-III for a comparison purpose. For MOEA/D, we use the weighted sum, modified Tchebycheff, and penalty boundary intersection (PBI) functions as the scalarizing functions, denoted as MOEA/D-WS, MOEA/D-mTche, and MOEA/D-PBI, respectively. The original MOEA/D randomly assigns initial solutions to each weight vector. In our study, each initial solution is carefully assigned to its corresponding weight vector based on the best scalarizing function value.
We conduct 21 independent runs of each algorithm on each test problem. The hypervolume (HV) [21] is used as the indicator for the performance evaluation. For MOTSP and MOKP, which are the minimization problems, the reference point for calculating HV is defined as [9]:[image: $$\begin{aligned} ref = F^{max}+0.1\times (F^{max}-F^{min}) \end{aligned}$$]

 (5)


where [image: $$F^{max}=(f^{max}_1, f^{max}_2,..., f^{max}_m)$$] and [image: $$F^{min}=(f^{min}_1, f^{min}_2,..., f^{min}_m)$$] are the maximum and minimum objective values ever found by all compared algorithms in our computational experiments, respectively. The final hypervolume value of the population at each generation is normalized by dividing it by the hypervolume of [image: $$F^{min}$$] (which can be viewed as an estimated ideal point).[image: ]
Fig. 1.Average HV for two-objective, three-objective, four-objective, five-objective, and six-objective TSP problems over 5000 generations, obtained from 21 runs. Randomly generated solutions are used as the initial population.


[image: ]
Fig. 2.Average HV for two-objective, three-objective, four-objective, five-objective, and six-objective KP problems over 5000 generations, obtained from 21 runs. Randomly generated solutions are used as the initial population.




2.3 Experimental Results
Figure 1 and Fig. 2 show the average HV values over 5000 generations for MOTSP and MOKP problems, respectively, with randomly generated solutions are used as the initial population for the seven compared MOEAs.
We can observe that the performance of NSGA-II is similar to MOEA/D, SMS-EMOA, and NSGA-III on two-objective and three-objective problems. However, the performance of NSGA-II is clearly inferior to MOEA/D and SMS-EMOA on four-, five- and six-objective problems. Moreover, the difference between NSGA-II and the others increases with the number of objectives. These observations are consistent with reported results in the literature [12], which indicate that NSGA-II usually cannot achieve satisfying performance when solving many-objective problems (i.e., problems with more than three objectives).
In general, none of these algorithms show significant degradation in performance throughout the evolutionary process. Based on these results, it appears that these algorithms are capable of maintaining and utilizing good solutions in the current generation. It is important to note that the performance stagnation observed in NSGA-III (i.e., its performance cannot be improved after around 1000 generations as indicated by the yellow line in Fig. 1) is due to the normalization mechanism implemented in PlatEMO, which has been explained in [11]. With pymoo’s normalization mechanism implemented, NSGA-III exhibits improved performance, as shown by the pink line in Fig. 1.


3 Performance Evaluation of NSGA-II Using Heuristic Initial Solutions
In this section, we examine the performance of the seven MOEAs with random initial populations including a few heuristic solutions. The details of how to obtain the heuristic solutions are explained in the following subsections.
3.1 Heuristic Solutions for MOTSP and MOKP
In this study, we generate [image: $$(m+1)$$] heuristic solutions for MOTSP and MOKP by using the following methods.
First, for a problem with m objective [image: $$[f_1(\boldsymbol{x}), f_2(\boldsymbol{x}), ..., f_m(\boldsymbol{x})]$$], we decompose the original multi-objective problem into [image: $$(m+1)$$] single-objective problems by using the weighted sum scalarization:[image: $$\begin{aligned} g(\boldsymbol{x})=w_1f_1(\boldsymbol{x})+w_2f_2(\boldsymbol{x})+ ... +w_mf_m(\boldsymbol{x}) \end{aligned}$$]

 (6)


where [image: $$w_1, w_2, ..., w_m$$] are the elements of a given weight vector [image: $$\boldsymbol{w}$$]. In this paper, for a m-objective problem, we consider to use the [image: $$(m+1)$$] weight vectors including: m extreme weight vectors: [image: $$[\boldsymbol{w}_1=(1, 0, ... , 0), \boldsymbol{w}_2=(0, 1, ... , 0),...,\boldsymbol{w}_m=(0, 0, ... , 1)]$$], and one center weight vector: [image: $$\boldsymbol{w}_{m+1}=(1/m, 1/m, ... , 1/m)$$]. Then, we can obtain [image: $$(m+1)$$] decomposed single-objective optimization problems. By solving each of these problems, we obtain [image: $$(m+1)$$] heuristic solutions.
For MOTSP, we use a greedy algorithm to solve each decomposed single-objective problem as follows. The cost between two cities of a decomposed single-objective TSP is the weighted sum of the cost between them corresponding to each objective. For example, the cost between two cities p and q with a given weight vector [image: $$\boldsymbol{w}=(w_1, w_2, ..., w_m)$$] is: [image: $$d^{\boldsymbol{w}}(p,q) = w_1d_1(p,q) + w_2d_2(p,q) + \ldots + w_md_m(p,q)$$], where [image: $$d_i(p,q), i=1,2, ...,m$$] is the cost between two cities p and q corresponding to the [image: $$i\textit{-}th$$] objective. From an arbitrary node as the starting point, we successively pick the node that results in the smallest weighted sum cost when moving from the previously selected node. We conduct the greedy algorithm by examining all nodes as the starting point. The resulting tour with the smallest cost is chosen as the heuristic solution corresponding to the given weight vector.[image: ]
Fig. 3.Average HV for two- to six-objective TSP problems over 5000 generations, obtained from 21 runs. [image: $$(m+1)$$] heuristic solutions together with other randomly generated solutions are used as the initial population.



For MOKP, given a weight vector [image: $$\boldsymbol{w}$$], the original MOKP is decomposed into a single-objective KP with the optimization objective outlined in Eq. (2), subject to Eqs. (3)–(4), which can be viewed as an integer programming (IP) problem. In our experiments, we use MOSEK [1] as the solver based on the YALMIP [13] optimization framework to solve the formulated IP problem. The obtained solution is used as the heuristic solution to the single-objective KP.[image: ]
Fig. 4.Average HV for two- to six-objective KP problems over 5000 generations, obtained from 21 runs. [image: $$(m+1)$$] heuristic solutions together with other randomly generated solutions are used as the initial population.




3.2 Experimental Results
Figure 3 and Fig. 4 show the average HV values over 5000 generations for MOTSP and MOKP problems, respectively, with the [image: $$(m+1)$$] heuristic solutions included in the initial population together with other randomly generated solutions for the seven compared MOEAs. We can see from the comparison with the previous results in Fig. 1 and Fig. 2 that initial populations with a few heuristic solutions have much higher HV values than with pure random initial solutions.
On the two-objective MOTSP and MOKP, no performance deterioration is observed for all the seven compared MOEAs. That is, the search mechanisms of these MOEAs can keep heuristic solutions in the current population when handling two-objective problems. However, when the number of objectives is more than two (i.e., three to six objectives), the achieved hypervolume performance of NSGA-II keeps decreasing after around 500 generations. That is, whereas NSGA-II can efficiently utilize heuristic solutions in early generations (since the HV performance is even better than other MOEAs in the early generations), it can delete good solutions in the middle of execution and deteriorate the quality of the current population by the generation updates even on three-objective problems. Similar performance deterioration is also observed for NSGA-III and NSGA-III (pymoo). However, for MOEA/D and SMS-EMOA, no such performance deterioration is observed. These observations indicate that certain mechanisms of NSGA-II (and NSGA-III) struggle to handle such multi-objective problems even in scenarios with only three objectives, which contradicts our intuition.[image: ]
Fig. 5.Number of non-dominated solutions in the merged population across generations when using NSGA-II with heuristic solutions to solve three- and two-objective TSP. The red line indicates the population size, and the blue curve is the average result over 21 runs. (Color figure online)


[image: ]
Fig. 6.(a) The solution distribution at the 1000th generation in a single run using NSGA-II with heuristic solutions to solve 3-objective TSP; (b) Average distance between the center heuristic solution and its closest solution in the merged population across generations.




3.3 Search Behavior Analysis of NSGA-II
We first analyze the reason for the performance deterioration of NSGA-II as follows. At the environmental selection step of NSGA-II, we need to select N solutions as the next population from the merged population with the size of 2N (i.e., the combination of the current population and offspring). Figure 5 (a) shows the number of non-dominated (ND) solutions in the merged population at different generations when using NGSA-II to solve the three-objective TSP in a single run. We can see that the number of non-dominated solutions quickly increases over 100% of the population size 91 (i.e., the red line in Fig. 5 (a)). Therefore, all these ND solutions reside in the first front as well as the last front, where no more solutions can be accommodated. Following the mechanism of NSGA-II, in this scenario, N (i.e., 91) solutions are chosen from the ND solutions set completely depending on their crowding distance. If there exist solutions that are close to the heuristic solutions, as shown in Fig. 6 (a), these heuristic solutions will have a small value of crowding distance which results in their elimination from the current population.[image: ]
Fig. 7.The survival status of heuristic solutions in the environmental selection of NSGA-II and their corresponding front number when solving three- and two-objective TSP in a single run. For the survival of heuristic solutions, “1” denotes that they survive in the environmental selection and “0” otherwise. For the front number, “1” and “2” denotes that the solution is in the first front and second front, respectively, and “0” denotes it is removed from the current population.



To further validate this explanation, we illustrate the survival status of the [image: $$(m+1)$$] heuristic solutions and their corresponding front number (i.e., the front to which they belong) in Fig. 7 (a) and Fig. 7 (b), respectively. For example, in Fig. 7 (a), “1” means that the solution survives after the environmental selection and “0” otherwise. In Fig. 7 (a), a front number of “1” or “2” denotes that the solution is in the first or second front, respectively, while “0” indicates that the solution has been eliminated from the current population. In Fig. 7 (a), we can see that the extreme heuristic solutions (i.e., E1 and E3) and the center heuristic solution (i.e., C4) cannot survive in the current population after certain generations. In Fig. 7 (b), for heuristic solutions C4 and E1, their front numbers jump from “1” to “0”. It means that these two solutions are eliminated since they have a worse crowding distance value. As for heuristic solution E3, its front number changes from “1” to “2”, indicating a better solution that dominates it is produced which results in its elimination.
Since the good heuristic solutions E1 and C4 are removed from the current population with no better solutions produced as a replacement, the hypervolume of NSGA-II degrades as shown in Fig. 3. Actually, it is challenging to regenerate the center heuristic solution (or a similar good solution) once it has been eliminated. To demonstrate it, in Fig. 6 (b), we plot the distance between the center heuristic solution and its closet solution in the current population. We can see that the distance keeps increasing across the generations, which suggests that the solutions in the population have worse convergence towards the central Pareto front. It means that after the removal of the center heuristic solution, NSGA-II focuses solely on enhancing diversity without being able to improve convergence. All the performance deterioration of NSGA-II for four- to six-objective problems can also be attributed to these explanations.
As a comparison, in Fig. 5 (b), we plot the number of ND solutions in the merged population for using NSGA-II to solve two-objective TSP. We can see that the number of ND solutions is almost always smaller than the population size. In this scenario, heuristic solutions as ND solutions will survive until better solutions (i.e., solutions that dominate heuristic solutions) are generated. We also plot the survival curve and front number curve for two-objective TSP in a single run in Fig. 7 (c) and (d). We observe that the front numbers of heuristic solutions E1 and C3 jump from “1” to “2”, which indicates that better solutions are generated to replace them. Although these two heuristic solutions cannot survive in the current population, the generated better solutions can serve as their replacements which explains why the hypervolume will not degrade.

3.4 Search Behavior Analysis of Other MOEAs
Similar to NSGA-II, NSGA-III (and NSGA-III (pymoo)) also experiences a performance deterioration as shown in Fig. 3 and Fig. 4. Here, we explain this phenomenon for NSGA-III as follows. Figure 8 (a) shows the number of non-dominated solutions across generations for NSGA-III on 3-objective TSP. We can observe that the number of ND solutions quickly increases over 100% of the population size. In this scenario, all these ND solutions including heuristic solutions compete for survival completely based on the niche-preservation operation proposed in NSGA-III. More specifically, first, a set of reference vectors is generated by using Das and Dennis’s approach [6]. Since currently each reference vector has no associated solutions, a random reference vector is selected and the solution that has the shortest perpendicular distance to it will be added to the current population. This process is repeated until a total of N solutions are selected. Therefore, there is a high possibility that the heuristic solutions cannot survive when they have a large perpendicular distance to the reference vectors. Figure 9 (a) and (b) show the survival curve and front number curve of using NSGA-III to solve three-objective TSP in a single run, respectively. We can observe that all the heuristic solutions E1-3 and C4 cannot survive after certain generations. Also, their front numbers jump from “1” to “0”, which indicates these heuristic solutions are removed from the current population without any better solutions being generated to take their place. The removal of these heuristic solutions without replacement makes it difficult to reproduce such good solutions when losing their important domain knowledge. This directly leads to the performance deterioration of NSGA-III.[image: ]
Fig. 8.Number of non-dominated solutions in the merged population across generations when using NSGA-III with heuristic solutions to solve three- and two-objective TSP.


[image: ]
Fig. 9.The survival status of heuristic solutions in the environmental selection of NSGA-III and their corresponding front number when solving three-objective TSP in a single run.



Another interesting phenomenon is that NSGA-III shows an earlier performance deterioration than NSGA-II. This is because the extreme heuristic solutions are more likely to be removed from the current population in earlier generations when using NSGA-III compared to NSGA-II, as shown in the comparison between Fig. 9 (a) and Fig. 7 (a). The high possibility of the removal of the extreme heuristic solutions for NSGA-III in earlier generations is also rational. As we have explained, the survivals of these heuristic solutions in NSGA-III completely depend on their perpendicular distances to reference vectors. Since the extreme heuristic solutions are generated by solving the weighted sum scalarization in Eq. (6) with m extreme weight vectors: [image: $$[\boldsymbol{w}_1=(1, 0, ... , 0), \boldsymbol{w}_2=(0, 1, ... , 0),...,\boldsymbol{w}_m=(0, 0, ... , 1)]$$], they locate at the m corners of an inverted triangular shape in the objective space. The reference vectors, however, are generated using Das and Dennis’s approach, which samples from a triangular shape. As a result, there is a significant distance between the extreme heuristic solutions and the reference vectors, leading to the removal of heuristic solutions from the current population in the earlier generations.[image: ]
Fig. 10.The survival status of heuristic solutions in the environmental selection of MOEA/D-PBI and MOEA/D-mTche and their corresponding front number when solving three-objective TSP in a single run.



For MOEA/D with different scalarization functions, we observe no such performance deterioration. It indicates that MOEA/D can keep heuristic solutions in the current population and utilize them. For example, Fig. 10 shows the survival status when using MOEA/D-PBI and MOEA/D-mTche to solve three-objective TSP in a single run. We can see that all the heuristic solutions always survive in the current population. As we have explained for NSGA-II and NSGA-III, their non-dominated sorting mechanism will not work when the number of ND solutions exceeds the population size. However, the survival of solutions in MOEA/D depends on their scalarization values. Since the scalarization calculation of a solution considers both the convergence of the solution to the Pareto front and its distance to the reference vectors, the heuristic solutions will always have better scalarization values since they have very good convergence towards the Pareto front, which leads to their survival in the current population. In other words, the environmental selection mechanism of MOEA/D will always consider the dominance relationships between solutions, even when the number of non-dominated solutions exceeds the population size.
For SMS-EMOA, its environmental selection mechanism ensures that solutions with larger hypervolume contributions survive. Consequently, its hypervolume performance consistently increases through the generation updates. In other words, the heuristic solutions can always survive until many solutions that have larger hypervolume contributions than them are generated.


4 Conclusion
In this paper, we demonstrated that the number of generations has much larger effects on the performance of NSGA-II on multi- and many-objective combinatorial optimization problems than the number of objectives. When we used a random initial population including a few heuristic solutions, NSGA-II showed better performance than other MOEAs in early generations (e.g., at the 100th generation) even for six-objective problems. In later generations, NSGA-II continued to deteriorate the quality of the current population. Finally, it showed poor performance at the final generation (10,000th generation) even for three-objective problems. NSGA-III also showed a similar performance deterioration. Our detailed search behavior analysis of NSGA-II found the following reasons for the above-mentioned observations. In early generations, heuristic initial solutions are not removed from the population since they are non-dominated and the number of non-dominated solutions in the merged current and offspring population is smaller than the population size. As a result, good solutions are generated from the heuristic initial solutions. Then, at some generations, the number of non-dominated solutions becomes larger than the population size. As a result, the selection of solutions for the next generation is mainly based on the crowding distance, which can remove good solutions (and well-converged solutions) from the population. This leads to continuous performance deterioration in later generations even in the case of three objectives. A similar explanation can be given to the performance deterioration of NSGA-III.
Our experimental results clearly demonstrated that the consensus in the EMO community about the performance of dominance-based MOEAs is not always applicable to multi-objective combinatorial optimization. Our observations can be used for the design of practically useful high-performance MOEAs for multi-objective combinatorial optimizations. This is because combinatorial optimization problems often have domain-specific heuristics to quickly generate good initial solutions. This is also because real-world problems are often expensive (i.e., a small number of generations is often used as a termination condition). One future research topic is to improve the performance of NSGA-II and NSGA-III by preventing their performance deterioration in later generations. We may need some additional mechanism to assign higher fitness to well-converged non-dominated solutions than other non-dominated solutions. Another future research topic is to utilize the high performance of NSGA-II in early generations in order to improve the performance of other MOEAs.
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Abstract
Many-objective optimization (MaO) is a basic issue in various research areas. Although Pareto optimality is a common criterion for MaO, it may bring many troubles when facing a huge number (e.g., up to 100) of objectives. This paper provides a new perspective on MaO by introducing a many-objective cover problem (MaCP). Given m objectives, MaCP aims to find a solution set with size k ([image: $$1 &lt; k \ll m$$]) to cover all objectives (i.e., each objective can be approximately optimized by at least one solution in this set). We prove the NP-hard property of MaCP and develop a clustering-based swarm optimizer (CluSO) with a convergence guarantee to tackle MaCP. Then, we propose a decoupling many-objective test suite (DC-MaTS) with practical significance and use it to evaluate CluSO. Extensive experimental results on various test problems with up to 100 objectives demonstrate both the efficiency and effectiveness of CluSO, while also illustrating that MaCP is a feasible perspective on MaO.
Keywords
Multi-objective optimizationMany-objective optimizationParticle swarm optimizationClustering
1 Introduction
In many real-world problems such as drug design [26], route planning [34], and data mining [33], it is very often that multiple objectives should be optimized simultaneously. Generally, these problems with multiple objectives to be optimized are termed multi-objective optimization problems (MOPs) [48]. If an MOP has more than three objectives, it can be further referred to as a many-objective optimization problem (MaOP) [28]. Due to the complicated relationships between different objectives, how to effectively solve MaOPs has become an emerging issue, which is often referred to as many-objective optimization (MaO) [28].
Currently, an MaOP is often tackled by finding a solution set using Pareto optimality [4]. The solutions in this set should be non-dominated to each other (i.e., for any two solutions in the set, one is superior to the other in at least one objective), and the objective values of all solutions in this set should approximate or reach the whole Pareto front (PF). Based on this idea, numerous algorithms have been designed in recent years, and many-objective evolutionary algorithms (MaOEAs) [28] have become the mainstream methodologies.[image: ]
Fig. 1.An illustration of MaCP with [image: $$m=6$$] and [image: $$k=3$$]. [image: $$\left\{ f_1,f_2,f_3,f_4,f_5,f_6\right\} $$] are six objectives desired to be minimized simultaneously, and a solution set [image: $$X=\left\{ x^1,x^2,x^3\right\} $$] can be discovered to cover all objectives.



However, when the number of objectives is extremely large (e.g., up to 100), the dimensionality of PF can be as large as [image: $$(m-1)$$] [46], where m is the number of objectives. Thus, using Pareto optimality may generate a tremendous number of non-dominated solutions, which easily brings the following three troubles [28]:	The whole PF can be difficult to reach or approximate.

	The computational overhead can be very high.

	The selection of suitable solutions can be troublesome for decision-makers.





In view of these potential troubles, how to effectively solve MaOPs with a huge number of objectives remains a pending issue [28]. Therefore, there is a need to develop a novel methodology that can effectively tackle numerous objectives while directly providing decision-makers with a desirable number of solutions.
To this end, we introduce the idea of cover to MaO and propose a many-objective cover problem (MaCP). Similar to many classical covering problems such as set cover [21] and vertex cover [15], MaCP aims to discover a solution set with size k ([image: $$1 &lt; k \ll m$$]) to cover all objectives (i.e., each objective can be approximately optimized by at least one solution in this set). Figure 1 gives an illustration of MaCP with [image: $$m=6$$] and [image: $$k=3$$], where the six objectives [image: $$\left\{ f_1,f_2,f_3,f_4,f_5,f_6\right\} $$] are desired to be minimized simultaneously, and a solution set [image: $$X=\left\{ x^1,x^2,x^3\right\} $$] can be found to cover all objectives (i.e., [image: $$\left\{ f_1,f_2\right\} $$], [image: $$\left\{ f_3,f_4\right\} $$], and [image: $$\left\{ f_5,f_6\right\} $$] can be approximately optimized by [image: $$x^1$$], [image: $$x^2$$], and [image: $$x^3$$], respectively). Therefore, as long as MaCP is well addressed, we can directly provide decision-makers with a desirable number of solutions when facing many objectives.
We provide an explicit mathematical definition for MaCP and prove its NP- hard property. Then, We develop a clustering-based swarm optimizer (CluSO) to solve MaCP and demonstrate its convergence property. Inspired by the idea of particle swarm optimization (PSO) [25], CluSO classifies all objectives into different clusters and iteratively optimizes a particle swarm under the guidance of the current best solution set and the global best solution set. When reaching the maximal number of iterations, the global best solution set is returned as the final solution set for MaCP.
While CluSO is developed to optimize many objectives, we argue that most existing many-objective test suites (MaTSs) are perhaps not suitable for validating its performance. A major reason is that, despite their arbitrarily large number of objectives, these test problems can be well addressed by a small number of solutions. Some compelling examples can be observed in DTLZ [14]. For DTLZ1-6, the first [image: $$(m-1)$$] objectives can be optimized by a solution [image: $$\boldsymbol{x}=[x_1,...,x_d]^T$$] with [image: $$x_1=0$$] or 1, where d is the problem dimension. For DTLZ7, the first [image: $$(m-1)$$] objectives can be optimized by a solution [image: $$\boldsymbol{x}=[0,...,0,x_d]^T$$]. Thus, if we aim to cover all the objectives in these MaTSs, only two solutions are enough (i.e., one for the first [image: $$(m-1)$$] objectives, and another for the last one). Similar phenomena can also be found in other common MaTSs such as WFG [22] and MaF [9], which shows that they are unsuitable for evaluating CluSO. In fact, in many real-world scenarios, the optimal solutions of different objectives are often different [12, 17, 24], which motivates us to propose an new MaTS, termed decoupling MaTS (DC-MaTS). For each test problem in DC-MaTS, the optimal solution of each objective is different to each other, which makes it practically significant and very suitable for evaluating CluSO.
The contributions of this paper are summarized as follows.
	We provide a novel perspective on many-objective optimization (MaO) by introducing a many-objective cover problem (MaCP), which aims to directly provide decision-makers with a desirable number of solutions when facing many objectives.

	We prove the NP-hard property of MaCP and develop a clustering-based swarm optimizer (CluSO) with a convergence guarantee to solve MaCP.

	We propose a decoupling many-objective test suite (DC-MaTS) with practical significance and use it to evaluate CluSO. Extensive experimental results on various test problems with up to 100 objectives demonstrate both the efficiency and effectiveness of CluSO, while also illustrating that MaCP is a feasible perspective on MaO.






2 Related Work
2.1 Many-Objective Optimization
Currently, Pareto optimality is the main criterion for MaOPs, and MaOEAs are the mainstream methodologies. Based on Pareto optimality, numerous methods have been developed to enhance the capabilities of MaOEAs in solving MaOPs, which can be classified into three types [28]: dominance-based, decomposition-based, and indicator-based methods. Dominance-based methods mainly enhance the selection pressure on non-dominated solutions by modified dominance relationships such as [image: $$\epsilon $$]-dominance [27], [image: $$\theta $$]-dominance [44], and grid-dominance [43]. Decomposition-based methods focus on decomposing MaOPs into multiple sub-problems for optimization using techniques such as aggregation functions [45], reference points [13], and reference vectors [8]. Indicator-based methods, the third category, guide the selection of solutions using performance indicators such as hypervolume [20], R2 [3], and inverted generational distance (IGD) [23].
While these methods can effectively improve the diversity and convergence of solutions, they still face significant challenges such as computational cost and decision-making for selecting solutions. To enhance computational efficiency, some methods attempt to introduce surrogate models [10, 37, 47]. Additionally, to assist decision-makers in selecting solutions, some methods explore further subset selection from the obtained solution set [5, 19, 40]. However, it is still difficult for these methods to deal with a huge number (e.g., up to 100) of objectives. Therefore, we propose introducing MaCP as a new perspective on MaO, aiming to effectively tackle numerous objectives while directly providing decision-makers with a desirable number of solutions.

2.2 Covering Problems
In many real-world scenarios, it is often necessary to select a representative part of data from a large collection to fulfill specific objectives, which has led to the development of various covering problems. Classical covering problems mainly focus on two types of data structures: sets and graphs [38]. The main idea of these problems is to find a subset or subgraph to satisfy some covering objectives, such as minimum set cover [21], maximum set packing [41], minimum hitting set [39], minimum vertex cover [15], maximum clique [42], and minimum dominating set [18]. Building upon these fundamental problems, numerous practical applications have been proposed and studied, including facility location [36], sensor placement [35], and influence maximization [31]. Owing to the NP-hard nature of these problems and the impracticality of exhaustive search, many heuristic methods have been developed to address them [31, 35, 36].
In this paper, we serve many objectives using a small number of solutions, which aligns well with the aims of these covering problems. Thus, we introduce the idea of cover to MaO by proposing MaCP.


3 Problem Formulation
Similar to the definitions of many covering problems, we explicitly define MaCP as the following form.
Definition 1
(Many-Objective Cover Problem). Given a set of m ([image: $$m \ge 4 $$]) objectives [image: $$F = \left\{ f_1(\boldsymbol{x}),f_2(\boldsymbol{x}),\dots ,f_m(\boldsymbol{x})\right\} $$] with [image: $$\boldsymbol{x} \in \mathcal {D} \subset \mathbb {R}^d$$] ([image: $$\mathcal {D}$$] is the decision space) and an integer k with [image: $$1 &lt; k \ll m$$], MaCP aims to find a set of k solutions [image: $$X=\left\{ \boldsymbol{x}^1,\boldsymbol{x}^2,\dots ,\boldsymbol{x}^k\right\} \subset \mathcal {D}$$] to minimize the following objective function:[image: $$\begin{aligned} \mathcal {G}(X) = \sum _{i=1}^{m}{{min}_{1 \le j \le k}f_i(\boldsymbol{x}^j)}. \end{aligned}$$]

 (1)





Similar to many MaO studies [28], we consider bounded continuous [image: $$\mathcal {D}$$] in this paper. When [image: $$k = 1$$], MaCP reduces to the simple aggregation with equal weights on all objectives. When [image: $$k = m$$], it is to find the best solution for each objective independently. Thus, we consider the non-trivial case of [image: $$1 &lt; k \ll m$$]. Moreover, a solution set for MaCP is called a many-objective cover set (MaCS). Next, we demonstrate the complexity of MaCP.
Theorem 1
(NP-hard Property). MaCP is NP-hard.

Proof
We prove this theorem by reducing MaCP to another NP-hard problem. Specifically, We consider an instance of MaCP by setting [image: $$f_i(\boldsymbol{x})$$] as[image: $$\begin{aligned} f_i(\boldsymbol{x}) = \Vert \boldsymbol{v}_i - \boldsymbol{x} \Vert ^2, \end{aligned}$$]

 (2)


where [image: $$\boldsymbol{v}_i \in \mathcal {D}$$] is a constant vector and [image: $$\Vert \boldsymbol{v}_i - \boldsymbol{x} \Vert ^2$$] denotes the squared Euclidean distance between [image: $$\boldsymbol{v}_i$$] and [image: $$\boldsymbol{x}$$]. Thus, the objective function of this instance is[image: $$\begin{aligned} \mathcal {G}'(X) = \sum _{i=1}^{m}{{min}_{1 \le j \le k}\Vert \boldsymbol{v}_i - \boldsymbol{x}^j \Vert ^2}. \end{aligned}$$]

 (3)


From the form of [image: $$\mathcal {G}'(X)$$], we can find that the aim of this instance is to find k centers [image: $$\left\{ \boldsymbol{x}^1,\boldsymbol{x}^2,\dots ,\boldsymbol{x}^k\right\} $$] for m points [image: $$\left\{ \boldsymbol{v}_1,\boldsymbol{v}_2,\dots ,\boldsymbol{v}_m\right\} $$] such that each point can be assigned to the optimal center, which is consistent with the aim of discrete clustering problem (DCP) [16]. Since DCP is NP-hard when [image: $$k&gt;1$$] [16], we can prove the NP-hard property of MaCP and conclude the proof of Theorem 1.


4 Algorithm Design
In MaCP, each solution [image: $$\boldsymbol{x}^j$$] is responsible for optimizing at least one objective, and the objectives optimized by [image: $$\boldsymbol{x}^j$$] can be regarded as an objective cluster. Thus, we can use [image: $$C=\left\{ c^1,c^2,\dots ,c^k\right\} $$] to denote the set of objective clusters, where [image: $$c^j$$] includes the objectives optimized by [image: $$\boldsymbol{x}^j$$]. Then, MaCP can be regarded as detecting a suitable C for all objectives and finding the optimal solution from each cluster. Based on this idea, CluSO is designed to address MaCP, of which the pseudo-code is provided in Algorithm 1. At a high level, it mainly contains two phases: initialization (lines 1–4) and iterative optimization (lines 5–10).
In the first phase, a particle swarm [image: $$\varOmega = \left\{ \omega _1,\omega _2,\dots ,\omega _s\right\} $$] is randomly initialized. Each particle [image: $$\omega _l \in \varOmega $$] ([image: $$l = 1,2,\dots ,s$$]) holds a position vector [image: $$\boldsymbol{p}^l \in \mathbb {R}^d$$] and a velocity vector [image: $$\boldsymbol{v}^l \in \mathbb {R}^d$$]. The position vector denotes a candidate solution, while the velocity vector indicates a potential optimization direction. For convenience, we use [image: $$P = \left\{ \boldsymbol{p}^1, \boldsymbol{p}^2,\dots ,\boldsymbol{p}^s\right\} $$] and [image: $$V = \left\{ \boldsymbol{v}^1, \boldsymbol{v}^2,\dots ,\boldsymbol{v}^s\right\} $$] to record the sets of position and velocity vectors, respectively. Then, [image: $$\boldsymbol{e}_i = \left[ f_i(\boldsymbol{p}^1), f_i(\boldsymbol{p}^2),\dots ,f_i(\boldsymbol{p}^s)\right] ^T$$] is used to denote the objective embedding regarding [image: $$f_i$$], as the [image: $$f_i$$] values of these s solutions can directly reflect some properties of [image: $$f_i$$]. Thus, we can obtain a set of objective embeddings [image: $$E = \left\{ \boldsymbol{e}_1, \boldsymbol{e}_2,\dots ,\boldsymbol{e}_m\right\} $$]. After that, regarding the objective embeddings as the features for all objectives, the k-means clustering algorithm [1] is leveraged to classify all objectives into k clusters and obtain the set of objective clusters [image: $$C=\left\{ c^1,c^2,...,c^k\right\} $$]. Next, two important solution sets, [image: $$X^{cur}$$] and [image: $$X^{glo}$$], are initialized as [image: $$X^{cur} = X^{glo} = \left\{ \boldsymbol{q}^1,\boldsymbol{q}^2,\dots ,\boldsymbol{q}^k\right\} $$], where [image: $$\boldsymbol{q}^j = {argmin}_{\boldsymbol{p}^l \in P}\sum _{f_i\in c^j}f_i(\boldsymbol{p}^l)$$]. Among them, [image: $$X^{cur}$$] denotes the best MaCS in current P (termed current best MaCS), while [image: $$X^{glo}$$] represents the best MaCS found so far (termed global best MaCS).
In the second phase, P, V, [image: $$X^{cur}$$], [image: $$X^{glo}$$], and C will experience an iterative optimization process. When the number of iterations reaches T, CluSO stops and returns [image: $$X^{glo}$$] as the final obtained MaCS. In the following sections, we will demonstrate the iterative optimization process in detail and theoretically analyze the convergence property of CluSO.[image: ]


4.1 Iterative Optimization
We first introduce the optimization process for P and V. In the original single-objective PSO framework [25], each particle uses the personal best position and the global best position to guide the optimization for its position and velocity vectors. However, in CluSO, the solutions in [image: $$X^{cur}$$] and [image: $$X^{glo}$$] are responsible for optimizing different objective clusters, and the performance of particles on different objective clusters also varies. Thus, for each particle, we record the objective cluster that achieves the best performance and guide the optimization of its position and velocity vectors using the solutions that are responsible for optimizing this objective cluster in [image: $$X^{cur}$$] and [image: $$X^{glo}$$]. Specifically, for particle [image: $$\omega _l$$], the most suitable solutions in [image: $$X^{cur}$$] and [image: $$X^{glo}$$] for guiding the optimization of [image: $$\boldsymbol{p}^l$$] and [image: $$\boldsymbol{v}^l$$] are [image: $$\boldsymbol{x}^{cur, \varphi }$$] and [image: $$\boldsymbol{x}^{glo, \varphi }$$], respectively, where [image: $$\varphi = {argmin}_{1 \le j \le k}\sum _{f_i\in c^j}f_i(\boldsymbol{p}^l)$$]. Thereby, similar to the original single-objective PSO framework [25], [image: $$\boldsymbol{p}^l$$] and [image: $$\boldsymbol{v}^l$$] will be updated according to the following rules:[image: $$\begin{aligned} \begin{aligned} \boldsymbol{v}^l &amp; \leftarrow \boldsymbol{r}_1 \boldsymbol{v}^l + \alpha \boldsymbol{r}_2 (\boldsymbol{x}^{cur, \varphi } - \boldsymbol{p}^l) + \beta \boldsymbol{r}_3 (\boldsymbol{x}^{glo, \varphi } - \boldsymbol{p}^l), \\ \boldsymbol{p}^l &amp; \leftarrow \boldsymbol{p}^l + \boldsymbol{v}^l, \end{aligned} \end{aligned}$$]

 (4)


where [image: $$\boldsymbol{r}_1, \boldsymbol{r}_2, \boldsymbol{r}_3 \in \left[ 0,1\right] ^d$$] are three random vectors; [image: $$\alpha , \beta \in \left( 0,+\infty \right) $$] are two human-determined learning parameters. Then, after the update of P, [image: $$X^{cur}$$] will be updated as[image: $$\begin{aligned} X^{cur} \leftarrow \left\{ \boldsymbol{x}^{cur, 1},\boldsymbol{x}^{cur, 2},\dots ,\boldsymbol{x}^{cur, k}\right\} , \end{aligned}$$]

 (5)


where [image: $$\boldsymbol{x}^{cur, j} = {argmin}_{\boldsymbol{p}^l \in P}\sum _{f_i\in c^j}f_i(\boldsymbol{p}^l)$$]. Next, [image: $$X^{glo}$$] will be updated as the one in [image: $$X^{cur}$$] or [image: $$X^{glo}$$] that has better objective function value, which means that[image: $$\begin{aligned} X^{glo} \leftarrow {\text {argmin}}_{X \in \left\{ X^{cur}, X^{glo}\right\} }\mathcal {G}(X). \end{aligned}$$]

 (6)


Finally, [image: $$X^{glo}=\left\{ \boldsymbol{x}^{glo, 1},\boldsymbol{x}^{glo, 2},\dots ,\boldsymbol{x}^{glo, k}\right\} $$] will be further used to update the objective clusters in C. Specifically, for [image: $$c^j$$], it will be updated by[image: $$\begin{aligned} c^j \leftarrow \left\{ f_i|f_i(\boldsymbol{x}^{glo,j}) \le f_i(\boldsymbol{x}^{glo,j'}), 1 \le j' \le k\right\} . \end{aligned}$$]

 (7)





4.2 Convergence Analysis
Theorem 2
(Convergence Property). In CluSO, P, V, [image: $$X^{cur}$$], [image: $$X^{glo}$$], and C will converge to equilibria.

Proof
We first demonstrate the convergence of P and V. Given that the update of position and velocity vectors in P and V constantly obeys the rules in (4), we use the expected value of [image: $$\boldsymbol{r}_1, \boldsymbol{r}_2, \boldsymbol{r}_3$$] to rewrite (4) as the following form:[image: $$\begin{aligned} \begin{aligned} \boldsymbol{v}^l &amp; \leftarrow 0.5 \boldsymbol{v}^l + 0.5\alpha (\boldsymbol{x}^{cur, \varphi } - \boldsymbol{p}^l) + 0.5\beta (\boldsymbol{x}^{glo, \varphi } - \boldsymbol{p}^l), \\ \boldsymbol{p}^l &amp; \leftarrow \boldsymbol{p}^l + \boldsymbol{v}^l. \end{aligned} \end{aligned}$$]

 (8)


Let [image: $$\boldsymbol{p}^l(t)$$] and [image: $$\boldsymbol{v}^l(t)$$] denote the state of [image: $$\boldsymbol{p}^l$$] and [image: $$\boldsymbol{v}^l$$] in iteration t, respectively. Then, (8) can be further rewritten as[image: $$\begin{aligned} \begin{aligned} \boldsymbol{v}^l(t+1) &amp; = 0.5 \boldsymbol{v}^l(t) + \eta \left( \boldsymbol{\rho } - \boldsymbol{p}^l(t)\right) , \\ \boldsymbol{p}^l(t+1) &amp; = \boldsymbol{p}^l(t) + \boldsymbol{v}^l(t+1), \end{aligned} \end{aligned}$$]

 (9)


where[image: $$\begin{aligned} \begin{aligned} \eta &amp; = 0.5(\alpha +\beta ), \\ \boldsymbol{\rho } &amp; = \frac{\alpha }{\alpha +\beta } \boldsymbol{x}^{cur, \varphi }(t) + \frac{\beta }{\alpha +\beta } \boldsymbol{x}^{glo, \varphi }(t). \end{aligned} \end{aligned}$$]

 (10)


From the view of dynamical system, (9) can be simplified to the following dynamical equation:[image: $$\begin{aligned} \textbf{Y}(t+1) = \textbf{A}\textbf{Y}(t) + \textbf{B}, \end{aligned}$$]

 (11)


where[image: $$\begin{aligned} \textbf{Y}(t)= \begin{bmatrix} \boldsymbol{v}^l(t) \\ \boldsymbol{p}^l(t) \end{bmatrix}, \textbf{A}= \begin{bmatrix} 0.5 &amp;  -\eta \\ 0.5 &amp;  1-\eta \end{bmatrix}, \textbf{B}= \begin{bmatrix} \eta \boldsymbol{\rho } \\ \eta \boldsymbol{\rho } \end{bmatrix}. \end{aligned}$$]

 (12)


Then, the eigenvalues of [image: $$\textbf{A}$$], termed [image: $$\sigma $$], satisfy[image: $$\begin{aligned} \sigma ^2 - (1.5 - \eta )\sigma + 0.5 = 0, \end{aligned}$$]

 (13)


where[image: $$\begin{aligned} \begin{aligned} \sigma _1 &amp; = 0.75 - 0.5\eta + 0.5\sqrt{(1.5-\eta )^2-2}, \\ \sigma _2 &amp; = 0.75 - 0.5\eta - 0.5\sqrt{(1.5-\eta )^2-2}. \end{aligned} \end{aligned}$$]

 (14)


Since [image: $$\eta = 0.5(\alpha +\beta ) &gt; 0$$], we can find that[image: $$\begin{aligned} \begin{aligned} |\sigma _1| &lt; 1, |\sigma _2| &lt; 1. \end{aligned} \end{aligned}$$]

 (15)


Based on the theories of dynamical system [6, 7, 11], (15) indicates that the dynamical system in (11) can converge to an equilibrium [image: $$\bar{\textbf{Y}}$$], i.e., [image: $$\bar{\textbf{Y}}(t+1)=\bar{\textbf{Y}}(t)$$] holds. Thus, according to (11) and (12), we have[image: $$\begin{aligned} \bar{\textbf{Y}}= \begin{bmatrix} \boldsymbol{0} \\ \boldsymbol{\rho } \end{bmatrix}. \end{aligned}$$]

 (16)


which proves the convergence of P and V. Then, according to the lines 5–10 in Algorithm 1, we can find that [image: $$X^{cur}$$], [image: $$X^{glo}$$], and C can also converge when P and V reach equilibria. Thus, Theorem 2 holds.



5 Experimental Analysis
To demonstrate that MaCP is a feasible perspective on MaO, this section conducts a series of experiments to verify the efficiency and effectiveness of CluSO. First, we illustrate our proposed test suite DC-MaTS in detail, followed by a brief introduction to the baselines for comparison. After that, we present and analyze the corresponding experimental results. All experiments are conducted on a personal computer equipped with a 3.0 GHz Intel Core i7 processor.
5.1 Test Problems
Similar to many common MaTSs [9, 14, 22], our proposed DC-MaTS has the following standard form:[image: $$\begin{aligned} f_i(\boldsymbol{x})=-g(x_i)+\frac{1}{d-1}\left( -g(x_i)+\sum _{a=1}^dg(x_a)\right) , i=1,2,\dots ,m, \end{aligned}$$]

 (17)


where [image: $$\boldsymbol{x} = \left[ x_1,x_2,\dots ,x_d\right] ^T$$] denotes a solution with [image: $$0\le x_a\le 1$$] and [image: $$d\ge m$$], and g(x) is a monotonically increasing function with [image: $$x\in [0,1]$$], [image: $$g(0)=0$$], and [image: $$g(1)=1$$]. Thus, we can find that [image: $$f_i(\boldsymbol{x}) \in [-1,1]$$] and the optimal solution to [image: $$f_i(\boldsymbol{x})$$] is [image: $$\boldsymbol{x}^* = \left[ x_1^*,x_2^*,\dots ,x_d^*\right] ^T$$] where [image: $$x_i^*$$] equals 1 and all other elements equal 0. This property shows that the optimal solution of each objective is different to each other, which aligns with many real-world scenarios [12, 17, 24]. Then, we consider some common functions and give four concrete problems of DC-MaTS:	[image: $$g(x)=x$$] (DC-MaTS1).

	[image: $$g(x)=x^2$$] (DC-MaTS2).

	[image: $$g(x)=\sqrt{x}$$] (DC-MaTS3).

	[image: $$g(x)=\sin {0.5\pi x}$$] (DC-MaTS4).





In this paper, we set [image: $$d=m$$] for simplicity and use these four types of problems with different settings of m and k (termed DC-MaTS(m,k)) to evaluate CluSO.

5.2 Baselines
To the best of our knowledge, there has not been any algorithm other than CluSO that is specifically designed for solving MaCP. Thus, we compare CluSO to some commonly-used MaOEAs including MOEA/D [45], NSGA-III [13], and RVEA [8]. It should be noted that the purpose of the comparison is not to demonstrate the superiority of CluSO, which is perhaps predictable as the algorithm is specifically designed for the proposed MaCP, while the others are not. Instead, we would like to illustrate that MaCP is a feasible perspective on MaO, and the practically significant problems in NC-MaTS are challenging for existing MaOEAs. From this perspective, the comparison serves as a moderate spur to inspire more upcoming algorithms designed from the perspective of MaCP.
For a fair comparison, the code of CluSO is implemented by Python, and these three baselines are all implemented by the Pymoo package [2] in Python. With a trial-and-error process, the parameters with similar meanings in CluSO and baselines are uniformly set as follows: swarm (population) size [image: $$s=600$$] and iteration number [image: $$T=100$$]. Besides, the learning parameters in CluSO are set as [image: $$\alpha =\beta =1$$], and other parameters in baselines are all set to default values.
A very important point is that all these baselines address MaOPs from the perspective of Pareto optimality. In all test environments, they return a large-size set (termed U, [image: $$|U| \gg k$$]) of non-dominated solutions rather than directly providing k solutions like CluSO. For a fair comparison, the greedy algorithm, a widely-used solution selection method for decision-makers [5, 19, 40], is adopted to select the best k solutions from U as the final output of these baselines.

5.3 Experimental Results
We first evaluate the effectiveness ([image: $$\mathcal {G}(X)$$]) and efficiency (computational time) of CluSO on different problems of DC-MaTS. Similar to some related studies [29, 30, 32], we conduct 10 independent runs for each algorithm and report the corresponding results in Table 1 and Table 2, where the bold numbers indicate the best results. In all 16 instances of DC-MaTS, CluSO achieves the best [image: $$\mathcal {G}(X)$$] value, and its computational time is only [image: $$9\%\sim 19\%$$] of the best baseline. The main reason is that all these baselines address these MaOPs from the perspective of Pareto optimality. When facing numerous objectives, they conduct many comparisons between solutions and generate a large number of non-dominated solutions, thus consuming lots of time and resulting in unremarkable [image: $$\mathcal {G}(X)$$] values. By contrast, CluSO solves these MaOPs from the perspective of MaCP and avoids many unnecessary calculations, thus obtaining better [image: $$\mathcal {G}(X)$$] values in an efficient manner.Table 1.The means and standard deviations of [image: $$\mathcal {G}(X)$$] and computational time (CT/s) obtained by CluSO and all baselines on DC-MaTS1 and DC-MaTS2.


	 	MOEA/D
	NSGA-III
	RVEA
	CluSO

	[image: $$\mathcal {G}(X)$$]
	CT
	[image: $$\mathcal {G}(X)$$]
	CT
	[image: $$\mathcal {G}(X)$$]
	CT
	[image: $$\mathcal {G}(X)$$]
	CT

	DC-MaTS1
	–3.29
	99.48
	–5.74
	124.91
	–4.40
	81.98
	–8.26
	7.60

	(25,3)
	([image: $$\pm 0.19$$])
	([image: $$\pm 2.91$$])
	([image: $$\pm 0.26$$])
	([image: $$\pm 5.95$$])
	([image: $$\pm 0.16$$])
	([image: $$\pm 3.67$$])
	([image: $$\pm 0.50$$])
	([image: $$\pm 0.13$$])

	DC-MaTS1
	–1.55
	152.51
	–7.91
	208.57
	–7.68
	146.70
	–16.06
	13.75

	(50,5)
	([image: $$\pm 0.17$$])
	([image: $$\pm 7.88$$])
	([image: $$\pm 0.23$$])
	([image: $$\pm 8.61$$])
	([image: $$\pm 0.16$$])
	([image: $$\pm 6.18$$])
	([image: $$\pm 0.89$$])
	([image: $$\pm 0.13$$])

	DC-MaTS1
	–2.86
	206.83
	–13.41
	296.81
	–14.01
	204.40
	–23.31
	19.63

	(75,7)
	([image: $$\pm 0.36$$])
	([image: $$\pm 15.72$$])
	([image: $$\pm 0.54$$])
	([image: $$\pm 20.17$$])
	([image: $$\pm 0.40$$])
	([image: $$\pm 15.83$$])
	([image: $$\pm 0.85$$])
	([image: $$\pm 0.08$$])

	DC-MaTS1
	–4.29
	227.87
	–20.91
	325.55
	–22.57
	210.39
	–30.29
	25.55

	(100,9)
	([image: $$\pm 0.66$$])
	([image: $$\pm 28.79$$])
	([image: $$\pm 1.05$$])
	([image: $$\pm 27.20$$])
	([image: $$\pm 0.79$$])
	([image: $$\pm 26.30$$])
	([image: $$\pm 1.25$$])
	([image: $$\pm 0.15$$])

	DC-MaTS2
	–2.02
	101.62
	–6.13
	113.81
	–4.47
	82.33
	–8.64
	8.51

	(25,3)
	([image: $$\pm 0.26$$])
	([image: $$\pm 3.41$$])
	([image: $$\pm 0.18$$])
	([image: $$\pm 3.73$$])
	([image: $$\pm 0.20$$])
	([image: $$\pm 3.62$$])
	([image: $$\pm 0.49$$])
	([image: $$\pm 0.14$$])

	DC-MaTS2
	–1.36
	154.15
	–9.01
	200.42
	–5.83
	139.81
	–16.34
	15.79

	(50,5)
	([image: $$\pm 0.20$$])
	([image: $$\pm 8.33$$])
	([image: $$\pm 0.79$$])
	([image: $$\pm 15.13$$])
	([image: $$\pm 0.24$$])
	([image: $$\pm 3.23$$])
	([image: $$\pm 0.59$$])
	([image: $$\pm 0.26$$])

	DC-MaTS2
	–3.40
	219.41
	–15.88
	301.29
	–11.87
	203.71
	–24.04
	23.04

	(75,7)
	([image: $$\pm 0.53$$])
	([image: $$\pm 22.24$$])
	([image: $$\pm 1.10$$])
	([image: $$\pm 24.02$$])
	([image: $$\pm 1.08$$])
	([image: $$\pm 17.12$$])
	([image: $$\pm 1.18$$])
	([image: $$\pm 0.41$$])

	DC-MaTS2
	–4.75
	231.37
	–25.81
	329.95
	–15.61
	209.27
	–31.80
	30.14

	(100,9)
	([image: $$\pm 0.77$$])
	([image: $$\pm 24.33$$])
	([image: $$\pm 1.75$$])
	([image: $$\pm 21.18$$])
	([image: $$\pm 1.85$$])
	([image: $$\pm 21.84$$])
	([image: $$\pm 1.19$$])
	([image: $$\pm 0.70$$])





However, the experimental results in Table 1 and Table 2 can also bring the following two questions:	Do the objective values obtained by CluSO distribute evenly? In other words, is CluSO’s optimal performance achieved by sacrificing certain objectives?

	For baselines, can the optimal solution set selected by the greedy algorithm represent their performance well?





To answer these two questions, we further present the objective values of complete non-dominated solution sets (obtained by all baselines) and k solutions (generated by CluSO) on all objectives of different DC-MaTS1 problems, as shown in Fig. 2. It can be observed that the distribution of objective values obtained by CluSO is highly uniform. Moreover, when the total number of objectives is 25, 50, 75, and 100, CluSO achieves optimal results on 64% (16/25), 82% (41/50), 76% (57/75), and 84% (84/100) of the objectives, respectively, which shows the powerful capability of CluSO in optimizing many objectives and also demonstrates that MaCP is a feasible perspective on MaO.Table 2.The means and standard deviations of [image: $$\mathcal {G}(X)$$] and computational time (CT/s) obtained by CluSO and all baselines on DC-MaTS3 and DC-MaTS4.


	 	MOEA/D
	NSGA-III
	RVEA
	CluSO

	[image: $$\mathcal {G}(X)$$]
	CT
	[image: $$\mathcal {G}(X)$$]
	CT
	[image: $$\mathcal {G}(X)$$]
	CT
	[image: $$\mathcal {G}(X)$$]
	CT

	DC-MaTS3
	–3.17
	98.78
	–4.94
	115.92
	–4.26
	82.89
	–6.98
	8.50

	(25,3)
	([image: $$\pm 0.15$$])
	([image: $$\pm 3.15$$])
	([image: $$\pm 0.15$$])
	([image: $$\pm 5.69$$])
	([image: $$\pm 0.10$$])
	([image: $$\pm 4.13$$])
	([image: $$\pm 0.32$$])
	([image: $$\pm 0.24$$])

	DC-MaTS3
	–1.07
	152.88
	–6.73
	202.08
	–7.00
	142.41
	–13.20
	15.38

	(50,5)
	([image: $$\pm 0.10$$])
	([image: $$\pm 4.79$$])
	([image: $$\pm 0.14$$])
	([image: $$\pm 7.64$$])
	([image: $$\pm 0.17$$])
	([image: $$\pm 10.07$$])
	([image: $$\pm 0.40$$])
	([image: $$\pm 0.10$$])

	DC-MaTS3
	–1.98
	211.80
	–10.93
	298.11
	–12.17
	207.36
	–18.59
	21.52

	(75,7)
	([image: $$\pm 0.28$$])
	([image: $$\pm 22.45$$])
	([image: $$\pm 0.31$$])
	([image: $$\pm 23.10$$])
	([image: $$\pm 0.56$$])
	([image: $$\pm 20.16$$])
	([image: $$\pm 0.81$$])
	([image: $$\pm 0.11$$])

	DC-MaTS3
	–2.86
	228.14
	–15.72
	319.37
	–17.61
	213.35
	–23.94
	29.62

	(100,9)
	([image: $$\pm 0.59$$])
	([image: $$\pm 25.63$$])
	([image: $$\pm 0.61$$])
	([image: $$\pm 31.67$$])
	([image: $$\pm 0.27$$])
	([image: $$\pm 23.51$$])
	([image: $$\pm 1.05$$])
	([image: $$\pm 0.54$$])

	DC-MaTS4
	–4.04
	104.99
	–5.34
	114.97
	–4.65
	87.37
	–9.29
	11.45

	(25,3)
	([image: $$\pm 0.20$$])
	([image: $$\pm 4.99$$])
	([image: $$\pm 0.17$$])
	([image: $$\pm 4.51$$])
	([image: $$\pm 0.28$$])
	([image: $$\pm 4.75$$])
	([image: $$\pm 0.66$$])
	([image: $$\pm 0.18$$])

	DC-MaTS4
	–1.37
	157.86
	–6.71
	209.17
	–6.78
	152.30
	–16.77
	21.68

	(50,5)
	([image: $$\pm 0.22$$])
	([image: $$\pm 9.55$$])
	([image: $$\pm 0.25$$])
	([image: $$\pm 12.38$$])
	([image: $$\pm 0.27$$])
	([image: $$\pm 6.00$$])
	([image: $$\pm 0.97$$])
	([image: $$\pm 0.17$$])

	DC-MaTS4
	–2.08
	224.66
	–11.36
	306.13
	–11.93
	218.11
	–24.82
	32.77

	(75,7)
	([image: $$\pm 0.20$$])
	([image: $$\pm 25.83$$])
	([image: $$\pm 0.31$$])
	([image: $$\pm 27.29$$])
	([image: $$\pm 0.51$$])
	([image: $$\pm 21.93$$])
	([image: $$\pm 0.96$$])
	([image: $$\pm 0.33$$])

	DC-MaTS4
	–2.87
	229.07
	–17.00
	346.41
	–18.26
	226.23
	–31.56
	43.33

	(100,9)
	([image: $$\pm 0.39$$])
	([image: $$\pm 29.03$$])
	([image: $$\pm 0.87$$])
	([image: $$\pm 34.78$$])
	([image: $$\pm 1.15$$])
	([image: $$\pm 28.44$$])
	([image: $$\pm 1.52$$])
	([image: $$\pm 0.37$$])
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Fig. 2.The objective values of complete non-dominated solution sets (obtained by all baselines) and k solutions (generated by CluSO) on all objectives of different DC-MaTS1 problems.





6 Conclusion
In this paper, we provide a new perspective on many-objective optimization by introducing a many-objective cover problem (MaCP), which aims to discover a few solutions to cover many objectives. We prove the NP-hard property of MaCP and develop a clustering-based swarm optimizer (CluSO) with a convergence guarantee to solve it. Then, we propose a decoupling many-objective test suite (DC-MaTS) with practical significance to evaluate CluSO. Extensive experimental results demonstrate both the efficiency and effectiveness of CluSO, which shows the potential to tackle problems with one hundred or even more objectives by optimizing MaCP. In the future, we plan to further analyze the nature of MaCP and design more strategies to enhance the performance of CluSO.
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Abstract
In the combinatorial optimization field, Knowledge Discovery (KD) mechanisms (e.g., data mining, neural networks) have received increasing interest over the years. KD mechanisms are based upon two main procedures, being the extraction of knowledge from solutions, and the injection of such knowledge into solutions. However, in a multi-objective (MO) context, the simultaneous optimization of many conflicting objectives can lead to the learning of contradictory knowledge. We propose to develop a Solution-based KD (SKD) mechanism suited to MO optimization. It is integrated within two existing metaheuristics: the Iterated MO Local Search (IMOLS) and the MO Evolutionary Algorithm based on Decomposition (MOEA/D). As a case study, we consider a bi-objective Vehicle Routing Problem with Time Windows (bVRPTW), to define accordingly the problem-dependent knowledge of the SKD mechanism. Our experiments show that using the KD mechanism we propose increases the performance of both IMOLS and MOEA/D algorithms.
Keywords
Knowledge DiscoveryMulti-objective OptimizationCombinatorial OptimizationRouting Problems
1 Introduction
Efficient exploration of the search space is a key element of solving discrete optimization problems. Indeed, the search space is a set of regions containing solutions of different quality, from which it may be more or less difficult to escape. In this paper, we assume that solutions in the same region share common characteristics and, by wisely combining them, it is possible to reach more interesting regions with better-performing solutions. This assumption was verified on Solomon’s benchmark, where [image: $$40\%$$] (resp. [image: $$25\%$$]) of arcs are shared between close (high-quality) solutions in instances with tight (resp. wide) time windows. In addition, this assumption is used by PILS [1], in which the structure of local optima guides the exploration towards regions that are difficult to reach by simple local search (LS) algorithms.
Knowledge Discovery (KD) processes have already received various interests, in single-objective [1, 11, 23] and in multi-objective (MO) [18, 24, 32] optimization. In particular, the concept of innovization introduced by Deb et al. [10], focuses on the dependency between the decision variables of a solution to help an optimization algorithm to reach specific parts of the objective space. We investigate a different approach by using the representation of the solution (here, as a permutation) instead of directly using the decision variables. Our approach finds echoes in Estimation of Distribution Algorithms [22], and more recently in linkage learning for permutation problems [13], although our approach exploits only frequent common structures found instead of using bayesian networks to learn more precise dependencies between variables.
In this article, we further develop the notion of Solution-based Knowledge Discovery (SKD) metaheuristics, by extending the construction of knowledge groups developed in [18]. This work leads to a new model coherent with MO optimization algorithms. We instantiate the model with the Iterated MOLS (IMOLS) [5] and the MO Evolutionary Algorithm based on Decomposition (MOEA/D) [34].
Since the extraction and injection procedures are themselves dependent on the problem studied, we decided to base our study on a bi-objective Vehicle Routing Problem with Time Windows (bVRPTW) already presented in [19]. In this problem, we minimize the total traveling cost and waiting time of drivers, which are conflicting objectives [7]. Indeed, when a driver arrives too early a waiting time is incurred, increasing the duration of the route for the driver. Considering real-life situations (e.g. food delivery, medical transportation), this additional time may incur satisfaction issues. Moreover, in the classical version of the VRPTW, the first objective to optimize is the number of vehicles, which is a discrete objective function, and then the total traveled distance is minimized as a second objective. However, the use of two continuous objectives (the total cost and the total waiting time) together allows the generation of fronts that contain, in general, many more non-dominated solutions, and it is better suited to a MO context, especially when knowledge is extracted from solutions.
The article is structured as follows: Section 2 presents MO optimization concepts and the IMOLS and MOEA/D metaheuristics. Our contribution, the SKD metaheuristic, is presented in Sect. 3. The model is integrated into IMOLS and MOEA/D in Sect. 4. Section 5 presents the problem and defines the knowledge to extract and inject in this context. In Sect. 6 our experimental protocol is presented and the results obtained are discussed. We conclude in Sect. 7.

2 Context
2.1 Multi-objective Optimization
A Multi-objective Combinatorial Optimization Problem (MoCOP) is commonly formalized as follows [8]:[image: $$\begin{aligned} (MoCOP) = \left\{ \begin{array}{rl} Optimize &amp;  F(x) = (f_1(x), f_2(x), \ldots , f_{n}(x)) \\ s.t. &amp;  x\in \mathcal {D}, \\ \end{array} \right. \end{aligned}$$]

 (1)


where [image: $$n\ge 2$$] objective functions [image: $$f_i$$] have to be optimized, [image: $$x$$] is a vector of decision variables, and [image: $$\mathcal {D}$$] is the set of solutions. The objective space is the image of [image: $$F$$].
We say that a solution [image: $$x$$] dominates a solution [image: $$y$$], noted [image: $$x\prec y$$] in a minimization context, if and only if for all [image: $$i \in \{1 \ldots n\}$$], [image: $$f_i(x) \le f_i(y)$$] and there exists [image: $$j \in \{1 \ldots n\}$$] such that [image: $$f_j(x) &lt; f_j(y)$$]. The dominance relation induces a partial order in the solution space. Indeed, there exist pairs of solutions that cannot be compared to each other. Such solutions are said to be non-dominant.
A Pareto front is defined as a set of non-dominated solutions. A feasible solution [image: $$x^*\in \mathcal {D}$$] is called Pareto optimal if and only if there is no solution [image: $$x\in \mathcal {D}$$] such that [image: $$x\prec x^*$$]. We solve a MoCOP by finding all the Pareto optimal solutions, which form together the Pareto optimal set. The image of the Pareto optimal set by the objective function [image: $$F$$] provides the true Pareto front.
To compare Pareto fronts, and thus the algorithms providing them, many indicators have been developed [27]. In this paper, we consider the unary hypervolume (uHV) [35] metric. It is defined relatively to a reference point [image: $$Z_{ref}$$], generally [image: $$(1.001, \ldots , 1.001)$$], and requires that the objectives of the solutions are normalized between 0 and 1. This indicator is to be maximized and allows a good evaluation of the front’s accuracy, diversity, and cardinality. Geometrically, the uHV represents the volume of the objective space (bounded by [image: $$Z_{ref}$$]) covered by the members of a non-dominated set of solutions.
Many metaheuristics based on LS techniques, called MOLS [5], or using evolutionary algorithms, like Non-Dominated Sorting Genetic Algorithm (NSGA-II) [9], and MOEA/D [34], have been designed to solve MO problems. The following sections focus on iterated MOLS (Sect. 2.2) and MOEA/D (Sect. 2.3).

2.2 Iterated MOLS
A MOLS is an algorithm that iteratively explores solutions selected from a current population, by using LS procedures, accepts candidates during the search, and then updates an external archive of non-dominated solutions. We refer to the survey of Blot et al. [5], for a comprehensive overview of all possible mechanisms related to the conception of MOLS. A large part of MOLS algorithms is Pareto-based, meaning that they rely on the dominance criterion to accept neighbors during the search, contrarily to aggregation-based ones, which aggregate the different objectives to turn the problem into single-objective optimization. Among the Pareto-based algorithms, we find the Dominance-based MOLS (DMLS) algorithms [20] and the Pareto LS (PLS) [25].
In addition, it is possible to consider iterated MOLS (IMOLS), which mimic iterated LS, by using a perturbation procedure as a restart when a particular condition is reached (e.g., convergence of the MOLS).

2.3 MOEA/D
MOEA/D [34], is a genetic algorithm widely studied in the literature [33], approximating the Pareto front by decomposing the MO problem into several scalar objective subproblems. There exist many ways to generate [image: $$M$$] scalar problems, but in every case, it requires a set of weight vectors [image: $$w^1, \ldots , w^{M}$$]. A weight vector [image: $$w= (w_1, \ldots , w_{n})$$] is such that, [image: $$\forall i \in \{1,\ldots ,n\} \; w_i \ge 0$$] and [image: $$\sum _{i=1}^{n} w_i = 1$$], where [image: $$n$$] is the number of objectives considered. During the execution of MOEA/D, a population of solutions is maintained, where the i-th solution of the population is the best solution found for the i-th subproblem. Usually, a random permutation of the subproblems is defined in the beginning so that subproblems are always solved in the same order. Subproblems are iteratively solved, by applying a genetic step composed of crossover and mutation operators. When the subproblem i is optimized, two solutions from the population are selected for the crossover step. To perform that selection, two neighbor subproblems of subproblem i (included) are chosen, knowing that the neighborhood of a subproblem contains the [image: $$m$$] subproblems associated with the closest (for the Euclidean distance) weight vectors to weight vector [image: $$w^i$$]. The mutation is commonly replaced by a LS [6, 15, 17], to intensify the search in the regions identified with the crossover. If the final solution obtained is better than the initial solution considered for the subproblem, then it is replaced. The final solution is also tentatively added to an external archive storing the best non-dominated solutions found during the search and returned once the termination criterion of the algorithm is reached.

2.4 Unified View of IMOLS and MOEA/D
[image: ]
Fig. 1.The proposed unified view for IMOLS and MOEA/D metaheuristics.


[image: ]
Fig. 2.The unified view integrating the three steps of the SKD.



This section shows the structural similarities between IMOLS and MOEA/D through a unified view. Our motivation behind this unification is to show how our knowledge discovery mechanism (SKD), presented in Sect. 3, can be integrated into algorithms sharing the same structural properties.
The IMOLS and MOEA/D frameworks can be abstracted with the following four main steps: Selection, Exploitation, Update, and Perturbation. The Fig. 1 shows how these steps interact together. The Exploitation step is used for intensification while the Perturbation one for diversification. A cycle is defined as a succession of a fixed number of iterations of the three first steps (i.e., Selection, Exploitation, and Update). When a cycle ends, a Perturbation occurs, if a specific criterion is met, to update the current population before the next Selection, and so forth, until a termination criterion is reached (generally based on time or number of iterations). An external archive is maintained to track the best non-dominated solutions found and is finally returned. The steps are discussed below with details about their instantiation in IMOLS and MOEA/D.
The Selection step chooses one or several solutions to explore in the current population, initialized with the initial front provided. This choice can be done randomly, or following a criterion to focus on a specific region of the objective space. In IMOLS, the selection is directly performed from the current population. In MOEA/D, each subproblem is sequentially selected, and consequently, the associated solution is explored.
Exploitation is the intensification step of the algorithm where the search focuses on specific regions of the search space. During this step, the neighborhood of the selected solutions is exploited, until a criterion is reached, to generate new (better) candidate solutions. In IMOLS, the exploitation consists of accepting either non-dominated or dominating neighbors of the selected solutions, considering a reference set. Consequently, many iterations are needed to reach out to a Pareto local optima. In MOEA/D the exploitation consists of applying a single-objective LS [14], for the selected subproblem, until a local optimum is reached.
When new solutions are found after the exploitation, the Update step tentatively integrates them into the external archive and the current population. While the external archive generally relies on bounded mechanisms, it is possible to adopt different strategies to update the current population (e.g., replacement of the solution explored, keeping non-dominated solutions in priority).
In neighborhood-based algorithms and evolutionary ones, it is necessary to perturb solutions to escape regions with local optima. The Perturbation generates new solutions to be explored by applying random moves, destroy and repair mechanisms, or genetic operators. It acts like a diversification step where new regions of the search space can be identified and then explored. After the perturbation, the solutions are used to create a new current population, and a new cycle is started. In IMOLS, the perturbation relies on LS mechanisms. In MOEA/D, it corresponds to a crossover.
In the next section, we present the SKD mechanism. Its integration in IMOLS and MOEA/D is presented in Sect. 4.


3 Solution-Based Knowledge Discovery
3.1 Global Overview and Main Issues
In [18], the concept of knowledge groups is introduced. The idea is to divide the objective space into regions each representing a knowledge group. A knowledge group gathers structural elements of the solutions of the same region. If the approach was promising, many obstacles remain and have to be tackled to ensure a model, that can be easily integrated into various MO algorithms. The first issue concerns the creation of knowledge groups. The creation proposed in [18] was dependent on the aggregations used in MOEA/D, which highly restricted its range of applications. Our proposition, detailed in Sect. 3.2 overcomes this limit, allowing many more integration possibilities. Then, the interaction between the extraction (resp. injection) procedure and the groups newly created, is presented in Sect. 3.3 (resp. Sect. 3.4). Although the interactions remain similar to those described in [18], we present them in a more flexible way to allow a better integration in metaheuristics.

3.2 Creation of Knowledge Groups
The problem is associating each knowledge group with a region of the objective space. We consider that each group is related to a representative, inducing the region of the group. In the following, we consider, for simplicity purposes, a bi-objective space. We propose two strategies to create the [image: $$k_{G}$$] representatives of the groups. The first one, represented in Fig. 3, with [image: $$k_{G}= 5$$] representatives named [image: $$g^i$$], generates [image: $$k_{G}$$] uniformly spread weight vectors. Then, to evaluate the proximity of a solution to a group we aggregate the objectives of the solution by using the weight vector associated with the group. This strategy is a simple variant of [18] allowing to use it in other algorithms than MOEA/D. The second strategy, represented in Fig. 4, links the extreme points of the current front with a straight line. Then, [image: $$k_{G}$$] points (including the extreme points) are regularly created on the line. Each created point corresponds to a representative of a group. The proximity of a solution to a group is then evaluated by the Euclidean distance between the objective vector of the solution and the representative. With this second strategy, it is possible (and recommended) to dynamically update the representatives of each group, before the extraction, if the extreme points vary. In both figures, each point of the Pareto front is linked to its closest representative, which leads to different distributions for each construction.

3.3 Extraction and Knowledge Groups
The extraction procedure is presented in Algorithm 1. It is possible to deactivate the extraction until a certain execution time is reached, to balance low-quality and high-quality solutions. In the following, we activate the procedure with no delay, at the beginning of the execution, since an initial front is provided.
For the extraction procedure, a learning set [image: $$L$$] of solutions generated during the execution of the algorithm is provided. However, MO algorithms explore plenty of solutions during their execution (e.g., MOLS), and learning from all of them would scramble the knowledge added to the groups. Consequently, a subset of [image: $$L$$] that contains only the solutions that undergo the extraction procedure is considered. Here, we suggest to keep only the non-dominated solutions of [image: $$L$$]. In particular, it allows the learning to focus on the most interesting solutions. Please note that other possibilities may be taken into account as a random sample or a mix of dominated and non-dominated solutions.
Once [image: $$L$$] is filtered, knowledge is extracted from each remaining solution [image: $$x$$]. It is then added to the [image: $$d_e$$] closest groups (function SelectGroups, l.4 of Algorithm 1) of [image: $$x$$], following the evaluation of the proximity between a solution and a group provided in Sect. 3.2. The parameter [image: $$d_e$$] allows the control of the diversification of the mechanism: smaller values correspond with fewer groups being updated. Then, the elements of knowledge are added to the corresponding groups, and a score (e.g., the frequency of appearance) reflecting the relevance of each element is updated. However, we choose not to allow the same solution to contribute more than once to a group, to avoid the bias induced by local optima. The set [image: $$L$$] is emptied after updating the groups.[image: ]
Fig. 3.Creation of groups based on weight vectors (denoted WG).


[image: ]
Fig. 4.Creation of groups based on extrema points (denoted EG).



The construction of [image: $$L$$] and the function Filter used in Algorithm 1 are presented in Sect. 4 since they are algorithm-dependent. The functions Extract (l.3) and Update (l.5), being problem-dependent, are presented in Sect. 5.2.
[image: ]
Algorithm 1:Extraction procedure.




3.4 Injection and Knowledge Groups
At that point, all the solutions from the current population undergo the injection procedure presented in Algorithm 2.
First, the knowledge to inject has to be selected. Likewise for the extraction (see the SelectGroups function), a subset of [image: $$d_i$$] groups containing the closest groups to [image: $$x$$] is created. Again, this parameter controls the diversification of the mechanism. The function SelectOne applied to the [image: $$d_i$$] candidate groups selects the final group, that will produce the knowledge to inject in the solution [image: $$x$$]. It can be done at random, or following a specific criterion if a group is preferred. Then, some knowledge is selected from the resulting group with the SelectKnowledge function. In particular, the selection of the knowledge should use the scores of the elements in the group. In that case, it is possible to select the elements with the highest score or by means of a roulette wheel mechanism. Each element k of knowledge is tentatively injected into a solution [image: $$x'$$] (initially [image: $$x$$]) using the function Inject. All solutions accepted (e.g. those non-dominating [image: $$x'$$]) during the injection of k are added to a set [image: $$S'$$]. The next solution [image: $$x'$$] to undergo the injection can be replaced by taking one of the solutions of [image: $$S'$$] (function SelectNextSolution). For that choice, it is possible to select a solution at random, with a dominance criterion, or with an aggregation when it is defined. Finally, after the injection of all the elements of knowledge, all the accepted solutions are returned.
SelectOne (l.2), SelectKnowledge (l.3), and SelectNextSolution (l.7) used in Algorithm 2 are defined in Sect. 4 since they are algorithm-dependent. The problem-dependent function Inject (l.6) is defined in Sect. 5.2.
[image: ]
Algorithm 2:Injection procedure.




3.5 Integration of SKD Into the Unified View
The Solution-based Knowledge Discovery (SKD) uses knowledge groups and the procedures of extraction and injection suited to MO algorithms. The Unified View presented in Sect. 2.4 contains successive steps of intensification and diversification. The intensification is usually the core of the MO algorithms where identified regions of the search space are deeply explored using an underlying local knowledge given by the neighborhood. In this section, we integrate the SKD into MO algorithms using our unified view (see Fig. 1). We aim to improve the diversification phase, by exploring larger regions of the search space with the knowledge stored in the groups.
At the beginning of the execution, given the initial front provided, the knowledge groups are created following one strategy presented in Sect. 3.2.
Applying the extraction procedure at every iteration would result in a lot of noise for the knowledge groups. In particular, waiting a few iterations allows the learning set to contain more interesting solutions. Hence, the Extraction step should be applied only after the end of a cycle, on a subset of explored solutions.
Any solution can undergo the injection but, like the Extraction, applying it to all the explored solutions would waste computational resources. Thus, we consider that the injection should be applied only after the end of a cycle and more precisely after the Perturbation if it occurred or after the Extraction otherwise. After the injection, a new cycle (i.e., an intensification step) is started by updating the archive and the current population. These remarks lead to the conception of the model presented in Fig. 2.


4 SKD for IMOLS and MOEA/D
4.1 SKD for IMOLS
We follow the DMLS model originally introduced by Liefooghe et al. [20]. The problem’s representation, the solution evaluation, and the neighborhood structure are defined in Sect. 5.1 with the problem. The algorithm starts from an initial front given by the user, integrated into a bounded archive, [image: $$\mathcal {A}$$], of size [image: $$U_a$$], representing the current population. The archive is bounded by using the crowding distance [9]. Then, [image: $$U_c$$] randomly selected solutions from the archive (among the not entirely explored ones) form the set to explore. The DMLS algorithm iteratively explores the selected solutions. During the LS, the neighborhood of a solution [image: $$x$$] is explored until a non-dominated solution, considering all solutions of [image: $$\mathcal {A}$$], is found [4]. If no solution is found, [image: $$x$$] is tagged as explored and is no longer selected during the current cycle, moreover tagged solutions cannot be selected during the LS. If any, the accepted solution is tentatively added to [image: $$\mathcal {A}$$].
In the iterated variant, we manage a second (unbounded) archive, [image: $$\mathcal {A}^*$$], containing the best non-dominated solutions found during the execution. After [image: $$l_{c}$$] iterations (denoting the length of a cycle), the uHV of [image: $$\mathcal {A}$$] is evaluated, and the solutions of [image: $$\mathcal {A}$$] are integrated into [image: $$\mathcal {A}^*$$]. Before starting a new cycle, if all solutions of [image: $$\mathcal {A}$$] are tagged as explored or the uHV has not been increased by at least [image: $$e_{uHV}$$] after two consecutive cycles, a perturbation step occurs. During this step, all tags are removed from solutions, all elements from [image: $$\mathcal {A}$$] are tagged as explored and a new archive [image: $$\mathcal {A}$$] is created by perturbing solutions from [image: $$\mathcal {A}^*$$]. To perturb a solution [image: $$x$$], we apply three moves of the LS, with the following acceptance criterion: a solution [image: $$y$$] is accepted when [image: $$\forall i \in \{1,\ldots ,n\}, f_i(y) \le (1+\epsilon _p) \cdot f_i(x)$$], with [image: $$\epsilon _p\in \mathbb {R}^+$$], allowing a slight relaxation of the objectives of [image: $$x$$] to test the dominance relation. This version of IMOLS is called [image: $$\text {R}_{\text {IMOLS}}$$].
Following the steps presented in Sect. 3.5, the extraction and injection procedures are added to [image: $$\text {R}_{\text {IMOLS}}$$]. The variant using the weights (resp. the extrema) to create the groups is called [image: $$\text {WG}_{\text {IMOLS}}$$] (resp. [image: $$\text {EG}_{\text {IMOLS}}$$]). Concerning the extraction procedure, we have to define how the learning set is managed and how its elements are filtered. Every solution tentatively added to [image: $$\mathcal {A}$$] after the exploration step should be added to the learning set, since it may produce interesting knowledge to exploit. We only keep non-dominated solutions to filter the solutions of the learning set. Concerning the injection procedure, it is sequentially applied to all the solutions from [image: $$\mathcal {A}$$]. The SelectOne, SelectKnowledge, and SelectNextSolution functions from Algorithm 2 are defined hereafter. The SelectOne function chooses the group that gives the knowledge to inject. Here, we choose the group randomly. For the SelectKnowledge function, we rely on the scores of the elements learned. We consider [image: $$N_{i}$$] elements, randomly selected among the [image: $$N_{f}$$] elements with the highest scores, as it was done in [1]. More details are given in Sect. 5.2 in the context of the problem. Finally, for the SelectNextSolution function, the initial solution is returned ([image: $$x$$] in Algorithm 2). Indeed, since we work with a MOLS algorithm, we prefer staying locally around the solution by attempting to inject knowledge into it rather than trying to highly optimize the solution. Finding a better solution is interesting, but could dominate a large part of the archive, resulting in a loss of diversity.

4.2 SKD for MOEA/D
Now we provide an instantiation of MOEA/D, called [image: $$\text {R}_{\text {MOEAD}}$$], following the framework described in Sect. 2.3. We consider scalar problems obtained with a weighted sum of the objectives. Contrary to Tchebycheff decomposition, it does not require a reference point. Given a weight vector [image: $$w$$], the fitness of a solution is defined as the following quantity: [image: $$g(x\vert w) = \sum _{i=1}^{n} w_i \cdot f_i(x)$$]. However, all the solutions of the true Pareto front can not be obtained with such aggregations. In the following, we generate [image: $$M$$] weight vectors uniformly distributed, assuming that is enough to obtain diverse subproblems. A Partially Mapped Crossover (PMX) [16] is applied with probability [image: $$p_{pmx}$$]. Among the two generated solutions, only one is randomly chosen to keep the population’s size constant. When the crossover is not applied, the solution associated with the i-th subproblem is kept. The mutation is a LS detailed in Sect. 5.1, and applied with probability [image: $$p_{ls}$$].
Following the steps presented in Sect. 3.5, the extraction and injection procedures are added to [image: $$\text {R}_{\text {MOEAD}}$$]. The variant using the weights (resp. the extrema) to create the groups is called [image: $$\text {WG}_{\text {MOEAD}}$$] (resp. [image: $$\text {EG}_{\text {MOEAD}}$$]). For the extraction procedure, we keep the idea exposed in Sect. 4.1. Each solution tentatively added to the external archive (Update step of Fig. 1), is added to the learning set. Then, the knowledge is extracted from non-dominated solutions of the learning set. The injection procedure is applied to all the solutions of the current population (i.e., the best solution of each subproblem). The functions SelectOne and SelectKnowledge are the same as presented in Sect. 4.1, but SelectNextSolution differs. The next solution is the best (considering the aggregation of the associated subproblem) accepted during the injection.


5 Case Study: Bi-objective VRPTW
5.1 Presentation
See [19] for a detailed formalization of the bi-objective VRPTW (bVRPTW) considered. The bVRPTW calls for the determination of routes such that the traveling cost (i.e. the sum of the Euclidean distance between consecutive customers) and the total waiting time (i.e. the sum of the waiting times induced by an early arrival to deliver a customer) are simultaneously minimized. Moreover, each solution of the bVRPTW needs to satisfy the following constraints: each route starts and ends at a specific location (called depot), each customer is visited by exactly one route, the sum of the demands of the customers in any route does not exceed the capacity of the vehicles, and time windows are respected (late arrivals are not allowed).
A solution to the problem is encoded as a customer permutation and evaluated with the split algorithm provided by [26], providing a feasible solution. For this study, we consider the operators Relocate, Swap, and [image: $$\texttt {2-opt}^*$$]. These simple operators are largely used in LS algorithms for routing problems [28] since they can produce a large neighborhood, and allow an easy incremental evaluation. The Relocate operator moves one customer from its current position to another location. The Swap operator exchanges in the solution the position of two customers. The [image: $$\texttt {2-opt}^*$$] operator generalizes the 2-opt, by involving different routes. In [image: $$\text {R}_{\text {MOEAD}}$$] a Randomized Variable Neighborhood Descent is applied for exploitation [19, 30], where the order of the operators is kept during descent (until a local optimum is reached) but shuffled each time the LS is applied. In [image: $$\text {R}_{\text {IMOLS}}$$], the order of the operators is randomized too, but the search stops at the first accepting neighbor. Only feasible solutions are considered.

5.2 Knowledge Related to a Solution
In this section, the remaining Extract and Update (resp. SelectKnowledge and Inject) functions from the Algorithm 1 (resp. Algorithm 2), are defined to suit the bVRPTW context. These functions are inspired by the Pattern Injection LS (PILS) method [1]. It is an optimization method relying on frequent patterns from high-quality solutions to explore vast neighborhoods. PILS has already been integrated into the Hybrid Genetic Search [31] and the Guided LS [2] to solve the Capacitated Vehicle Routing Problem (CVRP).
In routing problems, patterns are defined as sequences of consecutive customers on a route without the depot. Those with a size between 2 and [image: $$s_{p}$$] are extracted from generated solutions by Extract. In particular, a route [image: $$r = (0, v_1, \ldots , v_{\vert r\vert }, 0)$$], contains [image: $$max(\vert r\vert -k+1, 0)$$] patterns of size k. Once the patterns are extracted, Update adds them to corresponding groups. If the pattern already belongs to the group, its frequency is incremented. Otherwise, it is added with a frequency of one. Different groups may have different frequencies for the same pattern. A pattern becomes frequent when its frequency exceeds a threshold [image: $$l_f$$].
For the injection, SelectKnowledge randomly selects a pattern size among [image: $$\{2, \ldots , s_{p}\}$$] to not bias the selection towards smaller, more numerous, patterns. Then, [image: $$N_{i}$$] patterns are randomly chosen among the [image: $$N_{f}$$] most frequent patterns of the corresponding size (without repetition). Only patterns tagged frequent can be selected. Given a pattern and a solution [image: $$x$$], the Inject function creates a solution from [image: $$x$$] containing the pattern provided, as explained in [1] (except that reversed fragments are discarded due to time windows). First, arcs connecting the pattern are removed, thus creating partial routes, which are reconnected (with an exhaustive search) to form feasible solutions. Several solutions may be accepted during the reconstruction step. In IMOLS, all non-dominated solutions are accepted, while solutions with better fitness are accepted in MOEA/D.


6 Experimental Study
6.1 Choice of Parameters Value
The tuning of the parameters for the [image: $$\text {R}_{\text {MOEAD}}$$] variant comes from previous tuning with irace [21] and we refer to [19] for a detailed analysis of the parameters. [image: $$M= 40$$] subproblems are created, with [image: $$m= 10$$] neighbors. At most 2 neighbors may have their solution replaced during the update step. The crossover is applied with probability [image: $$p_{pmx}= 1.00$$], and the LS with probability [image: $$p_{ls}= 0.10$$].
For [image: $$\text {R}_{\text {IMOLS}}$$], the parameters are chosen to be fair with [image: $$\text {R}_{\text {MOEAD}}$$]. The archive limit is set to [image: $$U_a= 40$$]. Each iteration, [image: $$U_c= 1$$] solution is explored. The perturbation occurs when the uHV does not increase by at least [image: $$e_{uHV}=10^{-2}$$], and during the perturbation, [image: $$\epsilon _p=0.02$$]. A cycle performs [image: $$l_{c}=100$$] iterations.
The parameters value of [image: $$\text {EG}_{\text {MOEAD}}$$] and [image: $$\text {WG}_{\text {MOEAD}}$$] (resp. [image: $$\text {EG}_{\text {IMOLS}}$$] and [image: $$\text {WG}_{\text {IMOLS}}$$]) are similar and their values follow the recommendation made in [19]. [image: $$p_{pmx}$$] is set to 0.50. There are [image: $$k_{G}=20$$] knowledge groups. The maximum size [image: $$s_{p}$$] of extracted patterns is set to 8 (resp. 5) for instances of class 2 (resp. class 1) since large (resp. short) routes are designed. The knowledge is added to [image: $$d_e=1$$] group, and the knowledge to inject is provided by at most [image: $$d_i=1$$] group. [image: $$N_{i}=100$$] patterns of the same size are tentatively injected into each solution. They are selected among the [image: $$N_{f}=250$$] most frequent patterns of the corresponding size in the group. The threshold frequency for patterns is set to [image: $$l_f= 2$$].

6.2 Experimental Protocol
The experiments are run on two computers “Intel(R) Xeon(R) CPU E5-2687W v4 @ 3.00 GHz”, with 24 cores each. Our framework is implemented in the jMetalPy framework [3]. The source code and our results are available on a Git1.
The Solomon [29] and the Gehring and Homberger [12] benchmarks are commonly used to evaluate the performance of MO algorithms. Solomon’s benchmark contains instances with up to 100 customers. Customers can be randomly located (R), clustered (C), or mixed (RC). Each category is divided into two classes. Instances of class 1 have tighter time windows than instances of class 2, which are less constrained. Gehring and Homberger’s benchmark uses a similar instance generation but considers a larger number of customers.
To fairly compare the algorithms, they are all initialized with the same fronts. Hence, we generate 30 initial fronts (available on Git) for each instance. In IMOLS, the initial front is directly used as the initial population, however, in MOEA/D, each subproblem is initialized with the best solution of the front.
The six algorithms are then executed over 30 seeds on each instance. The termination criterion for each run is set to 10 (resp. 20) minutes for instances of size 100 (resp. 200). The average uHV obtained over the 30 runs is compared with Pairwise Wilcoxon tests with Bonferroni correction.

6.3 Results
Table 1.Average uHV ([image: $$\times 10^3$$]) of the algorithms on the different categories of instances. [image: $$\text {R}_{\text {MOEAD}}$$] and [image: $$\text {R}_{\text {IMOLS}}$$] are the reference algorithms. [image: $$\text {EG}_{\text {MOEAD}}$$], [image: $$\text {WG}_{\text {MOEAD}}$$], [image: $$\text {EG}_{\text {IMOLS}}$$], and [image: $$\text {WG}_{\text {IMOLS}}$$] are the learning variants. Gray cells are statistically better comparing all algorithms, i.e., the six rows. Bold values represent the best-performing algorithms when MOEA/D (resp. IMOLS) variants are compared together (i.e., three rows each).


[image: ]



Table 1 summarises the results obtained. Detailed results per instance are available on the Git provided. First, [image: $$\text {R}_{\text {IMOLS}}$$] returns better results than [image: $$\text {R}_{\text {MOEAD}}$$] except on instances R2 and RC2 of size 100, and RC2 of size 200. Indeed, instances of category 2 are less constrained, leading to a bigger exploration space. In that case, it seems preferable to use MOEA/D rather than IMOLS to intensify the search. However, this consideration does not apply to C2 instances, probably due to the presence of clusters, leading to more local optima.
We can see that using SKD (no matter the strategy used to create the groups) positively impacts [image: $$\text {R}_{\text {IMOLS}}$$] in all instances. The same conclusion holds for [image: $$\text {R}_{\text {MOEAD}}$$] except on RC1 instances of size 100, with EG groups. Moreover, using SKD is even more beneficial in instances of bigger sizes.
In MOEA/D, using the strategy with the weight vectors to create the groups is statistically better than using the other one. Probably because the algorithm itself uses weight vectors to decompose the search space. Concerning the IMOLS algorithm, both strategies are often equivalent, but using the weight vectors leads to slightly better results. Thus, this strategy should be preferred in general. Additionally, using SKD allows the creation of more diversified Pareto fronts for MOEA/D and IMOLS (see Fig. 5 for comparison).[image: ]
Fig. 5.Results of the execution on instance RC2_2_6 (run 6), from the Gehring and Homberger set. The associated hypervolume and size of the final fronts (blue dots) are shown, as well as the reference front (orange dots). (Color figure online)





7 Conclusion
In this paper, we proposed to extend the mechanism of [18] to develop a solution-based KD mechanism, called SKD, which extracts knowledge from solutions and injects knowledge to explore new regions of the solution space. The mechanism is mainly based on the creation of knowledge groups, dividing the objective space. Here, two creation strategies for the groups are developed and compared. Any MO algorithm that can be an instantiation of the unified algorithm presented in Fig. 1, can be extended by integrating SKD as shown in Fig. 2. Then, we integrated SKD into two MO algorithms (IMOLS and MOEA/D) to solve a bi-objective routing problem, and we defined accordingly the algorithm-dependent components and the problem-dependent knowledge. Experiments were performed over instances with different characteristics of size and structure. In most cases, using SKD increases the performance of the original algorithm, showing an interest in our developed mechanism. Moreover, creating the groups with the weight vector strategy seems more profitable.
Future works should investigate the impact of the initialization on SKD. More precisely, the time to start the learning may impact the resolution and further analysis may be beneficial. Finally, it could be interesting to investigate the possibility of transferring the knowledge learned from one instance to another without starting from scratch again. This may be done by detecting similarities in the instances.
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Abstract
Multi-objective route planning is a prominent but computationally expensive optimisation problem of everyday life. Reusing knowledge from similar route planning problems could enhance the performance and the sustainability of routing algorithms. The goal of this paper is to adapt the concept of innovization to route planning and in this way extract knowledge from Pareto-optimal solutions. As part of the adaptation, we design a multi-objective evolutionary algorithm for routing and introduce a novel local search for routing problems called Perimeter Mutation Local Search. We evaluate our proposed approach on multi-objective time-dependent routing problems to see what knowledge can be gained and whether this knowledge can improve a multiobjective evolutionary algorithm. Our results show that we can extract knowledge using the introduced innovization for route planning. This knowledge is used to improve a multiobjective evolutionary algorithm by reducing computational effort. With only about 40 % of previously necessary function evaluations, we manage to produce similar optimisation results. This is particularly beneficial for mobile applications with limited available computational resources.
Keywords
InnovizationTime-Dependent Route PlanningMulti-objective Evolutionary Algorithms
1 Introduction
Route planning is an important optimisation problem of everyday life, affecting many people and various industries. In the past, front-seat passengers were often the ones reading maps and providing direction. Nowadays, this task is mostly performed by routing algorithms of Intelligent Transport Systems (ITSs). Nonetheless, optimising multiple objectives for routes remains a challenging and computationally expensive problem. This especially affects mobile applications like ITSs where few computational resources are available. Ideally, we could reuse knowledge from similar routing problems to enhance the performance of routing algorithms. The innovization methodology [11] gives instructions for extracting knowledge from Pareto-optimal solutions of optimisation problems. The identified, reusable principles could save computation time of algorithms which would make the use of multi-objective algorithms for routing more viable in everyday life. This could result in a quality of life improvement for drivers through additional decision-making support and personalisation options for routes. In addition, reusing knowledge to accelerate routing algorithms increases the sustainability of algorithms and decreases energy consumption.
However, innovization cannot simply be applied to routing problems because such problems has complex decision variables and constraints, and often non-differentiable objective functions. To the best of our knowledge, there are no previous works attempting to use innovization on route planning problems. Therefore, the main goal of this paper and its primary contribution is the development of an innovization for route planning, an adaption of the original innovization. In addition, we assess what knowledge can be gained from a real-world problem using our methodology and whether the gained knowledge can improve an multi-objective evolutionary algorithm (MOEA). Improvement is measured as an increase in efficiency or in normalised hypervolumes of final Pareto fronts, or as a reduction of the total number of function evaluations required. For the innovization for route planning, we construct a MOEA for routing and propose a novel local search method for routing problems called Perimeter Mutation Local Search (PMM-LS). The experiments are executed on multi-objective time-dependent routing problems which optimise travel time, travel time variability and ease of driving. Travel times are time-dependent, and are based on the Uber Movement Speeds dataset [30] for Berlin in January 2020. The proposed method and the evaluation are based on the work in [27].
The rest of this paper is structured as follows. We start by relating this paper to other work in Sect. 2. In Sect. 3, we present our innovization for route planning methodology including our novel local search PMM-LS. The evaluation of the knowledge extraction and algorithm improvement using our proposed approach follows in Sect. 4. Finally, Sect. 5 concludes this paper and presents ideas for future work.

2 Related Work
The work most similar to our route planning approach is that of Kanoh and Hara [21]. With time-dependent travel time, route length and ease of driving, they define similar objective functions. Unlike us, they use cellular automata [20] to calculate traffic prediction before the optimisation. Moreover, we utilise Non-dominated Sorting Genetic Algorithm II (NSGA-II) while they propose a combination of the Dijkstra algorithm [12] and a genetic algorithm with different operators than ours. Liu et al. [23] also use NSGA-II with Node Based Crossover (NBX) but other steps of their evolutionary algorithm (EA) differ from this paper. Furthermore, they have similar objective functions which are total vehicular emission cost, time-dependent travel time, number of turns, and route length. Although the authors utilise real-world data too, they only test their method on a single path planning problem in a much smaller road network than studied in this paper.
To the best of our knowledge, there is no work using innovization for problems in the area of route planning. Coello Coello et al. [6] applied innovization to a related problem, a bi-objective travelling salesman problem. They discovered that some edges are rarely part of Pareto-optimal solutions. As an innovized principle, authors suggest excluding these infrequent edges during optimisation to lower computational effort. In route planning, the value of this type of knowledge is limited since it is not often reusable in complex road networks. There, routes for various route planning problems often use different streets, even when planning in the same city.

3 Innovization for Route Planning
Deb and Srinivasan proposed a 6-step innovization methodology [11] which extracts knowledge from Pareto-optimal solutions to potentially accelerate the solving process of similar optimisation problems. The Pareto-optimal solutions are obtained with a multi-objective optimisation method and verified for a high confidence in the results of the innovization. For verification, the authors use Benson’s method [2] to determine possible, dominating solutions for some clustered solutions, compute extreme solutions and apply the normal constraint method (NCM) [24]. Finally, similarities, properties of variables or their relation ensuring the Pareto-optimality of solutions are identified as resuable, innovised principles. Benson’s method and NCM define auxiliary problems which can also be defined for route planning problems. However, route planning problems usually have disconnected feasible regions due to complex decision variables and constraints such as road networks, as well as often non-differentiable objective functions. Therefore, methods such as the simplex algorithm or gradient-based approaches are not applicable to the auxiliary problems for route planning. The only viable alternative would be to use a metaheuristic, but then guarantees from the verification methods would no longer hold. To the best of our knowledge, there are no other verification methods applicable to routing problems. For this reason, we propose the adapted version of the original innovization method shown in Fig. 1.[image: ]
Fig. 1.Process of innovization for route planning



In the first part, a Pareto front of a route planning problem is computed using our MOEA explained in Subsect. 3.1. As proposed for the original innovization, the MOEA is reused for the single-objective evolutionary algorithms (SOEAs) by defining only one objective at a time. Since finding extreme points for routing problems is hard due to their deceptiveness, it is possible that the SOEAs return previously undiscovered extreme points instead of verifying existing ones. Trivially, we only keep the non-dominated set of the Pareto front along with any newly found extreme points. Our novel local search PMM-LS, specialised for route planning applications, is executed on the extended front instead of Benson’s method or NCM. For PMM-LS see Subsect. 3.2. Inserting new extreme points from single-objective runs into the front before PMM-LS improves the results of the local search because, due to the deceptiveness of routing problems, new solutions can help reveal entire new parts of the Pareto front.
Based on the obtained, modified front, we perform an analysis preparation step. First, we compute the correlation coefficients between different route characteristics and our objectives. As route characteristics, we choose the number of traffic signals along a route and the percentages of street types. For street types, we distinguish between motorways, main roads, residential streets and other or unclassified streets. We then compute a decision space clustering before plotting pairs of objectives for the clusters. Furthermore, we recommend visualising clusters of routes on a map for the analysis. For the decision space clustering, we apply Ordering Points To Identify the Clustering Structure (OPTICS) [1] with automatic cluster extraction. OPTICS can handle arbitrarily shaped clusters with different densities and noise. Another advantage of this method is that only the MinPts parameter for identifying core points has to be set. We employ the heuristic [image: $$MinPts = \text {number of objectives} + 2$$] by Ester et al. [14]. As the distance function in decision spaces, we utilise the discrete Fréchet distance [13] with Euclidean distance between node coordinates. The other parameter [image: $$\epsilon $$] for the neighbourhood size can simply be fixed to infinity. However, lower [image: $$\epsilon $$] values can limit the runtime of the algorithm. In contrast to the original innovization, we perform the clustering after inserting new extreme points and conducting a local search because PMM-LS often returns dominating solutions which could change the clustering structure. Additionally, we do not cluster in the objective space but in the decision space. Similarities, that can be found for objective space clusters, are often too problem-specific due to the deceptiveness of route planning and the complexity of decision variables.
In the final step, we analyse Pareto-optimal solutions and materials from the analysis preparation step for any commonality principles. For route planning problems, analysing fronts separately may result in the extraction of knowledge, such as shared edges, which is too problem-specific. Therefore, we propose combining the analysis of modified fronts from multiple runs, for example with different start and end points or with different departure times.
3.1 Multi-Objective Evolutionary Algorithm
As in the original innovization, we use NSGA-II [10] as our MOEA. Adapted steps are explained in the following paragraphs. To encode our route planning problems, we want to employ a natural encoding which is suitable for real-world data. Since we represent our road network as a graph, chromosomes are a sequence of node indices from a given start node to a destination node. This way, similar chromosomes have similar fitness values. Feasible individuals must have an edge between each pair of consecutive nodes. Otherwise, we give a penalty of 100, 000 to each objective per missing edge. As paths may have different lengths in reality, our encoding has variable length. To avoid unnecessary function evaluations, population sizes are chosen dynamically for every route planning problem based on its difficulty. We estimate the difficulty by the length of the shortest path [image: $$l_{sp}$$] between start and end point. Therefore, we compute the population size as [image: $$k_N \cdot l_{sp}$$] rounded to the nearest multiple of ten, where [image: $$k_N$$] acts as a scaling coefficient. Concerning our stopping criterion, we follow the recommendation from the original innovization to let the MOEA run for a large number of generations for a high confidence in the innovization results. Since this is problem-specific, we terminate if improvements in the objective space are less than [image: $$\varDelta _f$$] for [image: $$\varDelta _g$$] consecutive generations. This ensures that the algorithm is stopped after diversification and converging of the algorithm are finished [4]. Stopping criteria are evaluated over multiple generations to make the termination more robust. As a fall-back, we stop the algorithm after [image: $$g_{max}$$] generations.
The Creation of the Initial Population is done using guided random walks since standard random walks take too long in complex road networks. Each walk starts at the given start point [image: $$n_O$$] and ends when the predefined destination [image: $$n_D$$] is reached. Looking from any current node, we remove visited neighbours from the selection pool unless no other option remains. For simplicity, self-loops are disallowed. We do not disallow revisiting nodes altogether since random walks could otherwise get stuck if all neighbours were already visited. We move in direction of the node that is closest to the direction of our destination with a probability of [image: $$p_D$$]. The other [image: $$1-p_D$$] chance is evenly distributed among the rest of the neighbours. This guidance is a trade-off between the diversity of initial populations and runtime. However, the direction towards the goal can sometimes be misleading and the random walk gets stuck in a circle. If the current node has been visited at least ten times and all neighbours have already been visited, we choose a successor uniformly at random from all neighbours to get out of any loops but continue the random walks afterwards for more diverse individuals.
The Node Based Crossover (NBX), to the best of our knowledge, was first described by Munetomo et al. [25] and has only later been termed NBX [5]. When two paths share common nodes other than the start and end point, they can be intuitively recombined with a one-point crossover at one of the common nodes. If two parents share no common points, a one-point crossover at a randomly placed cut is performed. The random placement excludes cuts after start and before end points. The resulting individuals are repaired with the shortest path between the nodes before and after the cut.[image: ]
Fig. 2.Visualisation of the Perimeter Mutation Operator



The Perimeter Mutation Operator (PMM) is largely inspired by the Perimeter Mutation Operator by Weise [32]. As visualised in Fig. 2, the idea is to replace a random part of the path x by an alternative route. First, we choose random mutation start and end indices within [image: $$ws_{min}$$] % to [image: $$ws_{max}$$] % of the chromosome length |x| apart. This encourages that the mutation is only a small change, but that an alternative route can be found. Since this does not always work, we recommend setting the mutation probability [image: $$p_m$$] higher than the common [image: $$1/\text {number of decision variables}$$] [8] or 1/|x| in our case. Secondly, we determine the middle node between mutation start and end. We find all nodes within a circle around this middle point with a radius of [image: $$m_r$$] times the distance between mutation start and end node. Distances are calculated using the great-circle distance. We randomly select one of the nodes which is not already on the path. Finally, we replace the path between mutation start and end node with the shortest path between both nodes via the chosen alternative node.

3.2 Perimeter Mutation Local Search
As a local search method, we propose a novel approach called Perimeter Mutation Local Search (PMM-LS) based on our version of PMM. It is more systematic than the small mutations of few individuals during the run of an EA. The goal of PMM-LS is finding solutions dominating individuals in the extended front [image: $$P_{res}$$] from the second step of our innovization for route planning. The pseudocode of PMM-LS is detailed in Algorithm 1. For every individual in [image: $$P_{res}$$], alternative routes are created using PMM. The mutation is applied for every possible mutation window of [image: $$ws_{max}$$] % of the chromosome length. Instead of selecting only one alternative node as for the MOEA, all possible alternative routes are generated. After each set of mutations, the sliding window is moved by step size [image: $$\varDelta _w$$]. After all alternative routes for all individuals have been computed, only the set of non-dominated individuals of [image: $$P_{res}$$] and alternative routes is kept. These steps are repeated for any newly found individuals until no more new individuals were discovered. Finally, the method returns a locally improved Pareto front.
[image: ]
Algorithm 1. PMM-LS([image: $$P_{res}$$])





4 Analysis
For our experiments, we implement the methodology from Sect. 3 in Python using the pymoo framework [3] for our MOEA. As recommended for the original innovization, our parameter setting in Table 1 encourages a high confidence in the innovization results rather than fast convergence. The three most influential parameters at the top of the table are tuned. Due to time restrictions, the other parameters are set to values which we observed to work well during implementation and preliminary experiments. Results are to be interpreted in the context of the chosen parameter setting. Subsection 4.1 introduces the route planning problems we ran our experiments on. It also covers how time-dependent speeds were calculated based on the Uber Movement Speeds dataset for Berlin in January 2020 [30]. Subsection 4.2 thereafter covers the knowledge extraction from our innovization experiments. Innovized principles from this subsection are used for the experiments for the final Subsect. 4.3 where we examine whether an improvement of our MOEA is achieved. The code, the complete specifications for our experiments and some tabular results are available online1.Table 1.Parameter setting for experiments with our innovization variant. Some values are changed as part of the innovized principles


	parameter
	 	value

	scaling coefficient for population size
	[image: $$k_N$$]
	4.0

	probability of choosing neighbour in direction of destination [image: $$n_D$$]
	[image: $$p_D$$]
	0.9

	mutation probability
	[image: $$p_m$$]
	0.25

	difference in indicators required for termination
	[image: $$\varDelta _f$$]
	0.0025

	number of generations considered for robust termination
	[image: $$\varDelta _g$$]
	25

	maximum number of generations
	[image: $$g_{max}$$]
	200

	minimum percentage of chromosome length for PMM window size
	[image: $$ws_{min}$$]
	10

	maximum percentage of chromosome length for PMM window size
	[image: $$ws_{max}$$]
	20

	radius coefficient for PMM
	[image: $$m_r$$]
	0.8

	step size for PMM-LS sliding window
	[image: $$\varDelta _w$$]
	1





4.1 Multi-Objective Time-Dependent Route Planning Problems
Our experiments are run on multi-objective time-dependent route planning problems which we identify by a 6-tuple [image: $$\bigl (\left( f_t, f_v, f_s\right) , G, n_O, n_D, w_0, t_0 \bigr )$$]. As defined by Eq. 1, the 6-tuples represent specific problems with objective functions [image: $$\left( f_t, f_v, f_s\right) $$], road network G, start point [image: $$n_O$$], destination [image: $$n_D$$], departure day [image: $$w_0$$] and departure time [image: $$t_0$$]. The goal is to find vehicular paths which connect the given [image: $$n_O$$] and [image: $$n_D$$] in G and which minimise the three conflicting objective functions explained below. For time-dependent problems, some of the information changes with time, but planning is generally done offline. In our case, the travel times of edges depend on the time and whether it is the weekend ([image: $$w=1$$]) or not ([image: $$w=0$$]). The road network is defined as a property graph [image: $$G = (V,E)$$] which is directed and allows for attributing properties to nodes V and edges E [26]. Nodes are assigned indices as identifiers (IDs). Each edge (u, v) has travel time attributes [image: $$\{tt_{uv}^{wh} \,|\, \forall w \in \{0,1\} \; \forall h \in [0,23], tt_{uv}^{wh} \in \mathbb {R}_{\ge 0} \}$$]. They are based on the length of edges and hourly average speed attributes [image: $$s_{uv}^{wh}$$] for during the week and on weekends. Additionally, edges are assigned a number of traffic signals [image: $$sgn_{uv}$$] encountered when traversing an edge in direction from u to v.[image: $$\begin{aligned} \begin{aligned} \min \quad &amp; \!\! \Bigl ( f_t(x,w_0,t_0)   &amp;    \!\!\!\!\!\! = \sum _{i=0}^{|x|-1} tt_{x[i]x[i+1]}^{w_it_i} + sgn_{x[i]x[i+1]}\cdot 20, \\ &amp; \; f_v(x,w_0,t_0)   &amp;    \!\!\!\!\!\! = \sqrt{\frac{1}{13} \sum _{i=\text {-}6}^6 \max \bigl (0,f_t(x,w_0,t_0 + i \cdot 15)-\overline{tt}\bigr )^2}, \\ &amp; \; f_s(x)   &amp;    \!\!\!\!\!\! = \sum _{i =0}^{|x|-2} 180^\circ - \angle \bigl ( x[i],x[i+1],x[i+2] \bigr ) \, \Bigr ) \\ \text {s.t.} \quad &amp; x \in \bigl \{ \; (n_0, \ldots , n_l) \;\, |   &amp;   \!\!\!\! l \in \mathbb {N}_{+}; n_0, \ldots , n_l \in V; n_0 = n_O; n_l = n_D; \\   &amp;    &amp;\!\!\!\! \forall \, i \in \{0, \ldots , l-1\} \;\; (n_i, n_{i+1}) \in E \bigr \} \\ &amp; w_0 \in \{0,1\} \\ &amp; t_0 \in \{hh:mm:ss \,|   &amp;    \!\!\!\! hh \in [0,23]; mm, ss \in [0,59] \} \end{aligned} \end{aligned}$$]

 (1)




The Travel Time Objective [image: $$\boldsymbol{f}_{\boldsymbol{t}}$$], unlike the shortest path, depends on multiple factors such as speed limits, varying congestion or traffic signals [22]. We compute the travel time of a route x in seconds using the formula in Eq. 1. |x| denotes the length of route x. The variables [image: $$w_i$$] and [image: $$t_i$$] calculate the current time and whether it is the weekend when reaching node i. Like Kanoh [19], we give a penalty of 20 s for each traffic light along the route.
The Travel Time Variability Objective [image: $$\boldsymbol{f}_{\boldsymbol{v}}$$], also called travel time reliability, is another important factor for route choice [15]. It is mostly defined as the expected value of travel time, its variance or a combination of both [17, 18, 28, 31]. Unlike these definitions, approaches employing a semi-standard deviation (SSD) of travel times [33, 34] only minimise the risk of arriving too late at a destination. Since this is in the interest of most drivers, we use the upper SSD over varying departure times. As defined in Eq. 1, we measure the travel time variability of a route x in the interval [image: $$\{t_0 + i\cdot 15 \;|\; i = \text {-}6, -5, \ldots , 6\}$$] which is 90  min before and after a planned departure time in 15  min increments. [image: $$\overline{tt}$$] refers to the mean of all 13 travel times observations. Hourly travel times of an edge are linearly interpolated depending on the minute of each observation. If this was not done, the algorithm would be encouraged to minimise travel time variability by taking detours until the next hour starts and thereby lower or no variability was reached for certain edges.
The Ease of Driving Objective [image: $$\boldsymbol{f}_{\boldsymbol{s}}$$] is inspired by Kanoh and Hara [21]. It prioritises the driving comfort which does not necessarily coincide with the fastest or most reliable path. For example, taking smaller roads through residential areas may avoid congested roads but is strenuous due to more turns. Therefore, our third objective maximises the ease of driving by minimising the sum of degrees of turning needed to drive along a route as specified in Eq. 1. [image: $$\angle \bigl ( x[i],x[i+1],x[i+2] \bigr )$$] computes the angle between edges [image: $$(x[i],x[i+1])$$] and [image: $$(x[i+1],x[i+2])$$] at node [image: $$x[i+1]$$]. Note that a turn can mean anything between a U-turn ([image: $$180^\circ $$]) and a straightforward crossing of an intersection ([image: $$0^\circ $$]). We subtract the turning angle from [image: $$180^\circ $$] since the sum of turning angles could simply be maximised by making routes longer. Some aspects such as avoiding congested streets, which also maximise the ease of driving, are already encouraged by our other objectives.
Speed Attributes [image: $$\boldsymbol{s}_{\boldsymbol{uv}}^{\boldsymbol{wh}}$$] are exclusively based on historical speed data from the Uber Movement Berlin Speeds dataset [30]. This dataset contains mean hourly speeds and their standard deviation recorded from a sufficient number of Uber trips for Berlin street segments in January 2020. The two main advantages of this dataset are that it is publicly available and in an easily machine-readable CSV format. The biggest limitation of this dataset is the sparseness of the data, especially on smaller roads such as residential streets. Another problem is that the OpenStreetMap (OSM) start and end IDs of street segments provided by Uber Movements often do not match node IDs in the OSM drive network. Therefore, we preprocess the dataset by matching IDs to the closest edges and averaging speeds where multiple entries exist. Still, around 7 % of the data points cannot be matched. Since the data in the centre of Berlin is a little less sparse and less disconnected, we limit our road network to the polygon that is marked by a dashed line in Fig. 3. Still, only 14 % of edges have data for at least one hour of the day. To improve computation times, we further simplify the graph by removing interstitial nodes, multiples of edges between node pairs and dead ends. Lastly, we calculate speed attributes missing in the dataset by iteratively interpolating the flow from the respective incoming edges of u and the outgoing edges of v. We define the flow [image: $$\rho _{uv}^{wh}$$] of an edge (u, v) at hour h with weekend categorisation w as [image: $$\rho _{uv}^{wh} = \frac{s_{uv}^{wh}}{s_{uv}^{\max }}$$] where [image: $$s_{uv}^{\max }$$] is the maximum allowed speed on edge (u, v). Unassigned speed attributes are assumed to have 100 % flow at the beginning of the interpolation. The resulting, interpolated network graph is depicted in Fig. 3 for 8 pm during the week.[image: ]
Fig. 3.Flows of the interpolated road network for the centre of Berlin (dashed polygon) at 8 pm during the week


Table 2.Classes of innovization experiments for different sets of route planning problems


	length of routes in km
	time of day (average flow in network)
	weekend?

	medium (3.5, 7]
	4 pm (worst, 75.3 %),
8 pm (medium, 85.5 %),
4 am (best, 97 %)
	no

	medium
	8 pm
	yes, no

	short [0, 3.5], long ([image: $$7, \infty $$]]
	8 pm
	no






4.2 Knowledge Extraction
This subsection examines what knowledge can be gained from applying our innovization variant to problems from Subsect. 4.1. To extract representative knowledge, we compare three classes of innovization experiments for different sets of route planning problems, as listed in Table 2. Based on the diameter of the polygon of the centre of Berlin, we categorise routes by length according to the straight line distance between their origin and their destination. We randomly selected a set of ten representative routes for each length category. Medium-length routes are shown in Fig. 4a as an example. To create harder short route planning problems, their start and end points are limited to points of interest in the centre of Berlin based on [29]. Since the median correlation between main roads percentage and number of signals was relatively high across all experiments, we only consider the former in the analysis. We extracted the following four innovized principles.[image: ]
Fig. 4.(a) Shortest paths of ten medium-length routing problems. (b, c) Decision space clustering for two medium-length problems at rush hour with different colours for different clusters, excluding noise



Updated Creation of Initial Populations Across all experiments, Pareto-optimal routes can usually be separated into two groups. The first closely follows the straight line from start to destination and is often similar to the shortest path, as seen in Fig. 4b. This group exhibits lower travel times but higher turning degrees. The opposite normally holds for the second group like in Fig. 4c which uses a high percentage of main roads and motorways. This is consistent with the median Spearman correlation between the main roads percentage and the travel time of 0.597, respectively the degrees of turning of -0.663. In some experiments, only one of the two groups exists, such as for Fig. 4c, or both groups overlap. An overlap occurs, for example, if the straight line routes mostly use main roads as in Fig. 4b. Otherwise, the routes in the second group might take detours to use main roads and motorways which trivially lead to longer travel times. We observe a positive correlation between maximum detour length and route length.
With this knowledge, we adapt the creation of the initial population by splitting it in half. The first half is still created using guided random walks but [image: $$p_D$$] is increased to 95 % to follow the straight line path more closely. Nonetheless, we no longer use the shortest path as a replacement when the creation gets stuck. This encouraged the optimisation to get stuck in local optima more easily since the shortest path is initially significantly better than individuals generated by guided random walks, but it can be misleading. Instead, we now finish stuck individuals by inserting the shortest path from the current node to the destination. The other half of individuals prefer main roads and motorways. When choosing the next edge, the outgoing edges are sorted first by street type, and second by their orientation towards the destination. To allow detours correlating with the length of the routes, the probability of choosing the most preferred edge is 85 % for short routes, 80 % for medium-length routes and 75 % for long routes. However, since some destinations are only reachable via residential roads, we switch to a guided random walk again, when the destination is less than 250 m away.
Exclusion of the [image: $$\boldsymbol{f}_{\boldsymbol{v}}$$] Objective Since Pareto-optimal solutions from our innovization experiments return relatively low values for the travel time variability, we conducted some additional MOEA runs without [image: $$f_v$$]. The worst recorded function value is a travel time variability of 2.25 seconds with and without the objective. Everyday drivers are unlikely to be concerned about a risk of being a couple of seconds too late. A p-value of around 0.5 from a two-tailed Mann-Whitney U test confirms that the impact on the worst-case travel time variability of the Pareto-optimal solutions is insignificant. However, we hypothesise that the small function values are not due to the design of the objective but rather due to the sparseness of the dataset used. Through averaging and interpolation, we likely levelled out peaks in the data.
Interestingly, the additional MOEA runs also show that the travel time variability objective is responsible for small protrusions in routes that are visible, for example at the bottom of Fig. 4b. It appears that it is sometimes more reliable, for instance, to make a right turn and a U-turn to get back on the same road instead of just crossing straight through an intersection.
Decrease in Population Size and Increase in Exploration Leaving the second objective function out, makes the route planning problems easier to solve. The median number of Pareto-optimal solutions found by our EA is reduced to less than a fifth when optimising without [image: $$f_v$$]. Therefore, we can decrease the scaling coefficient [image: $$k_N$$] from 4.0 to 2.5 to avoid unnecessary function evaluations.
Exemplary experiments have also shown that optimisations easily get stuck in local optima without the travel time variability objective. Getting stuck in local optima is a known problem for NSGA-II. To mitigate this problem, NSGA-II with controlled elitism [9] is used. This method encourages lateral diversity by keeping individuals from all fronts according to a geometric distribution with reduction rate r. In our case, setting [image: $$r=0.2$$] and increasing [image: $$p_m$$] to 35 % for optimisations on the weekend has worked well in exemplary tests.

4.3 Algorithm Improvement
We now want to examine whether the innovized principles from Subsect. 4.2 can improve the efficiency or the results of our MOEA. We compare our original route planning MOEA (oMOEA) from Subsect. 3.1 to an adapted version (iMOEA) which implements the four innovized principles. Both algorithms are run on 100 randomly generated route planning problems. For the evaluation, we compute the efficiency, the quality of the final results and the total number of function evaluations for both algorithms.
First, we compare the efficiency of both algorithms. Based on Gupta, Ong and Feng [16], we define the efficiency of an optimisation algorithm on problem instance P as the normalised hypervolume [image: $$HV_t(P)$$] of solutions achieved in t time-steps on a designated computer. Consequently, this metric is independent of any hardware and the optimal Pareto front does not need to be known. In our case, t is 26 because that is the maximum number of generations computed for all runs. Since we test our algorithms on different route planning problems which can return highly different fronts, we normalise all function values [image: $$f_m$$] for each objective m using [image: $$f_m^{\;\! norm} = \frac{f_m - z_m^*}{z_m^{nad} - z_m^*}$$] with ideal point [image: $$z^*$$] and nadir point [image: $$z^{nad}$$] [7]. We use (1.05, 1.05, 1.05) as a reference point. Since we omit the second objective from the optimisation in the iMOEA, it is also disregarded in all hypervolume computations. The oMOEA still uses [image: $$f_v$$], but we compute the set of non-dominated solutions without the [image: $$f_v$$] values before any hypervolume calculations. This only excludes irrelevant solutions that have a slightly better travel time variability but are worse for all other objectives. As shown in Fig. 5a, median hypervolumes from all experiments evolve almost identically over generations for both algorithms. The efficiency is virtually the same according to our definition because the median hypervolume of the iMOEA is only about 0.003 worse than that of the oMOEA after the 26th generation. The insignificance of the difference is supported by a p-value of approximately 0.4 from a two-tailed Mann-Whitney U test.
Since we allow early termination, we also compare the final results from all runs. In Fig. 5b, we can see that hypervolumes of final results are better when using the oMOEA. The median hypervolume of the oMOEA is around 0.79 while the one for the iMOEA is slightly worse at 0.72. However, a two-tailed Mann-Whitney U test results in a p-value of 0.15, indicating that the difference in hypervolume is not significant. Remarkably, Fig. 5c demonstrates that the number of total functions evaluations for runs of the iMOEA is much lower than that of the oMOEA. In total, the iMOEA with 1,090,099 evaluations needs only about 40 % of the oMOEA with 2,813,520 evaluations.[image: ]
Fig. 5.(a) Evolution of the median hypervolume over generations for all experiments. Translucent areas show the respective 95 % confidence intervals. (b) Normalised hypervolumes of final results per algorithm and (c) total number of function evaluations needed to achieve the final results





5 Conclusion
In this paper, we presented innovization for route planning which is an adapted version of the innovization by Deb and Srinivasan [11]. We introduced PMM-LS, a local search for routing problems which systematically explores the neighbourhoods of routes. Using innovization for route planning, we extracted four innovized principles from multi-objective time-dependent route planning problems that can be reused for other route planning problems in Berlin. One of the major discoveries is that Pareto-optimal routes can typically be separated into two groups. The first group consists of routes that are close to the linear path from start to end point. These solutions usually exhibit lower travel times but higher degrees of turning. The second group is a set of longer routes that take faster roads and that have higher travel times but lower degrees of turning. The other main finding is that the travel time variability objective can be omitted because the differences in values are insignificant for decision makers. The overall small values can be due to limitations of the chosen dataset. In future, the impact of the travel time variability objective should be re-evaluated on a dataset with sufficient speed data, especially for use cases such as emergency services. Alternatively, more sophisticated approaches using estimation models for travel times or real-time traffic information could be integrated.
Lastly, we have shown that we can improve a MOEA using extracted knowledge. While the efficiency remained virtually the same and the quality of the final results was only insignificantly worse, we managed to drastically decrease the number of necessary function evaluations to two fifths. Consequently, similar quality solutions can be produced with far less computational effort using the knowledge extracted with our innovization for route planning methodology. This is particularly valuable for applications, where limited computational resources are available, such as mobile devices which are often utilised for routing.
As for the original innovization method, one limitation of innovization for route planning is its computation speed. Generally, this is not a drawback since innovization is intended to be used only once for knowledge extraction [11]. The benefit of the methodology arises from using extracted knowledge for speeding up optimisations of similar problems. Nevertheless, a trade-off between computation time and completeness of PMM-LS is possible via the parameters [image: $$\varDelta _w$$], [image: $$ws_{min}$$] and [image: $$ws_{max}$$]. Moreover, only applying PMM-LS to a few well-distributed solutions as in the original innovization is possible. Furthermore, PMM-LS might be improved by search strategies besides the current greedy approach, by the integration into Variable Neighbourhood Search to break out of local optima, or by more exploration through a gradually decreasing mutation window. Future work could also accelerate the innovization process by parallelising some steps or by employing a heuristic for setting problem-specific [image: $$\epsilon $$]-values for OPTICS. A verification method for the Pareto-optimality of solutions, that can handle route planning problems, would also be a beneficial development. The analysis step could be extended by including more route characteristics. In general, we intend to use innovization for route planning with other datasets or for differently defined path planning problems in future work to also verify the generalisability of algorithm improvements by our methodology.
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Abstract
Creating diverse sets of high-quality solutions has become an important problem in recent years. Previous works on diverse solutions problems consider solutions’ objective quality and diversity where one is regarded as the optimization goal and the other as the constraint. In this paper, we treat this problem as a bi-objective optimization problem, which is to obtain a range of quality-diversity trade-offs. To address this problem, we frame the evolutionary process as evolving a population of populations, and present a suitable general implementation scheme that is compatible with existing evolutionary multi-objective search methods. We realize the scheme in NSGA-II and SPEA2, and test the methods on various instances of maximum coverage, maximum cut and minimum vertex cover problems. The resulting non-dominated populations exhibit rich qualitative features, giving insights into the optimization instances and the quality-diversity trade-offs they induce.
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1 Introduction
Diverse solutions problems, seeking multiple maximally distinct solutions of high-quality instead of a single solution, have been studied for several decades [4, 15, 16, 18–21, 23, 24]. They aim to fill the gaps in practical considerations left by traditional optimization. A set of diverse solutions provides robustness in order to deal with changes in the problems, which necessitate changes in current solutions. It also gives the users the choices to address the gaps between the problem models and real-world settings, frequently seen in complex applications with factors that are hard to define or measure [40]. Furthermore, diverse solution sets give the decision makers rich information about the problem instance by virtue of being diverse, which helps augment decision making capabilities. While there are methods to enumerate high-quality solutions, having too many overwhelms the decision makers [18], and a small, diverse subset can be more useful. It is also known that k-best enumeration tends to yield highly similar solutions, motivating the use of diversification mechanisms [22, 46, 49].
The diverse solutions problems have been studied as an extension to many important and difficult problems. These include constraint satisfaction and optimization problems [23, 35, 39], SAT and answer set problem [13, 27], and mixed integer programming [9, 18, 41]. Recent fixed-parameter tractable algorithms for various graph-based vertex problems [4] inspired considerations of other combinatorial structures such as trees, paths [20, 21], matching [15], independent sets [16], and linear orders [2]. Furthermore, general frameworks have been proposed for diverse solutions to any combinatorial problem [19, 24].
This area of research manifested in Evolutionary Computation literature as Evolutionary diversity optimization (EDO). The idea was investigated as early as in the work of Ronald [37] and Zechman and Ranjithan [50, 51], motivated by practical concerns in real-world problems. The topic was then studied by Ulrich et al. with emphasis on conceptual frameworks [43, 44] and has subsequently gained significant attention within the evolutionary computation community. This represents a shift in perspective on diversity, from a necessity in evolutionary search to an optimization goal. Incidentally, around the same time, aspects of evolutionary searches other than diversity were also investigated to address issues that motivated EDO, such as high-performance regions [33] and solution’s robustness [8, 42].
Studies on EDO typically involve defining a search space S, an objective function f (to be maximized), a quality threshold T, a diversity measure d, an integer r and applying evolutionary algorithms to solve the optimization problem[image: $$\begin{aligned} \max _{P\in 2^S:|P|=r}d(P),\quad s.t.\quad \forall x\in P,f(x)\ge T. \end{aligned}$$]

 (1)


Under this paradigm, evolutionary techniques have been investigated in computing diverse Traveling Salesperson Problem (TSP) solutions [11, 31, 32], knapsack packings [6], minimum spanning trees [7], and submodular optimization solutions [28]. On the other hand, EDO has seen application in generating images with varying features [1], or to compute diverse TSP instances [5, 17] useful for automated algorithm selection and configuration [26]. Different indicators for measuring the diversity of sets of solutions in such as the star discrepancy [29] or those from the area of evolutionary multi-objective optimization [30] have been considered in this paradigm as well.
In this work, we address the treatment of objective quality and diversity of solutions as equal optimization goals. In practice, users may not have enough information about the problem instance in order to formulate quality or diversity criteria that would lead to meaningful optimization outcomes. We re-frame the problem as finding a range of quality-diversity trade-offs which hopefully provides such information to an extent, as well as giving a collection of diverse solution sets to choose from. This approach involves an atypical way of looking at the evolutionary process: each population (i.e., set of solutions) is a unit of evolution, with its own fitness. We describe a basic implementation scheme under this paradigm, which can be realized directly in existing evolutionary algorithms. Concrete examples of its realization are given using NSGA-II and SPEA2 in finding diverse solutions to maximum cut, maximum coverage and minimum vertex cover instances. Experimental investigations give trade-offs of highly varied natures across problems, revealing interesting characteristics of the objective landscapes. Furthermore, these results indicate that the diverse solutions problems can be reasonably addressed under the proposed bi-objective optimization paradigm.
Recently, there have been studies that consider multi-objective optimization within the Quality-Diversity paradigm [36, 47]. These investigations look at the integration of multiple objectives into the task of filling the behavioral characteristics space. We remark that these are different from the application of multi-objective optimization within this work, which is set up to tackle the quality-diversity trade-offs directly.
This paper is structured as follows. We include the bi-objective optimization formulation in Sect. 2. The implementation scheme is described in Sect. 3, which is realized in the experimental investigations detailed in Sect. 4. We conclude the paper in Sect. 5.

2 Evolutionary Multi-objective Diversity Optimization
Given an objective function f over a space of feasible solution S, the classical optimization problem is specified with [image: $$\max _{x\in S}f(x)$$].1 In addition, given a diversity measure d, an set-aggregating function F, and integer r, we consider the following bi-objective problem[image: $$\begin{aligned} \max _{P\in 2^S:|P|=r}(f_1,f_2),\quad f_1(P):=F\{f(x):x\in P\},\quad f_2(P):=d(P). \end{aligned}$$]



Intuitively, the problem asks to find a set of r solutions representing the best trade-off between diversity and aggregated objective quality. Note this formulation differs from the existing EDO paradigm (Eq. (1)) in that it does not involve a quality threshold. This makes our formulation suitable for opaque instances for which the appropriate thresholds (in relation to a certain goal) are not known.
We consider two aggregating functions in this work: minimum ([image: $$F:=\min $$]) and average ([image: $$F:=\mathop {\mathrm {\!avg}}\limits $$]). The former consideration models the worst-case robustness requirement on a solution set, and the latter relaxes this requirement to average-case. As for diversity, we look at distance sum measure, frequently considered in dispersion problems [14, 45] and recent works on diverse solutions [4, 19–21]. We give precise definitions in later sections, as it depends on the underlying optimization problem (as specified by f and S).
As with many multi-objective problems, the actual computational goal is to find a set of non-dominated trade-offs w.r.t. the objectives. Let [image: $$f_i$$] be the i-th objective function, we say solution x dominates solution y ([image: $$x\succeq y$$]) if [image: $$\min _i\{f_i(x)-f_i(y)\}\ge 0$$], and strong dominance occurs ([image: $$x\succ y$$]) if, in addition, [image: $$\max _i\{f_i(x)-f_i(y)\}&gt;0$$]. Thus, a set of solutions is non-dominated if it contains no pair that exhibits dominance relation.
The problem requires searching in the population space [image: $$2^S$$] rather than the solution space S. Most EAs evolve a population of solutions, whereas we are interested in evolving a population of “populations”. As such, for the rest of this paper, we modify the classical terminologies in literature to fit the context of the problem. We use “solution” to refer to an element [image: $$x\in S$$], whose quality is f(x). Furthermore, “individual” refers to a set of solutions, i.e., an element [image: $$I\in 2^S$$], and “population” refers to a set of individuals2.

3 Implementing Populations as Individuals
As the problem we consider is fundamentally a bi-objective optimization problem, applying existing bi-objective optimizers would be, in principle, sufficient in solving it. In this section, we discuss several considerations regarding the implementation of such algorithms that are unique to this problem.
3.1 Individual Representation
In typical EAs, a population is evolved via the selection-variation-replacement paradigm. However, in this work, we treat populations as individuals, so as to apply standard variation operations on the entire set of solutions directly, effectively performing the 3-step procedure in one 1-step procedure. This is to both simplify the overall algorithm, and ease restrictions on the variation neighborhood in the population space. As such, an individual should be represented in a way that both encodes the information about the solution set and allows efficient implementation of variation operators.
In this work, we adopt the simple concatenation scheme: let [image: $$x_i$$] be the representation of the i-th solution in the individual I, I is represented by [image: $$x_1x_2\ldots x_r$$]. For instance, if [image: $$x_i$$] is a n-length bit string, then I is encoded in a rn-length bit string, in which each solution is encoded directly as a substring. Having individual representation mirroring solution representation allows each solution to undergo variation when it is applied to the individual, and in the same manner. For example, performing standard bit mutation on the individual essentially does the same to each solution, with the same bit-flip probability. While the scheme is not applicable as-is to non-linear3 solution representations, it suffices for our applications.

3.2 Recombination
We see that the concatenation representation is not unique: the solutions ordering itself encodes redundant information in the context of the problem. While positional-bias-free operations (e.g., standard bit mutation) are unaffected by such an artefact, the same cannot be said for recombination as a means to transmit parents’ genetic information to offspring. Ensuring transmission of such redundant information may limit the flexibility of the operation, so it should be removed from the process.
Here, we choose to remove such information prior to recombination by shuffling the solutions’ positions in one of the parents. This allows each solution in one parent individual to be recombined with any solution in the other parent individual with equal probability. Note that it is sufficient to do this to one parent individual since the solution-to-solution mapping between the parents is what matters, not the ordering itself. Additionally, this scheme introduces an additive [image: $$\Theta (r)$$] overhead, which is small compared to the [image: $$\Theta (rn)$$] time cost of the recombination.


4 Problem Settings and Experiments
Here, we realize our proposed scheme into concrete algorithms, and perform experimental investigations in max coverage, max cut and min vertex cover problems, all of which are NP-hard. These combinatorial problems are formulated in a way that affords us insights on achievable diversity and its interplay with solution quality; this eases contextualizing and interpreting the results. We select instances from standard benchmark suites and, as we will see, observe qualitatively varied results across problems.
For these graph problems, a solution is a subset of vertices, and the standard representation is indicator vector as bit-string: each bit corresponds to a vertex and assumes value 1 if and only if it is a member of the subset. Our scheme implies that each individual is represented as a rn-length bit-string where n is the number of vertices. Also, we use Hamming distance to compute diversity among solutions within an individual, which is the size of two sets’ symmetric difference: [image: $$|A\Delta B|$$]. The sum of Hamming distances among a set of bit-strings can be computed and updated efficiently without calculating pairwise distances4. For consistency, we use set operators with bit-string notations, e.g., [image: $$x\in I$$] denotes a solution x being in an individual I.
The problems impose upper bounds or lower bounds on the sizes of feasible solutions, which we can use to derive upper bounds on diversity. Let V be a ground set, [image: $$n:=|V|$$], [image: $$S:=\{Z\subseteq V:|Z|\le b\}$$] for some integer [image: $$b\ge 0$$], and the diversity function [image: $$d(I):=\sum _{x,y\in I}|x\Delta y|$$] (each pair is counted once), then we have[image: $$\begin{aligned} \max _{P\in 2^S:|P|=r}d(P)=g(n,b,r):=nq(r-q)+m(r-2q-1), \end{aligned}$$]

 (2)


where [image: $$h=\min \{b,n/2\}$$], and [image: $$m\in [0,n),q$$] are integers such that [image: $$\lceil r/2\rceil \lceil h\rceil +\lfloor r/2\rfloor \lfloor h\rfloor =qn+m$$]. Intuitively, d(I) is maximized when the number of 1 (or 0) values in I are as close to being equal across bits as possible, and as close to r/2 as possible. The reader can confirm that such a configuration under the restriction specified by S yields the right hand side of Eq. (2) when plugged into d. We note that the restriction imposed by the graph problems can be explicit as in cardinality constraint, and implicit in the form of optimal objective value.
We use the well-known NSGA-II [10] and SPEA2 [52] algorithms with our proposed scheme and the following setting, unless stated otherwise. Specifically, we use implementations in jMetal 5.11 of these algorithms and their standard components [12], and unlisted parameters are assigned the default values.
	Initialization: Uniform random

	Output set size: [image: $$r\in \{10,20\}$$]

	Population/Offspring pool size: [image: $$N=20$$]

	Parent selection: Binary tournament

	Crossover method, rate: Uniform crossover, [image: $$80\%$$]

	Mutation method, strength: Standard bit mutation5, [image: $$\chi =0.5/n$$]

	Evaluation budget: 5rnN

	Number of independent runs per instance: 20





To handle constraint in max coverage and min vertex cover, we penalize the objectives with violation degree. The constraint violation degree of an individual is the sum of such degrees over its solutions: [image: $$C(I):=\sum _{x\in I}C(x)$$]. We detail the settings in the next sections.
4.1 Maximum Cut
Given an undirected graph [image: $$G=(V,E)$$]6, max cut problem asks to find a solution in[image: $$\begin{aligned} \mathop {\mathrm {arg\!\max }}\limits _{x\subseteq V}f(x):=|\{e\in E:|e\cap x|=1\}|. \end{aligned}$$]



We see that measuring diversity in the vertex space is inappropriate due to f being symmetric. By taking any solution x, and duplicating it and [image: $$V\setminus x$$], we get a population of maximum diversity g(n, n, r) where g is given in Eq. (2), and arbitrary quality, effectively reducing the optimal front into a singular point regardless of graph structure. Therefore, we choose to measure diversity in the edge space instead. Let the cut edges of x be [image: $$E(x):=\{e\in E:|e\cap x|=1\}$$], we have the following fitness functions:	Minimum objective setting: [image: $$f_1(I):=\min _{x\in I}f(x)$$].

	Average objective setting: [image: $$f_1(I):=\frac{1}{r}\sum _{x\in I}f(x)$$].

	[image: $$f_2(I):=\sum _{x,y\in I}|E(x)\Delta E(y)|$$].





The aforementioned insight implies we can upper bound diversity by g(|E|, OPT, r) where OPT is the max cut value. We use the five unweighted instances in G-set benchmark [48], containing 800 vertices each, and whose optimal values are known. These values significantly exceed |E|/2, meaning for these instances, as cuts in an individual I approach the optimal, more cut edges become over-represented in I, diminishing [image: $$f_2(I)$$]. Thus, if the (collective) quality exceeds |E|/2, its correlation to diversity is negative, otherwise it is positive. Such conflict between fitnesses should induce rich non-dominated fronts with clear shapes. Note the bound g(|E|, OPT, r) might not be tight since not every edge subset constitutes a cut.[image: ]
Fig. 1.Unions of final populations across all runs on Max Cut instances. “MIN” indicates the minimum objective setting being used for [image: $$f_1$$] while “AVG” indicates average objective setting. For each run, dominated points are excluded.


Table 1.Medians of indicator scores and numbers of non-dominated individuals across runs on Max Cut instances. Boldface denotes greater medians between two algorithms with statistical significance via Wilcoxon signed-rank tests ([image: $$\alpha =1\%$$]).


	 	Inst.
	r
	NSGA-II
	SPEA2

	IGD+
	HV
	IGD+*
	HV*
	#
	IGD+
	HV
	IGD+*
	HV*
	#

	Min objective
	G1
	10
	0.49044
	0.46656
	1.9078e-3
	0.99578
	20
	0.49342
	0.45972
	4.4738e-3
	0.98118
	20

	20
	0.48715
	0.46116
	1.0426e-3
	0.9969
	20
	0.48897
	0.45734
	2.3626e-3
	0.98864
	20

	G2
	10
	0.48982
	0.46735
	2.3060e-3
	0.99428
	20
	0.49276
	0.46058
	5.2202e-3
	0.97989
	20

	20
	0.48601
	0.46213
	1.1482e-3
	0.99718
	20
	0.48792
	0.45845
	2.2096e-3
	0.98923
	20

	G3
	10
	0.49041
	0.46697
	2.1430e-3
	0.99505
	20
	0.49297
	0.46036
	5.3971e-3
	0.98098
	20

	20
	0.48658
	0.46151
	1.0371e-3
	0.99761
	20
	0.48854
	0.45783
	2.3923e-3
	0.98966
	20

	G4
	10
	0.49431
	0.46269
	1.9890e-3
	0.99442
	20
	0.49703
	0.4562
	4.8654e-3
	0.98049
	20

	20
	0.49365
	0.45447
	1.2396e-3
	0.99538
	20
	0.49527
	0.45151
	2.3533e-3
	0.9889
	20

	G5
	10
	0.49179
	0.46542
	1.9920e-3
	0.99573
	20
	0.49457
	0.45868
	5.2354e-3
	0.98133
	20

	20
	0.48932
	0.45888
	1.2962e-3
	0.99697
	20
	0.49097
	0.45546
	2.2058e-3
	0.98954
	20

	Average objective
	G1
	10
	0.49325
	0.49447
	3.2364e-3
	0.99462
	20
	0.49434
	0.48454
	3.5350e-3
	0.97463
	20

	20
	0.48441
	0.48895
	2.0149e-3
	0.99706
	20
	0.48512
	0.48259
	2.6200e-3
	0.9841
	20

	G2
	10
	0.49237
	0.49567
	3.5111e-3
	0.99393
	20
	0.49372
	0.48534
	4.3330e-3
	0.97323
	20

	20
	0.4831
	0.49009
	2.0846e-3
	0.99641
	20
	0.48407
	0.48378
	2.6630e-3
	0.98358
	20

	G3
	10
	0.49265
	0.49475
	3.0740e-3
	0.99376
	20
	0.49398
	0.48461
	3.9748e-3
	0.9734
	20

	20
	0.48366
	0.48965
	2.0681e-3
	0.99707
	20
	0.48436
	0.48324
	2.4223e-3
	0.98401
	20

	G4
	10
	0.49668
	0.49053
	3.0533e-3
	0.99359
	20
	0.49812
	0.48078
	3.9520e-3
	0.97384
	20

	20
	0.49048
	0.48229
	2.1208e-3
	0.99644
	20
	0.49158
	0.47644
	2.4823e-3
	0.98434
	20

	G5
	10
	0.49413
	0.49325
	3.0788e-3
	0.99418
	20
	0.49542
	0.48336
	3.9952e-3
	0.97424
	20

	20
	0.48627
	0.48687
	1.8234e-3
	0.99703
	20
	0.48706
	0.48072
	2.2280e-3
	0.98443
	20





The final populations are visualized in Fig. 1 and Modified Inverted Generational Distance (IGD+), Hypervolume (HV)7 and numbers of non-dominated individuals are reported in Table 1. In the table, IGD+ and HV denote values normalized against the extreme objective and diversity values, while IGD+* and HV* are normalized against the best non-dominated fronts aggregated from all runs. Boldface denotes greater medians between two algorithms with statistical significance indicated by Wilcoxon signed-rank tests at 99% confidence level. The same procedure is used in subsequent experiments.
Overall, the algorithms find many individuals on the non-dominated fronts between 81% and 92% of the optimal, consistently across instances. This reveals rich trade-offs, aligning with our intuition regarding quality-diversity correlation. For these instances, 82% of the optimal cut is approximately |E|/2, a point below which we predict the quality-diversity correlation to be positive. This is supported by the shape of the obtained non-dominated fronts within this range, observed more clearly in minimum objective settings.
We see NSGA-II and SPEA2 perform similarly on these instances. Their output non-dominated fronts largely overlap, which small differences in shapes. Inspecting indicators suggests that NSGA-II consistently produces better trade-offs than SPEA2’s with statistically significant differences. However, these differences are small in relative magnitude.
We observe that the algorithms consistently reach plateaus before exhausting the budgets. As the Hamming distance sum is easy to maximize, this gives us confidence that the outputs approximate well the high diversity extreme of the optimal fronts. On the other hand, we know there are individuals on the high-quality (low-diversity) end of the fronts that the algorithms fail to approximate as closely. Doing so requires improving the objective quality of all solutions simultaneously. Therefore, expanding the front toward the high-quality end may call for the use of high-performing white-box heuristics.

4.2 Maximum Coverage
[image: ]
Fig. 2.Unions of final populations across all runs on Max Coverage instances. “MIN” indicates the minimum objective setting being used for [image: $$f_1$$] while “AVG” indicates average objective setting. For each run, dominated points are excluded.


Table 2.Medians of indicator scores and numbers of non-dominated individuals across runs on Max Coverage instances. Boldface denotes greater medians between two algorithms with statistical significance via Wilcoxon signed-rank tests ([image: $$\alpha =1\%$$]).


	 	Inst.
	r
	NSGA-II
	SPEA2

	IGD+
	HV
	IGD+*
	HV*
	#
	IGD+
	HV
	IGD+*
	HV*
	#

	Min objective
	frb30-15-1-10
	10
	0.15929
	0.81026
	0.029592
	0.93453
	2
	0.20494
	0.74484
	0.070245
	0.85907
	2

	20
	0.1832
	0.77547
	0.031759
	0.94084
	2
	0.19708
	0.76149
	0.044568
	0.92388
	2

	frb30-15-1-15
	10
	0.10914
	0.86323
	0.025463
	0.9374
	2
	0.20583
	0.7614
	0.11083
	0.82681
	3

	20
	0.12695
	0.83641
	0.02194
	0.96042
	1
	0.14855
	0.80815
	0.042557
	0.92797
	2

	frb30-15-2-10
	10
	0.16417
	0.80583
	0.027673
	0.94845
	2
	0.21283
	0.73197
	0.079468
	0.86151
	2

	20
	0.17935
	0.7798
	0.021634
	0.956
	2
	0.19764
	0.76273
	0.038031
	0.93507
	2

	frb30-15-2-15
	10
	0.10548
	0.87193
	0.019205
	0.96324
	2.5
	0.17837
	0.78967
	0.079967
	0.87237
	2.5

	20
	0.12098
	0.84317
	0.019826
	0.96042
	2
	0.15161
	0.80867
	0.048502
	0.92112
	2

	frb35-17-1-10
	10
	0.13118
	0.8378
	0.03164
	0.93202
	2
	0.2302
	0.72143
	0.10349
	0.80256
	2

	20
	0.15653
	0.80693
	0.024794
	0.94912
	1
	0.19487
	0.74615
	0.093325
	0.87763
	2

	frb35-17-1-15
	10
	0.12243
	0.84888
	0.03123
	0.94851
	3
	0.2624
	0.69466
	0.1835
	0.77619
	4

	20
	0.13673
	0.81768
	0.025891
	0.94968
	2
	0.22212
	0.7338
	0.12012
	0.85226
	3

	frb40-19-1-10
	10
	0.17484
	0.78967
	0.044668
	0.90275
	2
	0.292
	0.67112
	0.097538
	0.76722
	3

	20
	0.2006
	0.75525
	0.038091
	0.92657
	1
	0.27879
	0.64764
	0.14262
	0.79455
	2

	frb40-19-1-15
	10
	0.14224
	0.8172
	0.031981
	0.91518
	3
	0.28658
	0.66474
	0.092133
	0.74444
	4

	20
	0.14977
	0.80752
	0.021691
	0.9544
	2
	0.30992
	0.62822
	0.19501
	0.74249
	2

	Average objective
	frb30-15-1-10
	10
	0.27011
	0.67792
	0.066477
	0.81149
	6
	0.21687
	0.73174
	0.035662
	0.87592
	5

	20
	0.25191
	0.68919
	0.16121
	0.81487
	3
	0.16947
	0.7829
	0.048992
	0.92568
	2.5

	frb30-15-1-15
	10
	0.28312
	0.69755
	0.096594
	0.82766
	6
	0.20168
	0.77957
	0.027407
	0.92498
	6

	20
	0.2467
	0.72253
	0.13882
	0.82469
	4
	0.15011
	0.82141
	0.041561
	0.93754
	3

	frb30-15-2-10
	10
	0.25897
	0.68825
	0.049847
	0.84212
	7
	0.21594
	0.73583
	0.028128
	0.90033
	6

	20
	0.24879
	0.69083
	0.13418
	0.8167
	3
	0.15323
	0.79726
	0.030719
	0.94252
	2.5

	frb30-15-2-15
	10
	0.26177
	0.71947
	0.053042
	0.85601
	7
	0.20224
	0.77967
	0.018827
	0.92764
	5

	20
	0.22441
	0.74949
	0.050041
	0.84491
	3
	0.14728
	0.82496
	0.019408
	0.93
	4

	frb35-17-1-10
	10
	0.26252
	0.69361
	0.095864
	0.82278
	5
	0.2524
	0.70518
	0.083781
	0.83649
	5

	20
	0.27384
	0.67771
	0.091109
	0.75009
	3
	0.17247
	0.78145
	0.039561
	0.86492
	3

	frb35-17-1-15
	10
	0.31072
	0.65554
	0.061725
	0.84496
	6.5
	0.32269
	0.64837
	0.070474
	0.83571
	6.5

	20
	0.38841
	0.57861
	0.23436
	0.6746
	3
	0.20157
	0.75954
	0.046485
	0.88555
	4

	frb40-19-1-10
	10
	0.29465
	0.65239
	0.069837
	0.82183
	7
	0.26244
	0.68673
	0.050005
	0.86509
	5

	20
	0.44666
	0.50248
	0.23174
	0.60785
	3
	0.28296
	0.65226
	0.081098
	0.78904
	3

	frb40-19-1-15
	10
	0.3006
	0.66013
	0.046622
	0.87708
	7
	0.35017
	0.61199
	0.078987
	0.81312
	6.5

	20
	0.45212
	0.51614
	0.20746
	0.65887
	3
	0.28312
	0.67128
	0.050441
	0.85692
	3





Given an undirected graph [image: $$G=(V,E)$$] and threshold B, max coverage asks to find a solution in[image: $$\begin{aligned} \mathop {\mathrm {arg\!\max }}\limits _{x\subseteq V:|x|\le B}f(x):=|x\cup \{v\in V:\exists u\in x,\{v,u\}\in E\}|. \end{aligned}$$]



The constraint violation function on a solution is given by [image: $$C(x):=max\{|x|-B,0\}$$]. We define the fitness functions:	Minimum objective setting: [image: $$f_1(I):=\min _{X\in I}f(X)$$] if I is feasible, [image: $$f_1(I):=-C(I)$$] otherwise.

	Average objective setting: [image: $$f_1(I):=\frac{1}{r}\sum _{x\in I:C(x)=0}f(x)-C(I)$$].

	[image: $$f_2(I):=\sum _{x,y\in I}|x\Delta y|-r|V|C(I)$$].





We find that the algorithm struggles to maintain feasibility of many solutions simultaneously8, so we use a modified mutation operator. It flips each 1-bit with probability [image: $$\chi (C(x)+1)$$], 0-bit with probability [image: $$\chi $$], where x is the solution it belongs to. This reduces generation of infeasible offspring and mitigates stagnation, with small overhead.
We use the complement of BHOSLIB instances obtained from [38], denoted with {graphname}–{threshold}. While these graphs are sparse, the coverage functions they induce exhibit high degrees of multimodality, i.e., there are many distant near-optimal local optima. This means we can expect the optimal non-dominated front to be close to (OPT, g(n, B, r)), the former being the maximum coverage value and the latter being the diversity upper bound. Note that we can construct a feasible individual I with [image: $$f_2(I)=g(n,B,r)$$], implying the bound is tight and always meets the optimal front at an individual.
The results are shown in Fig. 2 and Table 2. The algorithms return individuals with high objective values, and relatively small variations along this dimension. This leads to fewer non-dominated individuals from each run, as only few fitness values are occupied. Furthermore, most output individuals have high diversity, reaching above 80% of the upper bound in many instances. High Hypervolumes and small Inverted Generational Distances against (OPT, g(n, B, r)) indicate that the output non-dominated fronts occupy a large part of the fitness space; this implies that the optimal front is close to (OPT, g(n, B, r)), as we suspect.
The two algorithms seem to perform similarly on these instances. The fronts produced by NSGA-II have slightly higher diversity than those by SPEA2 in the minimum objective settings, while the rest see large overlaps. The achieved indicators show mixed comparisons. In min objective setting, NSGA-II achieves better non-dominated fronts in most cases. In average objective setting, SPEA2 reaches better indicator scores, at greater frequency when [image: $$r=20$$].

4.3 Minimum Vertex Cover
Given an undirected graph [image: $$G=(V,E)$$], min vertex cover asks to find a solution in[image: $$\begin{aligned} \mathop {\mathrm {arg\!\max }}\limits _{x\subseteq V}f(x):=|V\setminus x|\quad s.t.\quad \forall e\in E,e\setminus x\ne \emptyset . \end{aligned}$$]



The constraint violation function on a solution is the number of edges not covered [image: $$C(x):=|\{e\in E:e\cap x=\emptyset \}|$$]. We define the fitness functions:	Minimum objective setting: [image: $$f_1(I):=\min _{X\in I}f(x)$$] if I is feasible, [image: $$f_1(I):=-C(I)$$] otherwise.

	Average objective setting: [image: $$f_1(I):=\frac{1}{r}\sum _{x\in I:C(x)=0}f(x)-C(I)$$].

	[image: $$f_2(I):=\sum _{x,y\in I}|x\Delta y|-r|E|C(I)$$].





In addition, we implement a simple repair heuristic used in [34]. After mutation, infeasible solutions are repaired with the procedure outlined in Algorithm 1. This incurs an additive [image: $$\Theta (|E|)$$] overhead per infeasible solution, similar to the time cost of feasibility checking9. When this heuristic is used, C(I) is not computed. [image: ]
Algorithm 1Repair heuristic for Max Vertex Cover [34]



We choose nine hard BHOSLIB instances and complement of three DIMACS instances for the maximum clique problem [25]. BHOSLIB instances contain only large vertex covers, so maximizing objective correlates with maximizing diversity as both involves minimizing common selected vertices. This also means there are few possible objective values among feasible solutions, so we can expect the non-dominated fronts returned by the algorithms to be sparse. Meanwhile, selected DIMACS graphs are regular, inducing diverse sets of minimum vertex covers. This means we can expect the optimal non-dominated fronts in these instances to be close to (OPT, g(n, OPT, r)) where OPT is the optimal objective value.[image: ]
Fig. 3.Unions of final populations across all runs on Max Vertex Cover instances. “MIN” indicates the minimum objective setting being used for [image: $$f_1$$] while “AVG” indicates average objective setting. For each run, dominated points are excluded.


Table 3.Medians of indicator scores across runs on Max Vertex Cover instances. Medians of IGD+*, HV* and numbers of non-dominated points are 0, 1, 1, respectively, for both algorithm in all instances, with no statistically significant differences.


	 	Inst.
	r
	NSGA-II
	SPEA2

	IGD+
	HV
	IGD+
	HV

	Min objective
	frb30-15-1
	10
	0.70711
	0.25
	0.70711
	0.25

	20
	0.69762
	0.25676
	0.69762
	0.25676

	frb30-15-2
	10
	0.70711
	0.25
	0.70711
	0.25

	20
	0.69762
	0.25676
	0.69762
	0.25676

	frb30-15-3
	10
	0.70711
	0.25
	0.70711
	0.25

	20
	0.69762
	0.25676
	0.69762
	0.25676

	frb35-17-1
	10
	0.72731
	0.23592
	0.72731
	0.23592

	20
	0.72182
	0.2397
	0.72182
	0.2397

	frb35-17-2
	10
	0.72731
	0.23592
	0.72731
	0.23592

	20
	0.72182
	0.2397
	0.72182
	0.2397

	frb35-17-3
	10
	0.72731
	0.23592
	0.72731
	0.23592

	20
	0.72182
	0.2397
	0.72182
	0.2397

	frb40-19-1
	10
	0.74246
	0.22562
	0.74246
	0.22562

	20
	0.74069
	0.22682
	0.74069
	0.22682

	frb40-19-2
	10
	0.74246
	0.22562
	0.74246
	0.22562

	20
	0.74069
	0.22682
	0.74069
	0.22682

	frb40-19-3
	10
	0.74246
	0.22562
	0.74246
	0.22562

	20
	0.74069
	0.22682
	0.74069
	0.22682

	hamming6-2
	10
	0
	1
	0
	1

	20
	0
	1
	0
	1

	hamming8-2
	10
	0
	1
	0
	1

	20
	0
	1
	0
	1

	hamming10-2
	10
	0
	1
	0
	1

	20
	0
	1
	0
	1

	Average objective
	frb30-15-1
	10
	0.70711
	0.25
	0.70711
	0.25

	20
	0.69762
	0.25676
	0.69762
	0.25676

	frb30-15-2
	10
	0.70711
	0.25
	0.70711
	0.25

	20
	0.69762
	0.25676
	0.69762
	0.25676

	frb30-15-3
	10
	0.70711
	0.25
	0.70711
	0.25

	20
	0.69762
	0.25676
	0.69762
	0.25676

	frb35-17-1
	10
	0.72731
	0.23592
	0.72731
	0.23592

	20
	0.72182
	0.2397
	0.72182
	0.2397

	frb35-17-2
	10
	0.72731
	0.23592
	0.72731
	0.23592

	20
	0.72182
	0.2397
	0.72182
	0.2397

	frb35-17-3
	10
	0.72731
	0.23592
	0.72731
	0.23592

	20
	0.72182
	0.2397
	0.72182
	0.2397

	frb40-19-1
	10
	0.74246
	0.22562
	0.74246
	0.22562

	20
	0.74069
	0.22682
	0.74069
	0.22682

	frb40-19-2
	10
	0.74246
	0.22562
	0.74246
	0.22562

	20
	0.74069
	0.22682
	0.74069
	0.22682

	frb40-19-3
	10
	0.74246
	0.22562
	0.74246
	0.22562

	20
	0.74069
	0.22682
	0.74069
	0.22682

	hamming6-2
	10
	0
	1
	0
	1

	20
	0
	1
	0
	1

	hamming8-2
	10
	0
	1
	0
	1

	20
	0
	1
	0
	1

	hamming10-2
	10
	0
	1
	0
	1

	20
	0
	1
	0
	1





The results are shown in Fig. 3 and Table 3. We see both algorithms with the repair heuristic consistently converge at a single non-dominated individual. In BHOSLIB instances, this individual is mapped to approximately 50% of optimal objective and diversity upper bound, resulting in Hypervolumes at roughly 25% of the entire fitness space. In DIMACS instances, this individual is mapped to the best theoretical trade-off consisting of (OPT, g(n, OPT, r)), agreeing with our intuition. The small number of returned non-dominated individuals could be explained by the limited number of distinct fitness values a feasible individual can assume, combined with the positive correlation between maximizing the two fitnesses. The latter explains the observation that whenever multiple non-dominated individuals are returned, they are all dominated by the one individual the searches seem to converge at in the same instance.
We see NSGA-II and SPEA2 perform similarly under the same configuration across instances. Their achieved indicators are identical in most instances, and no statistically significant difference is detected in the rest. Furthermore, the repair heuristic produces clear improvements over non-repair variants, with roughly 35% run-time overhead. The non-repair variants also fail to produce comparable trade-offs within 150% the evaluation budgets.
We observe similar output individuals across instances within the same class (e.g., prefixed by “frb30-15”), resulting in identical median indicator scores. This indicates the similarity in the objective landscapes induced by these graphs. In addition, the outputs are similar between min objective setting and average objective setting. The choice of [image: $$f_1$$] does not seem to influence the behaviors of the algorithms on these instances.


5 Conclusions
In this work, we study a bi-objective optimization formulation of the diverse solutions problem, where different trade-offs between solutions objective quality and diversity are evolved. This formulation requires that the output be a collection of solution sets, in exchange for eliminating the need to set quality or diversity criteria. We present an implementation scheme that treats a set of solutions as an individual, and handles the inherent symmetry in diversity measures. We realize the scheme in NSGA-II and SPEA2, and test the methods on various maximum cut, maximum coverage and minimum vertex cover instances. The results reveal insights on the optimization instances to which diverse solutions are computed, and confirm that the bi-objective optimization paradigm can be used to address the diverse solutions problem.
We remark that moving from solution spaces to populations spaces introduces extra complexity to the search processes in a way that seems to frustrate black-box approaches. It appears that this additional difficulty can be overcome by problem-specific heuristics, as observed in our investigation with min vertex cover. We speculate that state-of-the-art for this problem will involve memetic algorithms and hybrid approaches.
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Footnotes
1This and subsequent formulation also apply to minimization, with trivial differences.

 

2“Set” is used loosely: they are technically multisets as self-avoidance is not enforced.

 

3One could extend this scheme to any solution representation with recursive structure (e.g., tree–subtree, string–substring, vector–subspace projection).

 

4The former takes [image: $$\Theta (rn)$$] arithmetic operations, and the latter takes [image: $$\Theta (k)$$] where k is the number of changed bits.

 

5We find higher mutation strengths yield lower final diversity.

 

6Each edge is regarded as a set of two vertices that are its endpoints.

 

7Smaller IGD+ and greater HV indicate better trade-offs. More comprehensive discussions on performance indicators can be found in [3].

 

8Preliminary runs with standard mutation yield no feasible outputs when [image: $$r=20$$].

 

9The cost is further reduced by streamlining repairing with evaluation.
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Abstract
We present an evolutionary optimizer incorporating knowledge transfer through forward and inverse surrogate models for solving multiobjective problems, within a stringent computational budget. Forward knowledge transfer is employed to fully exploit solution-evaluation datasets from related tasks by building Bayesian forward multitask surrogate models that map points from decision to objective space. Inverse knowledge transfer via Bayesian inverse multitask models makes possible the creation of high-quality solution populations in decision space by mapping back from preferred points in objective space. In contrast to prior work, the proposed method can improve the overall convergence performance to multiple Pareto sets by fully exploiting information available for diverse multiobjective problems. Empirical studies conducted on benchmark and real-world multitask multiobjective optimization problems demonstrate the faster convergence rate and enhanced inverse modeling accuracy of our algorithm compared to state-of-the-art algorithms.
Keywords
Evolutionary algorithmsBayesian optimizationmultiobjective optimizationinverse models
1 Introduction
In various real-world scenarios, decision-makers (DMs) confront the challenges of simultaneously considering multiple conflicting criteria when choosing a specific optimal solution [27, 33, 34]. Such problems are commonly formulated as multiobjective optimization problems (MOPs) [4]. The defining characteristic of MOPs is the absence of a single solution that universally outperforms others across all criteria. Thus, the primary aim in addressing an MOP is to identify Pareto optimal solutions, mapping to the Pareto front (PF) of optimal performance trade-offs in the objective space. Evolutionary algorithms (EAs), with the inherent population-based nature, are well suited for MOPs [9], through evolving and maintaining a solution set iteratively. The obtained solution set can approximate the PF with well-distributed solutions, enabling DMs to assess performance trade-offs and subsequently select the preferred solution(s) a posteriori [29, 39].
While EAs have effectively addressed MOPs, a notable drawback is their data-hungry nature, necessitating massive evaluations to converge upon a set of nondominated solutions. This characteristic renders EAs unsuitable to directly tackle expensive MOPs, especially those demanding time-consuming computer simulations or intricate real-world experiments. To overcome this challenge, leveraging inexpensive surrogate models can aid algorithmic evolution, reducing the budget for expensive evaluations. Notable algorithms in this domain include ParEGO [28], MOEA/D-EGO [48], EHVI [15], and SMS-EGO [37]. However, these algorithms still require a sufficient number of evaluated samples to construct informative surrogate models, thus necessitating a generous function evaluation budget. This necessity has been termed as the cold start issue.
Integrating knowledge transfer capabilities into algorithms has emerged as a promising strategy to address cold starts. By allowing algorithms to learn from optimization experiences across related tasks, they often exhibit faster convergence [10, 21]. Notably, transfer evolutionary optimization and evolutionary multitasking have attracted significant attention as effective approaches in this regard [2, 17, 21, 45]. These methodologies recognize that real-world problems rarely exist in isolation, allowing knowledge from various tasks to be adaptively reused, thereby enhancing convergence. The efficacy of these algorithms is heavily influenced by the strategy employed for knowledge transfer. Over the past decades, several knowledge transfer techniques have been proposed and incorporated into the EA to enhance performance. This paper focuses on a recent approach termed inverse transfer, which has shown promise in addressing expensive MOPs [32]. This technique leverages Bayesian inverse models that map points on the PF back to their corresponding nondominated solutions in the decision space to achieve knowledge transfer. For instance, Liu et al. [32] introduced invTrEMO, a novel transfer optimization algorithm showcasing the capability to expedite convergence by harnessing implicit knowledge inherent in the source data. Moreover, invTrEMO generates accurate inverse models as a byproduct, facilitating the generation of nondominated solutions tailored to user preferences on demand. However, it is crucial to note that Bayesian inverse models typically assume one-to-one mappings from the PF to Pareto optimal solutions, grounded in the Karush-Kuhn-Tucker conditions [7]. This assumption constrains Bayesian inverse models to be trained solely based on nondominated samples, limiting the utilization of the information embedded in dominated samples across different tasks, and potentially impeding the overall efficacy of the approach.
To overcome the limitations of invTrEMO, we introduce a novel extension, forward-inverse transfer evolutionary multiobjective optimizer (F-invTrEMO). This enhanced method integrates both forward and inverse transfer techniques to maximize information utilization. By combining these two approaches, F-invTrEMO harnesses the strengths of both forward and inverse transfer, enabling more comprehensive knowledge transfer across multiple optimization tasks. The forward transfer component leverages all evaluated samples to capture correlations in function landscapes across all task domains, enhancing the accuracy of Bayesian forward models to effectively guide the optimization process. Meanwhile, the inverse transfer aspect collaboratively utilizes nondominated samples across related tasks, enabling the Bayesian inverse models to map preference vectors from the objective space to the search distribution [24, 40]. This distribution facilitates the generation of promising offspring solutions by harnessing knowledge from multiple tasks, thus guiding the evolutionary process. This forward-inverse transfer mechanism can hopefully upgrade the ability to exploit inter-task information across related MOPs [25] including composites manufacturing [23], path planning [1], model compression [8] and hyperspectral unmixing [46].
In this paper, we primarily focus on addressing the more challenging multitask multiobjective optimization problems with F-invTrEMO, rather than the sequential transfer optimization problems [22]. This broader focus aims to further validate the effectiveness of the proposed method. The main contributions of this paper can be summarized as follows:	We present a novel algorithm named F-invTrEMO. A distinctive feature of F-invTrEMO is its incorporation of both forward and inverse transfer techniques to steer the optimization process. This approach allows F-invTrEMO to capitalize on information from both dominated and nondominated evaluated samples across diverse tasks, thereby maximizing the utilization of available data for improved optimization outcomes.

	We demonstrate that integrating both forward and inverse transfer mechanisms not only accelerates convergence but also yields more precise Bayesian inverse models for approximating the Pareto fronts of individual tasks.

	We validate the superiority of our method across a spectrum of multitask optimization problems, encompassing benchmark problems, a set of engineering optimization problems, and hyperparameter optimization problems.





The remainder of this paper is organized as follows. Section 2 introduces the basic concepts and the related work. Section 3 introduces the proposed F-invTrEMO framework. The effectiveness of the proposed framework is justified by experimental analysis in Sect. 4, and Sect. 5 concludes the paper.

2 Preliminaries
2.1 Multitask Multiobjective Optimization
Considering the synergies inherent in MOPs, multitask multiobjective optimization concurrently solves a set of MOPs by leveraging information across these problem domains [16, 22]. Let [image: $$f_{k,i}(\cdot )$$], where [image: $$k \in \{1,\ldots ,K\}$$] and [image: $$i \in \{1,\ldots ,m\}$$], be the ith objective on the kth optimization task, without loss of generality, the multitask MOP is defined as follows:[image: $$\begin{aligned} \begin{aligned} &amp; \forall T_k, k \in \{ 1,\ldots ,K \}, \\ \min : {\textbf {F}}_k({{\textbf {x}}}_k) = (&amp; f_{k,1}({{\textbf {x}}}_k), \ldots , f_{k,m}({{\textbf {x}}}_k)),~~\text {s.t.} ~ \boldsymbol{{\textbf {x}}}_k \in \varOmega _k \subset \mathbb {R}^{d} \end{aligned} \end{aligned}$$]

 (1)


where [image: $$T_k$$] denotes the kth task setting, [image: $${\textbf {F}}_k(\cdot )$$] represents the objective function vector corresponding to the kth task setting, [image: $${{\textbf {x}}}_k = ({x}_{k,1},\ldots ,{x}_{k,d})$$] denotes the solution corresponding to the kth task setting, and [image: $$\varOmega _k$$] signifies the decision space corresponding to the kth task setting. In this paper, we assume that each objective function is expensive to evaluate, imposing a constraint on the evaluation budget allocated for each task. The key concepts [4] associated with the formulation in (1) are explained as follows:	(Pareto Dominance) Solution [image: $${\textbf {x}}_k^{(a)}$$] is said to Pareto dominate another solution [image: $${\textbf {x}}_k^{(b)}$$] on the kth task setting, if [image: $$\forall i \in \{1,2,\ldots ,m\}$$], [image: $$f_{k,i}({\textbf {x}}_k^{(a)}) \le f_{k,i}({\textbf {x}}_k^{(b)})$$] and [image: $$\exists i' \in \{1,2,\ldots ,m\}$$] such that [image: $$f_{k,i'}({\textbf {x}}_k^{(a)}) &lt; f_{k,i'}({\textbf {x}}_k^{(b)})$$].

	(Pareto Optimal Solutions) Solution [image: $${\textbf {x}}_k^{*}$$] is said to be Pareto optimal on the kth task setting if there are no other candidate solutions that can dominate [image: $${\textbf {x}}_k^{*}$$].

	(Pareto Set) Pareto set (PS) consists of all the Pareto optimal solutions.

	(Pareto Front) The image of the Pareto set in the objective space is referred to as the Pareto front (PF).





The result of (1) can be represented as a set of Pareto optimal solution sets:[image: $$\begin{aligned} \begin{aligned} PS_{k} = \{ {\textbf {x}}_{k}^{(1)*}, {\textbf {x}}_{k}^{(2)*}, {\textbf {x}}_{k}^{(3)*}, \ldots \}, ~~\mathcal {S} = \bigcup _{k=1}^{K} PS_{k}, \end{aligned} \end{aligned}$$]

 (2)


where [image: $${\textbf {x}}^{(\cdot )*}_k$$] is a Pareto optimal solution of the kth task, [image: $$PS_k$$] is a Pareto optimal solution set of the kth task setting, and [image: $$\mathcal {S}$$] is the optimal set of solution sets.

2.2 Decomposition-Based Multiobjective Optimization
The fundamental concept behind decomposition-based multiobjective optimization is to decompose a MOP into a series of single-objective subproblems through the utilization of a specific scalarization function [47]. By solving these subproblems individually, a finite set of Pareto optimal solutions can be obtained. In this paper, we concentrate on augmented Tchebycheff scalarization [28, 30], selected for its simplicity and suitability for non-convex Pareto fronts. This technique combines objective functions using the following expression, which remains consistent across tasks:[image: $$\begin{aligned} \begin{aligned} f^{tch}({\textbf {x}}|\boldsymbol{{\textbf {w}}}) = \max _{1 \le i \le m}\{ w_i \cdot (f_i({\textbf {x}})-(z_i^* - \epsilon )) \} + \rho \sum _{i=1}^{M} w_i f_i({\textbf {x}}), \end{aligned} \end{aligned}$$]

 (3)


where [image: $$f_i({\textbf {x}})$$] is the ith objective of a specific MOP, [image: $$\textbf{w}$$] is known as the preference vector sampled from a [image: $$(m-1)$$] dimensional simplex (i.e., [image: $$\textbf{w} \in \mathcal {W} = \{(w_1, w_2, ..., w_m)^T | \sum _{i=1}^{m}w_i=1, w_i \in [0, 1]\}$$]), [image: $$z_i^*$$] is the ideal objective function value (i.e., minimal possible value) for the ith objective, the coupled term [image: $$(z_i^* -\epsilon )$$] is the utopia objective value by maintaining [image: $$\epsilon $$] as a small positive value for the ith objective, and [image: $$\rho $$] is a sufficiently small scalar weight.

2.3 Gaussian Process
To address expensive objective functions, Gaussian Processes (GPs) [38] are commonly employed as the surrogate to facilitate a data-efficient problem-solving process. This method has been widely applied in various multiobjective optimization techniques, including ParEGO [28], MOEA/D-EGO [48], EHVI [15], and SMS-EGO [37]. In this paper, we also opt for GP as the surrogate model, where we assume [image: $$f \sim \mathcal{G}\mathcal{P}(\mu , \kappa ({\textbf {x}}, {\textbf {x}}'))$$], where [image: $$\mu $$] represents the mean function with a zero prior, and [image: $$\kappa $$] is a kernel function that encapsulates the correlation between input data points. Given sampled data [image: $$\mathcal {D} = \{({\textbf {x}}^{(i)}, y^{(i)})\}_{i=1}^{N}$$] with noise [image: $$\epsilon ^{(i)} \sim \mathcal {N}(0, \sigma _{\epsilon }^2)$$], the predicted posterior distribution of the GP model, [image: $$\mathcal {N}(\mu ({\textbf {x}}^{(*)}),\sigma ^2({\textbf {x}}^{(*)}))$$], for a query [image: $${\textbf {x}}^{(*)}$$] can be computed as follows:[image: $$\begin{aligned} \mu ({\textbf {x}}^{(*)}) = {\textbf {k}}_{*}^\intercal (\boldsymbol{\varSigma } + \sigma _{\epsilon }^2 {\textbf {I}}_N)^{-1} {\textbf {y}}, \end{aligned}$$]

 (4)



[image: $$\begin{aligned} \sigma ({\textbf {x}}^{(*)}) = \kappa _{**} - {\textbf {k}}_{*}^{\intercal }(\boldsymbol{\varSigma }+\sigma _{\epsilon }^2 {\textbf {I}}_{N})^{-1} {\textbf {k}}_{*}. \end{aligned}$$]

 (5)


where [image: $$\kappa _{**} = \kappa ({\textbf {x}}^{(*)},{\textbf {x}}^{(*)})$$], [image: $${\textbf {k}}_{*}$$] is the kernel vector between [image: $${\textbf {x}}^{(*)}$$] and the data in [image: $$\mathcal {D}$$], [image: $$\boldsymbol{\varSigma }$$] is an [image: $$N \times N$$] matrix with elements [image: $$\varSigma _{p,q}=\kappa ({\textbf {x}}^{(p)}, {\textbf {x}}^{(q)})$$], [image: $$p,q \in \{1,\ldots ,N\}$$], [image: $${\textbf {I}}_{N}$$] is a [image: $$N \times N$$] identity matrix, and [image: $${\textbf {y}}$$] is the vector of the noisy observations.

2.4 Inverse Modeling in Multiobjective Optimization
Inverse modeling has emerged as a powerful tool in the domain of multiobjective optimization, offering innovative strategies for navigating optimization and enabling DMs to generate preferred trade-off solutions on demand. Under the premise that the Karush-Kuhn-Tucker conditions hold, PS and PF are both ([image: $$m-1$$])-dimensional piecewise manifolds under mild conditions [14], enabling inverse models to facilitate the mapping of solutions from the objective space back into the decision space. It is noteworthy that the input for inverse models can encompass not only objective function values [7, 24] but also preference vectors [20, 30, 31]. In this paper, we specifically explore the mapping from preference vectors to decision variables. This approach allows DMs to articulate their preferences more easily without delving deeply into the intricacies of the PF topology [40]. GP models are utilized to map a preference vector [image: $${\textbf {w}}$$] to the jth decision variable as [image: $$\varPsi _{j}^{-1}({\textbf {w}})$$], where [image: $$\varPsi _{j}^{-1} \sim \mathcal{G}\mathcal{P}(\mu _j, \kappa _j({\textbf {w}},{\textbf {w}}'))$$]. By amalgamating all d mappings, the inverse prediction [image: $$[\varPsi _{1}^{-1}({\textbf {w}}),\varPsi _{2}^{-1}({\textbf {w}}),\ldots ,\varPsi _{d}^{-1}({\textbf {w}})]$$] is obtained. To train the inverse GP models, a dataset [image: $$\mathcal {D}^{inv} = \{ ({\textbf {w}}^{(l)},{\textbf {x}}^{(l)}) \}_{l=1}^{N^{nd}}$$] should be provided first, where [image: $${\textbf {w}}^{(l)}$$] is the preference vector corresponding to the nondominated solution [image: $${\textbf {x}}^{(l)}$$]. It’s worth noting that the multiobjective optimizer used may not be decomposition-based, and therefore, well-defined subproblems with associated preference vectors may not be specified beforehand. As a general strategy, the following fomulation can be employed to derive [image: $${\textbf {w}}^{(l)}$$] for [image: $${\textbf {x}}^{(l)}$$] based on objective function values:[image: $$\begin{aligned} \begin{aligned} {w}_{i}^{(l)} = \frac{c_i^{(l)}}{\sum _{i=1}^{M}c_i^{(l)}}, i\in \{1,\ldots ,M\}, \end{aligned} \end{aligned}$$]

 (6)


where [image: $$c_i^{(l)} = \frac{\sum _{v=1}^{m} (f_{v}({\textbf {x}}^{(l)})-(z_v^* - \epsilon ))}{(f_{i}({\textbf {x}}^{(l)})-(z_i^* - \epsilon ))}$$], ensuring the preference vector [image: $$\boldsymbol{{\textbf {w}}}^{(l)}$$] can correspond to the aggregated solution in the objective space.[image: ]
Fig. 1.Workflow of the proposed F-invTrEMO. Inverse modeling considers only nondominated solutions while forward modeling considers all the solutions.





3 Forward-Inverse Transfer for Multitask Multiobjective Optimization
This section elucidates the methodology of the proposed F-invTrEMO. We commence by delineating the workflow of the proposed method and demonstrate how to incorporate forward and inverse transfer into the optimization process. Subsequently, we introduce multitask Gaussian Process (MTGP) models [3] including forward MTGP and inverse MTGP that enable forward and inverse transfer.
3.1 General Framework of F-InvTrEMO
The general workflow of the F-invTrEMO can be detailed in Fig. 1 and Algorithm 1, and the steps are explained as follows:	Initialization: In this step, [image: $$N_{init}$$] solutions are generated and evaluated for each task, thus forming the initial datasets [image: $$\{ \mathcal {D}_{1}^{M}, \ldots , \mathcal {D}_{K}^{M} \}$$], where [image: $$\mathcal {D}_{k}^{M} = \{ ({\textbf {x}}_{k}^{(l)}, {\textbf {F}}_{k}({\textbf {x}}_{k}^{(l)})) \}_{l=1}^{N_{k}}$$] and [image: $$N_{k} = N_{init}$$].

	Problem Decomposition: In each iteration, we sample a randomly selected preference vector [image: $${\textbf {w}}^{(t)} \in \mathcal {W}$$] and scalarize the MOPs into single-objective optimization problems based on (3). The resultant dataset for task k can be denoted as [image: $$\mathcal {D}_{k}^{tch} = \{ {\textbf {X}}_k, {\textbf {y}}_{k} \} = \{ ({\textbf {x}}_k^{(l)}, y_{k}^{(l)}) \}_{l=1}^{N_{k}}$$], and [image: $$y_{k}^{(l)} = f^{tch}_k({\textbf {x}}_k^{(l)}) + \epsilon ^{(l)}$$] represents a noisy observation of the scalarized output corresponding to the k-th task, with [image: $$\epsilon ^{(l)}$$] being additive Gaussian noise with zero mean.

	Forward Multitask Modeling: In each iteration, a forward MTGP model is constructed to guide the optimization process for each task. Notably, in the context of F-invTrEMO, the forward model prediction for each task is designed to approximate the augmented Tchebycheff function as defined in (3) and the training set for the forward MTGP model is [image: $$\mathcal {D}_{k}^{tch}, k \in \{1, \ldots . K\}$$]. It is important to note that the datasets for the forward MTGP models contain both dominated and nondominated samples, enabling the algorithm to fully utilize information from all the data.

	Inverse Multitask Modeling: To construct inverse models, the dataset [image: $$\mathcal {D}_{k}^{inv}$$] is generated for the kth task by only leveraging the nondominated samples within [image: $$\mathcal {D}_{k}^{M}$$]. To be specific, given multitask MOPs with d-dimensional decision variable for each task, d datasets are included in dataset [image: $$\mathcal {D}_k^{inv}$$] as [image: $$\mathcal {D}_{k,j}^{inv} = \{ {\textbf {W}}_k, \boldsymbol{{\textbf {X}}}_{k,j} \} = \{ ({\textbf {w}}_k^{(l)}, {\textbf {x}}_{k,j}^{(l)}) \}_{l=1}^{N_{k}^{nd}}$$], [image: $$j \in \{1,\ldots ,d\}$$], containing pairs of nondominated solutions [image: $${\textbf {x}}_{k}^{(l)}$$] and corresponding preference vectors [image: $${\textbf {w}}_k^{(l)}$$] obtained according to (6). Subsequently, d independent inverse MTGP models are trained based on [image: $$\{ \mathcal {D}_{1}^{inv}, \ldots \mathcal {D}_{K}^{inv}\}$$] to map the preference vectors to nondominated solutions in the decision space.

	Evolutionary Solution Generation: For each solving task, a candidate solution is generated, and the corresponding dataset is updated. For the kth task, given [image: $${\textbf {w}}^{(t)}$$], the inverse MTGP provides a search distribution characterized by a Gaussian distribution. Subsequently, a set of offspring solutions [image: $$\mathcal {U}_k$$] is produced by sampling according to this search distribution. We utilize the upper confidence bound (UCB) acquisition function to select the most promising solution [image: $${{\textbf {x}}}_k^{(t)}$$] from [image: $$\mathcal {U}_k$$] for the kth task. In the case of a minimization problem, the UCB function is formulated as [image: $$-\mu _{fmt}({{\textbf {x}}}_{u}) + \beta \cdot \sigma _{fmt}({{\textbf {x}}}_{u})$$], where [image: $$\beta $$] is a predefined parameter balancing exploration and exploitation, [image: $$\mu _{fmt}({{\textbf {x}}}_{u})$$] and [image: $$\sigma _{fmt}({{\textbf {x}}}_{u})$$] are the predictive mean and standard deviation for a given query [image: $${{\textbf {x}}}_{u}$$] by the forward MTGP. The selected [image: $${{\textbf {x}}}_k^{(t)}$$] is then evaluated by the objective function of the kth task, denoted as [image: $${\textbf {F}}_k({{\textbf {x}}}_k^{(t)})$$]. Finally, the dataset [image: $$\mathcal {D}_k^M$$] is updated by appending [image: $$\{ ({{\textbf {x}}}_{k}^{(t)}, {\textbf {F}}_k({{\textbf {x}}}_k^{(t)}))\}$$] to it.





Steps 5 to 20 in Algorithm 1 are repeated until the termination condition is met. The algorithm then returns the inverse MTGP models and the nondominated solutions corresponding to each optimization task.
[image: ]
Algorithm 1:The workflow of F-invTrEMO




3.2 Multitask Gaussian Process as Forward and Inverse Models
Within the F-invTrEMO framework, the incorporation of MTGP models in both forward and inverse modeling1 aims to thoroughly exploit sampled data across multiple tasks, thus enhancing information utilization. The iterative refinement of both forward and inverse modeling mutually benefits each other, resulting in improved approximation of the PF during and after optimization.
Distinguishing itself from canonical GP models outlined in equations (4) and (5), the primary innovation of MTGP lies in the formulation of a multitask kernel function [3], as expressed below:[image: $$\begin{aligned} \kappa _{mt}(({\textbf {x}}_{input}, a), ({\textbf {x}}'_{input}, b)) = \kappa _{tasks}(a,b) \cdot \kappa ({\textbf {x}}_{input},{\textbf {x}}'_{input}) \end{aligned}$$]

 (7)


Here, [image: $${\textbf {x}}_{input}$$] and [image: $${\textbf {x}}'_{input}$$] represent arbitrary input vectors, [image: $$\kappa _{tasks}$$] assesses the similarity among tasks, and [image: $$\kappa $$] mirrors the kernel functions in standard GPs, as delineated in equation (5). Within the context of this paper, the task indices a and b refer to the ath and bth optimization tasks, respectively. Subsequently, we will elucidate on the construction of the forward and inverse MTGP models.
	Forward MTGP Building: In each iteration, we construct a forward MTGP for the optimization tasks, mapping decision variables to aggregated objective values based on (3). The training set for task k during forward modeling is [image: $$\mathcal {D}_{k}^{tch}$$]. Subsequently, the posterior distribution of the forward MTGP can be formulated as follows: [image: $$\begin{aligned} \begin{aligned} \mu _{fmt}({\textbf {x}}^{(*)}_{k^{*}}) = \bar{{\textbf {k}}}^{\intercal }_{fmt,*}(\bar{\boldsymbol{\varSigma }}_{fmt} + \boldsymbol{\Lambda }_{fmt})^{-1}\bar{{\textbf {y}}} \end{aligned} \end{aligned}$$]

 (8)




[image: $$\begin{aligned} \begin{aligned} \sigma _{fmt}({\textbf {x}}^{(*)}_{k^{*}}) &amp; = \kappa _{fmt}(({\textbf {x}}^{(*)}_{k^{*}}, k^{*}), ({\textbf {x}}^{(*)}_{k^{*}}, k^{*})) -\\   &amp; \bar{{\textbf {k}}}_{fmt,*}^{\intercal } (\bar{\boldsymbol{\varSigma }}_{fmt} + \boldsymbol{\Lambda }_{fmt})^{-1} \bar{{\textbf {k}}}_{fmt,*} \end{aligned} \end{aligned}$$]

 (9)


 where [image: $$\bar{{\textbf {k}}}_{fmt,*}$$] is the multitask kernel vector between the input [image: $${\textbf {x}}^{(*)}_{k^{*}}$$] and all the inputs in [image: $$\{{\textbf {X}}_{1},\ldots ,{\textbf {X}}_{K} \}$$], [image: $${\boldsymbol{\varSigma }}_{fmt}$$] is the overall multitask kernel matrix corresponding to the forward MTGP, [image: $$\bar{{\textbf {y}}}$$] is the vector with all the weighted outputs in [image: $$\{ {\textbf {y}}_{1},\ldots ,{\textbf {y}}_{K} \}$$] where every single output can be obtained with the preference vector [image: $$\boldsymbol{{\textbf {w}}}$$] and (3), and [image: $$\boldsymbol{\Lambda }_{fmt}$$] is the additive noise variance matrix of the forward MTGP.

	Inverse MTGP Building: For inverse modeling, we establish an inverse MTGP model for each dimension of decision variables across all tasks. Given the training dataset [image: $$\{ \mathcal {D}_{1}^{inv}, \ldots \mathcal {D}_{K}^{inv}\}$$], the posterior distribution for a query preference vector [image: $${\textbf {w}}^{(*)}_{k^{*}}$$], [image: $$\mathcal {N}(\mu _{imt,j}({\textbf {w}}^{(*)}_{k^{*}}),\sigma _{imt,j}({\textbf {w}}^{(*)}_{k^{*}}))$$] can be computed using the formula (10) and (11) with the kernel function (7). [image: $$\begin{aligned} \begin{aligned} \mu _{imt,j}({\textbf {w}}^{(*)}_{k^{*}}) = \bar{{\textbf {k}}}^{\intercal }_{imt,*j}(\bar{\boldsymbol{\varSigma }}_{imt,j} + \boldsymbol{\Lambda }_{imt,j})^{-1}\bar{\boldsymbol{{\textbf {X}}}}_j \end{aligned} \end{aligned}$$]

 (10)



[image: $$\begin{aligned} \begin{aligned} \sigma _{imt,j}({\textbf {w}}^{(*)}_{k^{*}}) = &amp; \kappa _{imt,j}(({\textbf {w}}^{(*)}_{k^{*}}, k^{*}), ({\textbf {w}}^{(*)}_{k^{*}}, k^{*})) -\\   &amp; \bar{{\textbf {k}}}_{imt,*j}^{\intercal } (\bar{\boldsymbol{\varSigma }}_{imt,j} + \boldsymbol{\Lambda }_{imt,j})^{-1} \bar{{\textbf {k}}}_{imt,*j} \end{aligned} \end{aligned}$$]

 (11)


 where [image: $$\bar{{\textbf {k}}}_{imt,*j}$$] is the multitask kernel vector between the input [image: $${\textbf {w}}^{(*)}_{k^{*}}$$] and all the inputs in [image: $$\{{\textbf {W}}_{1},\ldots ,{\textbf {W}}_{K} \}$$], [image: $${\boldsymbol{\varSigma }}_{imt,j}$$] is the multitask kernel matrix corresponding to the jth inverse MTGP, [image: $$\bar{\boldsymbol{{\textbf {X}}}}_j$$] contains all the outputs in [image: $$\{ {\textbf {X}}_{1,j},\ldots ,{\textbf {X}}_{K,j} \}$$] and [image: $$\boldsymbol{\Lambda }_{imt,j}$$] is the additive noise variance matrix corresponding to the jth inverse MTGP.




Table 1.IGD results on benchmark problems and real-world problems.


	Problems
	Tasks
	ParEGO
	PSL-MOBO
	F-invTrEMO

	mDTLZ-1
	Task-1
	0.0897 (0.0214) [image: $$\mathbf {-}$$]
	0.1307 (0.0512) [image: $$\mathbf {-}$$]
	0.0611 (0.0051)

	Task-2
	0.1538 (0.0780) [image: $$\mathbf {\approx }$$]
	0.1877 (0.0699) [image: $$\mathbf {\approx }$$]
	0.1528 (0.1200)

	Task-3
	0.1282 (0.0281) [image: $$\mathbf {-}$$]
	0.1876 (0.0955) [image: $$\mathbf {-}$$]
	0.0731 (0.0099)

	Task-4
	0.1630 (0.0331) [image: $$\mathbf {-}$$]
	0.2571 (0.0812) [image: $$\mathbf {-}$$]
	0.1182 (0.0718)

	mDTLZ-2
	Task-1
	0.1305 (0.0113) [image: $$\mathbf {-}$$]
	0.1708 (0.0149) [image: $$\mathbf {-}$$]
	0.1135 (0.0083)

	Task-2
	0.1656 (0.0207) [image: $$\mathbf {-}$$]
	0.1798 (0.0185) [image: $$\mathbf {-}$$]
	0.1489 (0.0174)

	Task-3
	0.1598 (0.0184) [image: $$\mathbf {-}$$]
	0.2537 (0.0836) [image: $$\mathbf {-}$$]
	0.1328 (0.0150)

	Task-4
	0.3054 (0.0590) [image: $$\mathbf {-}$$]
	0.4187 (0.1235) [image: $$\mathbf {-}$$]
	0.1439 (0.0154)

	mDTLZ-3
	Task-1
	0.4371 (0.1679) [image: $$\mathbf {-}$$]
	0.7681 (0.0535) [image: $$\mathbf {-}$$]
	0.2726 (0.0277)

	Task-2
	0.5621 (0.1276) [image: $$\mathbf {-}$$]
	0.8203 (0.0347) [image: $$\mathbf {-}$$]
	0.3059 (0.0399)

	Task-3
	0.4907 (0.1474) [image: $$\mathbf {-}$$]
	0.8142 (0.0624) [image: $$\mathbf {-}$$]
	0.2833 (0.0356)

	Task-4
	0.5843 (0.1082) [image: $$\mathbf {-}$$]
	0.8922 (0.0571) [image: $$\mathbf {-}$$]
	0.3241 (0.0305)

	EO
	Task-1
	0.0152 (0.0024) [image: $$\mathbf {-}$$]
	0.0549 (0.0100) [image: $$\mathbf {-}$$]
	0.0095 (0.0011)

	Task-2
	0.0159 (0.0020) [image: $$\mathbf {-}$$]
	0.0518 (0.0132) [image: $$\mathbf {-}$$]
	0.0102 (0.0017)

	Task-3
	0.0142 (0.0026) [image: $$\mathbf {-}$$]
	0.0526 (0.0090) [image: $$\mathbf {-}$$]
	0.0104 (0.0013)

	HPO-1
	Task-1
	0.0208 (0.0030) [image: $$\mathbf {-}$$]
	0.0180 (0.0013) [image: $$\mathbf {-}$$]
	0.0170 (0.0028)

	Task-2
	0.0222 (0.0023) [image: $$\mathbf {-}$$]
	0.0264 (0.0022) [image: $$\mathbf {-}$$]
	0.0169 (0.0012)

	Task-3
	0.0418 (0.0041) [image: $$\mathbf {\approx }$$]
	0.0606 (0.0226) [image: $$\mathbf {-}$$]
	0.0420 (0.0134)

	HPO-2
	Task-1
	0.0277 (0.0043) [image: $$\mathbf {-}$$]
	0.0338 (0.0021) [image: $$\mathbf {-}$$]
	0.0220 (0.0053)

	Task-2
	0.0227 (0.0027) [image: $$\mathbf {-}$$]
	0.0226 (0.0026) [image: $$\mathbf {-}$$]
	0.0160 (0.0016)







4 Experimental Studies
In this section, we assess the effectiveness of F-invTrEMO using various multitask multiobjective optimization problems, encompassing benchmark problems [32, 40], an engineering optimization problem [41], and hyperparameter optimization problems [36]. We compare F-invTrEMO with the classical ParEGO, which only incorporates single-task forward GP models, and the state-of-the-art PSL-MOBO [30], which includes both single-task forward and inverse models. For all the methods, the evaluation budget for each task in optimizing the multitask MOPs is set to 100 evaluations, with an initialization budget [image: $$N_{init}$$] of 20. During scalarization in each algorithm iteration, the weight [image: $$\rho $$] is fixed at 0.05. For the UCB function, the parameter [image: $$\beta $$] is set to 0.5. Due to the page limit, we introduce more experiments for comparison with a recent multiobjective Bayesian optimization method [35] and experiments as per advanced performance indicators including [image: $$\text {IGD}^+$$] [26] and hypervolume [49] in the supplementary file [44].
4.1 Problem Settings
Benchmark Problems. Three base problems are formulated based on the well-established DTLZ benchmark [11], following the methodology outlined in prior research [40]. By adjusting the parameters in these base problems, three sets of multitask modified DTLZ (referred to as mDTLZ) problems can be generated [32, 40]. In our experiment, the dimension of the decision space for all mDTLZ optimization tasks is set to six. Additional detailed information about the base problems can be found in the supplementary file [44], with insights into the corresponding parameters provided in [32, 40].
Real-World Problems. Our real-world problems include an engineering optimization problem (EO) and two hyperparameter optimization problems (HPO).
It is commonplace to seek optimal engineering designs for components under diverse conditions, such as varying load cases or production materials. In such scenarios, obtaining high-quality solutions corresponding to each environment is imperative. Our case study centers on an engineering optimization problem known as the four-bar truss design problem [6]. We endeavor to identify a set of optimal designs for the four-bar truss under three distinct load cases. Further details regarding the parameter settings of the design problem are available in the supplementary file [44], while the formulation of objectives can be found in [41].
Hyperparameter optimization is a classical topic in the field of machine learning [18]. The configuration of hyperparameters for machine learning models can impact the model performance, computational resources, and interpretability to decision-makers. In this paper, we apply F-invTrEMO to generate optimal hyperparameter sets concurrently across diverse related tasks. We consider the following two scenarios. The first problem set (HPO-1) contains three hyperparameter optimization problems. The three optimization problems adjust the hyperparameters of the same machine-learning model, XGBoost [5], but on three distinct classification tasks including credit approval, medical diagnosis, and speech classification problems. The second problem set (HPO-2) contains two hyperparameter optimization problems. The two optimization problems adjust the hyperparameters of distinct but related machine learning models (i.e., XGBoost in ‘gbtree’ mode and ‘dart’ mode.) on the same classification task, medical diagnosis problem [36].
All the hyperparameter optimization case studies are implemented using the framework of YAHPO Gym [36]. Each task for a problem set is a tri-objective hyperparameter tuning, targetting at classification accuracy, model RAM, and model interpretability. Further details can be found in the supplementary file [44] and OpenML problems [43].

4.2 Performance Metrics
We involve two metrics to assess the performance of the algorithms, including the inverted generational distance (IGD) [42] and root mean square error (RMSE).
The Inverted Generational Distance (IGD) is a commonly utilized metric in multiobjective optimization. It quantifies the Euclidean distance between the objective function values of the obtained nondominated solution sets and the true PF. For the kth task, the corresponding IGD value is computed as follows:[image: $$\begin{aligned} \begin{aligned} IGD_k = \frac{1}{N^r} \sum _{r=1}^{N^r} &amp; \min \{ || {\textbf {F}}_{k}(\boldsymbol{{\textbf {x}}}_{opt,k}^{(r)}) - {\textbf {F}}_k(\boldsymbol{{\textbf {x}}}_{k}^{(1)}) ||_2, \\ &amp; \ldots , || {\textbf {F}}_{k}(\boldsymbol{{\textbf {x}}}_{opt,k}^{(r)}) - {\textbf {F}}_k(\boldsymbol{{\textbf {x}}}_{k}^{(N_k^{nd})}) ||_2 \} \end{aligned} \end{aligned}$$]

 (12)



Table 2.RMSE results on benchmark problems and real-world problems.


	Problems
	Tasks
	PSL-MOBO
	F-invTrEMO

	mDTLZ-1
	Task-1
	0.3021 (0.0744) [image: $$\mathbf {-}$$]
	0.0721 (0.0173)

	Task-2
	0.3828 (0.0770) [image: $$\mathbf {\approx }$$]
	0.4250 (0.2263)

	Task-3
	0.3790 (0.0837) [image: $$\mathbf {-}$$]
	0.1592 (0.0780)

	Task-4
	0.4019 (0.0787) [image: $$\mathbf {-}$$]
	0.3568 (0.1691)

	mDTLZ-2
	Task-1
	0.3501 (0.1321) [image: $$\mathbf {-}$$]
	0.0679 (0.0295)

	Task-2
	0.2997 (0.0146) [image: $$\mathbf {-}$$]
	0.1436 (0.0219)

	Task-3
	0.7010 (0.1819) [image: $$\mathbf {-}$$]
	0.1700 (0.0454)

	Task-4
	0.9420 (0.1361) [image: $$\mathbf {-}$$]
	0.3248 (0.1767)

	mDTLZ-3
	Task-1
	1.0219 (0.0310) [image: $$\mathbf {-}$$]
	0.6946 (0.0392)

	Task-2
	1.0430 (0.0429) [image: $$\mathbf {-}$$]
	0.7412 (0.0325)

	Task-3
	1.0562 (0.0457) [image: $$\mathbf {-}$$]
	0.7830 (0.0361)

	Task-4
	1.1166 (0.0747) [image: $$\mathbf {-}$$]
	0.8301 (0.0423)

	EO
	Task-1
	0.2211 (0.0242) [image: $$\mathbf {\approx }$$]
	0.2173 (0.0054)

	Task-2
	0.2290 (0.0261) [image: $$\mathbf {-}$$]
	0.2144 (0.0067)

	Task-3
	0.2225 (0.0372) [image: $$\mathbf {\approx }$$]
	0.2046 (0.0053)

	HPO-1
	Task-1
	0.1818 (0.1143) [image: $$\mathbf {-}$$]
	0.0943 (0.0721)

	Task-2
	0.1663 (0.1558) [image: $$\mathbf {-}$$]
	0.0626 (0.0125)

	Task-3
	0.1881 (0.0545) [image: $$\mathbf {-}$$]
	0.1273 (0.0411)

	HPO-2
	Task-1
	0.1855 (0.1075) [image: $$\mathbf {-}$$]
	0.0811 (0.0476)

	Task-2
	0.1572 (0.1612) [image: $$\mathbf {-}$$]
	0.0694 (0.0260)





where [image: $$\{ \boldsymbol{{\textbf {x}}}_{opt,k}^{(1)},\ldots ,\boldsymbol{{\textbf {x}}}_{opt,k}^{(N^r)} \}$$] represents a set of true Pareto optimal solutions that correspond to well-distributed points along the Pareto front, and [image: $$\boldsymbol{{\textbf {x}}}_k^{(1)},\ldots ,\boldsymbol{{\textbf {x}}}_k^{(N_k^{nd})}$$] denote the nondominated solutions obtained in task k by the optimizer. In this paper, [image: $$N^r$$] is set to 2000.2

The RMSE aims to measure the accuracy of the obtained inverse models. Given a test set [image: $$\mathcal {D}_{opt,k} = \{({\textbf {w}}_{opt,k}^{(r)},\boldsymbol{{\textbf {x}}}_{opt,k}^{(r)})\}_{r=1}^{N^{test}}$$], where [image: $${\textbf {w}}_{opt,k}^{(r)}$$] is the preference vector corresponding to [image: $$\boldsymbol{{\textbf {x}}}_{opt,k}^{(r)}$$]. Since the goal of the inverse model is to satisfy DM’s preferences articulated in the objective space, we calculate the RMSE of the kth task in the objective space as:[image: $$\begin{aligned} \begin{aligned} RMSE_k = \sqrt{ \frac{\sum _{r=1}^{N^r} || {\textbf {F}}_k(\boldsymbol{{\textbf {x}}}_{opt,k}^{(r)}) - {\textbf {F}}_k( \boldsymbol{{\textbf {x}}}_{pred,k}^{(r)} ) ||_2^2 }{N^r}} \end{aligned} \end{aligned}$$]

 (13)


where [image: $$\boldsymbol{{\textbf {x}}}_{pred,k}^{(r)}$$] is the prediction of the inverse models with respect to [image: $${\textbf {w}}_{opt,k}^{(r)}$$]. The predicted means of the inverse models are taken as the prediction [image: $$\boldsymbol{{\textbf {x}}}_{pred,k}^{(r)}$$].

4.3 Results
In Tables 1 to 3, numbers with indicators ([image: $$+$$]), ([image: $$\mathbf {-}$$]) and ([image: $$\mathbf {\approx }$$]) imply that the compared algorithm is better than, worse than, or similar to F-invTrEMO at 95% confidence level as per the Wilcoxon signed-rank test.Table 3.IGD and RMSE results on benchmark problems for F-invTrEMO with and without forward multitask GP (invTrEMO).


	Problems
	Tasks
	IGD
	RMSE

	invTrEMO
	F-invTrEMO
	invTrEMO
	F-invTrEMO

	mDTLZ-1
	Task-1
	0.0820 (0.0126) [image: $$\mathbf {-}$$]
	0.0611 (0.0051)
	0.1174 (0.0358) [image: $$\mathbf {-}$$]
	0.0721 (0.0173)

	Task-2
	0.1264 (0.0699) [image: $$\mathbf {\approx }$$]
	0.1528 (0.1200)
	0.4857 (0.2244) [image: $$\mathbf {\approx }$$]
	0.4250 (0.2263)

	Task-3
	0.1203 (0.0301) [image: $$\mathbf {-}$$]
	0.0731 (0.0099)
	0.3181 (0.1851) [image: $$\mathbf {-}$$]
	0.1592 (0.0780)

	Task-4
	0.1457 (0.0427) [image: $$\mathbf {\approx }$$]
	0.1182 (0.0718)
	0.4911 (0.2010) [image: $$\mathbf {-}$$]
	0.3568 (0.1691)

	mDTLZ-2
	Task-1
	0.1157 (0.0074) [image: $$\mathbf {\approx }$$]
	0.1135 (0.0083)
	0.0637 (0.0244) [image: $$\mathbf {\approx }$$]
	0.0679 (0.0295)

	Task-2
	0.1284 (0.0118) [image: $$\mathbf {+}$$]
	0.1489 (0.0174)
	0.1466 (0.0484) [image: $$\mathbf {\approx }$$]
	0.1436 (0.0219)

	Task-3
	0.1350 (0.0120) [image: $$\mathbf {\approx }$$]
	0.1328 (0.0150)
	0.1556 (0.0273) [image: $$\mathbf {\approx }$$]
	0.1700 (0.0454)

	Task-4
	0.2192 (0.1015) [image: $$\mathbf {-}$$]
	0.1439 (0.0154)
	0.3360 (0.1605) [image: $$\mathbf {\approx }$$]
	0.3248 (0.1767)

	mDTLZ-3
	Task-1
	0.3090 (0.1115) [image: $$\mathbf {-}$$]
	0.2726 (0.0277)
	0.7355 (0.0633) [image: $$\mathbf {-}$$]
	0.6946 (0.0392)

	Task-2
	0.4589 (0.1682) [image: $$\mathbf {-}$$]
	0.3059 (0.0399)
	0.8288 (0.1004) [image: $$\mathbf {-}$$]
	0.7412 (0.0325)

	Task-3
	0.3103 (0.0743) [image: $$\mathbf {-}$$]
	0.2833 (0.0356)
	0.7837 (0.0650) [image: $$\mathbf {\approx }$$]
	0.7830 (0.0361)

	Task-4
	0.3941 (0.1475) [image: $$\mathbf {-}$$]
	0.3241 (0.0305)
	0.8403 (0.0803) [image: $$\mathbf {\approx }$$]
	0.8301 (0.0423)





[image: ]
Fig. 2.The IGD convergence trends of the mDTLZ-1 problem with four tasks and the HPO-1 problem with three tasks provided by ParEGO, PSL-MOBO, and F-invTrEMO (a) The mDTLZ-1 problem. (b) The HPO-1 problem.



Comparison with ParEGO and PSL-MOBO. In Table 1, we present a summary of the IGD (mean and standard deviation) obtained by ParEGO, PSL-MOBO, and F-invTrEMO after 100 evaluations with 10 independent runs. Notably, F-invTrEMO outperforms the other methods in terms of IGD results for 18 out of the 20 tasks, indicating a better convergence of F-invTrEMO than its two competitors. Additionally, in Fig. 2, we illustrate the convergence trends of ParEGO, PSL-MOBO, and F-invTrEMO on mDTLZ-1 and HPO-1 problems. Figure 2 demonstrates that F-invTrEMO exhibits faster convergence compared to both ParEGO and PSL-MOBO. These results underscore the capability of F-invTrEMO to achieve superior convergence outcomes.
In addition to evaluating convergence performance, we also assess the accuracy of the obtained inverse models. Since only PSL-MOBO provides inverse models, Table 2 presents the RMSE results obtained by PSL-MOBO and F-invTrEMO. The findings indicate that, for 17 out of the 20 tasks, F-invTrEMO achieves superior RMSE values, suggesting that F-invTrEMO can produce more accurate inverse models through knowledge transfer across multiple tasks.
Ablation Study. In F-invTrEMO, we incorporate the forward transfer to maximize the utilization of information from both dominated and nondominated samples across distinct tasks based on the inverse transfer model. This study verifies the forward transfer’s effectiveness by comparing F-invTrEMO that fully exploits the interplay between forward transfer and inverse transfer models with invTrEMO that is solely based on inverse transfer models. The obtained IGD and RMSE results are presented in Table 3. Our analysis reveals that the convergence of F-invTrEMO is significantly improved with the inclusion of a forward MTGP model. In terms of both IGD and RMSE results, F-invTrEMO outperforms invTrEMO in 7 out of the 12 tasks on IGD and 5 of 12 tasks on RMSE. These findings suggest that by leveraging information from both dominated and nondominated samples corresponding to different tasks, the algorithm enhances both the convergence of the optimization and the accuracy of the inverse models.


5 Conclusion
In this paper, we incorporate knowledge transfer in both forward and inverse surrogate modelling for multiobjective optimization. It’s argued that both forward and inverse models encounter the challenge of data scarcity. Both forward and inverse knowledge transfer are employed to alleviate this problem. Forward knowledge transfer improves convergence performance, while inverse knowledge transfer enhances the quality of approximating PF, both by utilizing the available information across distinct tasks through multitask modeling. The results are compared with those using only surrogate models without forward or inverse knowledge transfer across benchmark problems and real-world problems. These studies indicate that the proposed mechanism can enhance both the convergence performance and PF approximation results in multitask multiobjective optimization under strict computational constraints.
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Footnotes
1The training process of the MTGP model can be found in [19].

 

2For benchmark problems, the ground truth solutions serve as the reference solution set. For real-world problems, bi-objective and tri-objective reference solution sets are obtained using NSGA-II [13] and NSGA-III [12] with population size 500 and generation size 1000, similar to [40].
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Abstract
Despite significant progress in the field of mathematical runtime analysis of multi-objective evolutionary algorithms (MOEAs), the performance of MOEAs on discrete many-objective problems is little understood. In particular, the few existing bounds for the SEMO, global SEMO, and SMS-EMOA algorithms on classic benchmarks are all roughly quadratic in the size of the Pareto front.
In this work, we prove near-tight runtime guarantees for these three algorithms on the four most common benchmark problems OneMinMax, CountingOnesCountingZeros, LeadingOnesTrailingZeros, and OneJumpZeroJump, and this for arbitrary numbers of objectives. Our bounds depend only linearly on the Pareto front size, showing that these MOEAs on these benchmarks cope much better with many objectives than what previous works suggested. Our bounds are tight apart from small polynomial factors in the number of objectives and length of bitstrings. This is the first time that such tight bounds are proven for many-objective uses of these MOEAs. While it is known that such results cannot hold for the NSGA-II, we do show that our bounds, via a recent structural result, transfer to the NSGA-III algorithm.
Keywords
evolutionary multi-objective optimizationruntime analysisSMS-EMOANSGAtheory
1 Introduction
Evolutionary algorithms such as the SMS-EMOA, NSGA-II, or MOEA/D are among the most successful approaches to tackle optimization problems with several conflicting objectives [7, 33]. Despite the challenges stemming from the often complex population dynamics in multi-objective evolutionary algorithms (MOEAs), the analysis of MOEAs via theoretical means has made considerable progress in the last twenty years. Starting with simplistic algorithms such as the simple evolutionary multi-objective optimizer (SEMO) [21] and the global SEMO [16], this line of research has now reached the maturity to deal with state-of-the-art algorithms such as the MOEA/D, NSGA-II, NSGA-III, and SMS-EMOA  [4, 22, 26, 28].
However, this progress so far was mostly restricted to the analysis of MOEAs on bi-objective optimization problems. In particular, the few existing mathematical runtime analyses for the SEMO, global SEMO, and SMS-EMOA  [3, 20, 31] for problems with general number m of objectives show runtime guarantees roughly quadratic in the size of the Pareto front; the recent work [29] proves that the NSGA-II cannot optimize the OneMinMax problem in time better than exponential in the size of the Pareto front when the number of objectives is three or more. These results could give the impression that MOEAs have significant difficulties in dealing with larger numbers of objectives, clearly beyond the mere increase of the size of the Pareto front with increasing numbers of objectives.
In this work, we revisit this twenty years old question and prove significantly stronger performance guarantees, which give a different impression. More specifically, we analyze the runtimes of the SEMO, global SEMO, SMS-EMOA, and NSGA-III on the OneMinMax (OMM), CountingOnesCountingZeros (COCZ), LeadingOnesTrailingZeros (LOTZ), and OneJumpZeroJump (OJZJ) problems for a general (even) number m of objectives. We prove runtime guarantees showing that these algorithms compute the Pareto fronts of these problems in an expected time (number of function evaluations) that is linear in the size of the largest set of incomparable solutions (apart from small polynomial factors in the number m of objectives and the bitstring length n). For all benchmarks except LOTZ and OJZJ with large jump size, this number coincides with or is close to the size of the Pareto front. Since naturally the size of the Pareto front is a lower bound for these runtimes, these guarantees are tight apart from the small factors. In the bi-objective case ([image: $$m=2$$]) our results match the state-of-the-art bounds (apart from constant factors).
Together with the parallel and independent work on the NSGA-III  [25], these are the first that tight runtime guarantees for these MOEAs for general numbers of objectives, and they improve significantly over the previous results with their quadratic dependence on the Pareto front size.
We are optimistic that our methods can also be applied to other MOEAs. We discuss some sufficient conditions for transferring the obtained bounds. We argue that they are fulfilled by SMS-EMOA and NSGA-III, but we believe that our arguments can also be applied to variants of the NSGA-II that do not suffer from the problems detected in [29], e.g., the NSGA-II with the tie-breaker proposed in [15], and to the [image: $$(\mu +1)$$] SIBEA [5].

2 Previous Work
The mathematical runtime analysis of randomized search heuristics is an active area of research for more than 30 years now, see [1, 13, 19, 24, 34]. Since around 20 years ago, also the runtime of multi-objective evolutionary algorithms (MOEAs) has been analyzed with mathematical means. Starting with simple toy algorithms like the simple evolutionary multi-objective optimizer (SEMO) [21] or the global SEMO (GSEMO) [16], the field has steadily progressed and is now able to also predict the runtimes of state-of-the-art algorithms such as the MOEA/D [22], NSGA-II  [32], NSGA-III  [26], and the SMS-EMOA [4].
Looking closer at the results obtained, we note that the vast majority of the runtime analyses of MOEAs consider only bi-objective problems. The sporadic results regarding more than two objectives appear less mature, and the runtime guarantees are far from the (mostly trivial) existing lower bounds.
One natural reason for the additional difficulty of runtime analyses for many-objective problems, visible from comparing the proofs of results for two and for more objectives, is the richer structure of the Pareto front. In bi-objective problems, the Pareto front has a one-dimensional structure. Hence the typical runtime analysis first estimates the time to find some solution on the Pareto front and then regards how the MOEA progresses along the Pareto front in the only two directions available. For problems with more objectives, the Pareto front is higher-dimensional, and hence there are many search trajectories from the first solution on the Pareto front to a particular solution.
The main runtime results for more than two objectives are the following. Already the journal version [20, Section V] of the first runtime analysis work on MOEAs [21] contains two many-objective runtime results, namely proofs that the SEMO computes the Pareto front of [image: $${m}\textsc {COCZ}$$] and [image: $$m\textsc {LOTZ}$$] (which are the m-objective analogues of the classic COCZ and LOTZ benchmarks) with problem size n and even number [image: $$m\ge 4$$] of objectives in an expected number of [image: $$O(n^{m+1})$$] function evaluations. While the result for [image: $$m\textsc {LOTZ}$$] naturally extends the [image: $$O(n^3)$$] bound for the bi-objective LOTZ problem, the same is not true for [image: $${m}\textsc {COCZ}$$], where the bi-objective runtime guarantee is [image: $$O(n^2 \log n)$$]. Considerably later, the bounds for [image: $${m}\textsc {COCZ}$$] were slightly improved in [3], namely to [image: $$O(n^m)$$] for [image: $$m &gt; 4$$] and to [image: $$O(n^3\log n)$$] for the special case [image: $$m=4$$]. As often in the runtime analysis of MOEAs, the complicated population dynamics prevented the proof of any interesting lower bounds, so only the trivial bound [image: $$\varOmega (n^ {m/2} \varTheta (m)^{-m/2})$$], which is the size of the Pareto front for both problems, is known.
Huang, Zhou, Luo and Lin [18] analyzed how the MOEA/D [27] optimizes the benchmarks [image: $${m}\textsc {COCZ}$$] and [image: $$m\textsc {LOTZ}$$]. As the MOEA/D decomposes the multi-objective problem into several single-objective subproblems and solves these in a co-evolutionary way, this framework is fundamentally different from the MOEAs regarded in this work, so we do not discuss these results in more detail.
Surprisingly, the NSGA-II  [9] has enormous difficulties with discrete many-objective problems. Zheng and Doerr [29] showed that this prominent algorithm with any population size that is linear in the Pareto front size cannot optimize the OMM problem in polynomial time (in expectation) when the number of objectives is three or more. The proof of this result suggests that this is an intrinsic problem of the crowding distance, and that similar negative results hold for the other benchmark problems in this work.
The NSGA-III  [8] might cope better with more objectives, however, this was proven only for the 3-objective OMM problem, where a runtime guarantee of [image: $$O(N n \log n)$$] function evaluations was shown in [26] (when the population size N is at least the size [image: $$(\frac{n}{2}+1)^2$$] of the Pareto front). In a very recent parallel and independent work, [25] generalized the property of the NSGA-III used in the analyses of the 3-objective OMM problem to arbitrary benchmarks and numbers of objectives. They used this property to prove the runtime of the NSGA-III (for a proper choice of reference points and population size [image: $$\mu $$]) to be [image: $$O(\mu n \log n)$$] on [image: $$m$$] OMM and [image: $${m}\textsc {COCZ}$$], and [image: $$O(\mu n^2)$$] on [image: $$m\textsc {LOTZ}$$], for arbitrary but constant and even m. Our results on the NSGA-III heavily rely on their proven property and extend their results to arbitrary, non-constant numbers of objectives.
Very recently [31], the runtime of the GSEMO and the SMS-EMOA [2] on the [image: $$\textsc {OJZJ} _k$$] problem for arbitrary (even) numbers m of objective was shown to be [image: $$O(M^2 n^k)$$] and [image: $$O(\mu M n^k)$$], respectively, where [image: $$M = (2\frac{n}{m} - 2k +3)^{m/2}$$] is the size of the Pareto front of this problem and [image: $$\mu \ge M$$] denotes the size of the population of the SMS-EMOA.
We note that all bounds discussed in this section except for the ones of the NSGA-III are quadratic in the Pareto front size, times some small polynomial in m and n. As our results will show, this quadratic dependence is not necessary and merely stems from the difficulty to analyze many-objective MOEAs.

3 Preliminaries
Let [image: $$\mathbb {N}= \{1,2,\ldots \}$$] and for [image: $$n\in \mathbb {N}$$], let [image: $$[n] = \{1,\ldots , n\}$$]. Whenever we are speaking of how close one bitstring is to another, we are referring to their Hamming distance. Many of our proofs rely on two well-known bounds in probability theory, which we give here for completeness and reference in our proofs by name. First, a union bound states for some finite set of events [image: $$\{E_1,\ldots , E_\ell \}$$] that the probability of any of the events happening is at most the sum over the individual probabilities, that is, [image: $$\Pr [\bigcup _{i\in [\ell ]}E_i] \le \sum _{i\in [\ell ]} \Pr [E_i]$$]. Second, we employ a variant of the Chernoff bound. Let [image: $$X_1, \ldots , X_\ell $$] be independent random variables with values in [image: $$\{0,1\}$$] and let [image: $$X = \sum _{i\in [\ell ]} X_i$$]. Then for any [image: $$0&lt;\delta &lt;1$$] we have[image: $$\begin{aligned} \Pr \left[ X \le (1-\delta )E[X]\right] \le \exp \left( -\tfrac{1}{2} \delta ^2 E[X]\right) . \end{aligned}$$]



In particular, [image: $$\Pr [X \le \frac{1}{2}E[X]] \le \exp (-\frac{1}{8} E[X])$$].
3.1 Multi-objective Optimization
Let [image: $$m\in \mathbb {N}$$]. An m-objective function f is a tuple [image: $$(f_1, \ldots , f_m)$$] such that [image: $$f_i:\varOmega \rightarrow \mathbb {R}$$] for some search space [image: $$\varOmega $$], for all [image: $$i\in [m]$$]. We define the objective value of [image: $$x\in \varOmega $$] to be [image: $$f(x) = (f_1(x),\ldots ,f_m(x))$$]. There is usually no solution that maximizes all m objective functions at the same time. For [image: $$x,y\in \varOmega $$] we write [image: $$x \succeq y$$] if and only if [image: $$f_i(x) \ge f_i(y)$$] for all [image: $$i\in [m]$$] and say that x dominates y. If additionally [image: $$f_j(x) &gt; f_j(y)$$] for some [image: $$j\in [m]$$], we say that x strictly dominates y and write [image: $$x \succ y$$]. A solution [image: $$x\in \varOmega $$] is Pareto-optimal if it is not strictly dominated by any other solution. The Pareto front is the set of objective values of Pareto-optimal solutions. Given an algorithm and an objective function, we are interested in the number of function evaluations until the population covers the Pareto front, that is, until for all values p on the Pareto front there is a solution x in the population such that [image: $$f(x)=p$$]. We note that all algorithms analyzed in this work in each iteration create one new individual and thus only require one function evaluation per iteration. Thus we simply analyze the number of iterations until the Pareto front is covered and remark here that the initial population also has to be evaluated (1 evaluation for the SEMO and GSEMO, [image: $$\mu $$] iterations for the SMS-EMOA with population size [image: $$\mu $$]).
All the objective functions we consider are defined on the search space of bitstrings of length n for [image: $$n\in \mathbb {N}$$]. For [image: $$m = 2m'$$] objectives, they are obtained by partitioning individuals into [image: $$m'$$] blocks of size [image: $$b = \frac{n}{m'}$$] and applying a bi-objective function to each block. For some individual [image: $$x\in \{0,1\}^n$$] and [image: $$i\in [m']$$], we define [image: $$x^i$$] to be the ith block of x, that is the substring from [image: $$x_{b(i-1)+1}$$] to [image: $$x_{bi}$$]. We define [image: $$|x^i|_1 = \sum _{j=(i-1)b+1}^{ib} x_j$$] (and [image: $$|x^i|_0 = b-|x^i|_1$$]) to denote the number of 1-bits (and 0-bits) in the ith block.

3.2 Benchmarks
We evaluate the algorithms on four established multi-objective benchmarks.
mOneMinMax ([image: $$m\textsc {OMM}$$]). The objective function [image: $$m$$] OMM translates the well-established OneMax benchmark in a setting with [image: $$m=2m'$$] objectives for some [image: $$m'\in \mathbb {N}$$]. Intuitively, the bitstring is divided into [image: $$m'$$] equally sized blocks that each contribute two objectives, the number of 1-bits and the number of 0-bits in that block. The bi-objective case of [image: $$m'=1$$] was proposed by [17] and later generalized to arbitrary [image: $$m'$$] [29]. Let [image: $$b,m'\in \mathbb {N}$$] and [image: $$n = bm'$$]. For all [image: $$x\in \{0,1\}^n$$], define [image: $${m\textsc {OMM}} (x) = (f_1(x),\ldots ,f_{m}(x))$$] where for all [image: $$i\in [m']$$][image: $$\begin{aligned} f_{2i}(x) = |x^i|_1 \quad \text { and } \quad f_{2i-1}(x) = b-|x^i|_1. \end{aligned}$$]



The benchmark [image: $$m$$] OMM is special in the sense that each of the [image: $$S_m^{{{\,\textrm{OMM}\,}}}{:}{=}\left( \frac{n}{m'}+1\right) ^{m'}$$] possible objective values lies on the Pareto front.
mCountingOnesCountingZeros ([image: $$m\textsc {COCZ}$$]). The COCZ benchmark and its multi-objective variant [image: $${m}\textsc {COCZ}$$] [20] are closely related to OMM and [image: $$m$$] OMM. However, the objectives cooperate on the first half of the bitstring and only the second half is evaluated just like for [image: $$m$$] OMM. Formally, let [image: $$m'~\in ~\mathbb {N}$$], [image: $$b\in 4\mathbb {N}$$], [image: $$n = 2bm'$$], and [image: $$m=2m'$$]. Then for all [image: $$x\in \{0,1\}^n$$], define [image: $$\textrm{m}\textsc {COCZ}(x) = (f_1(x),\ldots ,f_{m}(x))$$] where for all [image: $$i\in [m']$$][image: $$\begin{aligned} f_{2i}(x) = \sum _{j=1}^{bm'} x_j + \sum _{j=ib+1}^{ib} x_{bm'+j} \quad \text { and }\quad f_{2i-1}(x) = \sum _{j=1}^{bm'} x_j + \sum _{j=ib+1}^{ib} 1 - x_{bm'+j}. \end{aligned}$$]



Observe that [image: $$S_m^{{{\,\textrm{COCZ}\,}}}=(\frac{n}{2m'}+1)^{m'}$$] is the size of Pareto front for the [image: $${m}\textsc {COCZ}$$] problem and also the maximum size of any set of pairwise non-dominating individuals.
[image: $$m\textsc {LeadingOnesTrailingZeros}$$] ([image: $$m\textsc {LOTZ}$$]). The objective function [image: $${m\textsc {LOTZ}} $$] is the many objective variant of the bi-objective LOTZ benchmark [20]. Intuitively, it has two objectives per block, one being the number 1-bits up to the first 0-bit and the other being the number of 0-bits behind the last 1-bit. Formally, let [image: $$b,m'\in \mathbb {N}$$], [image: $$n = bm'$$], and [image: $$m=2m'$$]. Then for all [image: $$x\in \{0,1\}^n$$], define [image: $${m\textsc {LOTZ}} (x) = (f_1(x),\ldots ,f_{m}(x))$$] where for all [image: $$i\in [m']$$][image: $$\begin{aligned} f_{2i}(x) = \sum _{j=(i-1)b+1}^{ib}\prod _{j'=1}^j x_{j'} \quad \text { and }\quad f_{2i-1}(x) = \sum _{j=(i-1)b+1}^{ib}\prod _{j'=j}^{ib} 1- x_{j'}. \end{aligned}$$]



Observe that [image: $$\bar{S}_m^{{{\,\textrm{LOTZ}\,}}}=S_m^{{{\,\textrm{OMM}\,}}}=(\frac{n}{m'}+1)^{m'}$$] is the size of Pareto front for the [image: $$m$$] LOTZ problem. However, the size [image: $$S_m^{{{\,\textrm{LOTZ}\,}}}$$] of the largest incomparable set is asymptotically tightly bounded by [image: $$S_m^{{{\,\textrm{LOTZ}\,}}}\le (\frac{n}{m'}+1)^{2m'-1}$$] [25] and thus almost quadratic in [image: $$\bar{S}_m^{{{\,\textrm{LOTZ}\,}}}$$].
[image: $$m\textsc {OneJumpZeroJump}_k$$] ([image: $$m{\textsc {OJZJ}}_k$$]). The objective function [image: $${m{\textsc {OJZJ}}_k} $$] is the recently introduced many objective variant [31] of the bi-objective OJZJ benchmark [14]. It has two objectives per block, one for the number of 1-bits and one for the number of 0-bits. However, it has a fitness valley with decreasing objective value if the number of 0-bits or 1-bits is in [k], where k is a parameter of the benchmark. Formally, let [image: $$b,m'\in \mathbb {N}$$], [image: $$n = bm'$$] and [image: $$m=2m'$$]. Then for all [image: $$x\in \{0,1\}^n$$], define [image: $${m{\textsc {OJZJ}}_k} (x) = (f_1(x),\ldots ,f_{m}(x))$$] where for all [image: $$i\in [m']$$][image: $$\begin{aligned} f_{2i}(x) = \textsc {Jump} _k(x^i) \quad \text { and }\quad f_{2i-1}(x) = \textsc {ZeroJump} _k(x^i) \quad \text { with}\\ \textsc {Jump} _k(x) = {\left\{ \begin{array}{ll} |x|_1 +k, \quad \text { if } |x|_1 \le b-k \text { or } |x|_1 = b;\\ b-|x|_1, \quad \text { else;} \end{array}\right. } \\ \textsc {ZeroJump} _k(x) = {\left\{ \begin{array}{ll} |x|_0 +k, \quad \text { if } |x|_0 \le b-k \text { or } |x|_0 = b;\\ b-|x|_0, \quad \text { else.} \end{array}\right. } \end{aligned}$$]



We assume [image: $$2 \le k \le \frac{n}{2m'}$$]. The 2-objective OJZJ benchmark with jumps of size k has a Pareto front of size [image: $$n-2k+3$$] [14]. Thus, the Pareto front of [image: $$m{\textsc {OJZJ}}_k$$], which corresponds to OJZJ in [image: $$m'$$] individual blocks of size [image: $$\frac{n}{m'}$$], is of size [image: $$\bar{S}_m^{{{\,\textrm{OJZJ}\,}}}= \left( \frac{n}{m'}-2k+3\right) ^{m'}$$]. As the objective value is defined by the number of 1-bits in each block, the size [image: $$S_{m,k}^{{{\,\textrm{OJZJ}\,}}}$$] of a largest set of pairwise non-dominating individuals is upper bounded by [image: $$S_{m,k}^{{{\,\textrm{OJZJ}\,}}}\le \left( \frac{n}{m'}+1\right) ^{m'} = S_m^{{{\,\textrm{OMM}\,}}}$$]. Note that [image: $$S_{m,k}^{{{\,\textrm{OJZJ}\,}}}\approx \bar{S}_m^{{{\,\textrm{OJZJ}\,}}}$$] for small values of k, which is typically assumed.

3.3 SEMO and GSEMO
The SEMO and GSEMO start the first generation with a single, random individual in the population. In each iteration, they uniformly at random choose an individual from the current population and mutate it to a new solution [image: $$x'$$]. Now they remove all solutions from the population that are dominated by [image: $$x'$$] and add [image: $$x'$$] to the population if and only if it is not strictly dominated by a solution in the population, see Algorithm 1. This way, the population stores exactly one individual for each encountered objective value that is not strictly dominated by any other encountered objective value. Observe that by evaluating the objective function only once after a new individual is created and storing the value for future comparisons, the number of evaluations is exactly the number of generations (plus 1 for the initial individual). The only difference between the SEMO and the GSEMO is the mutation step. While the SEMO uniformly at random selects one bit of the parent and flips that bit to create an offspring, the GSEMO independently flips each bit of the parent with some probability p. Here we assume the conventional mutation rate [image: $$p = \frac{1}{n}$$].[image: ]




4 Mathematical Analyses of GSEMO
We start our contribution by giving upper bounds on the optimization time of the GSEMO on the four benchmarks. Afterward, in Sect. 5, these results are transferred to other MOEAs as well. To start our analysis, we observe that for these benchmarks the size of any set of incomparable solutions is at most [image: $$S_m^{{{\,\textrm{OMM}\,}}},S_m^{{{\,\textrm{COCZ}\,}}},S_m^{{{\,\textrm{LOTZ}\,}}},$$] or [image: $$S_{m,k}^{{{\,\textrm{OJZJ}\,}}}$$], respectively. Consequently, these are upper bounds on the population size in any iteration of the GSEMO.
4.1 [image: $$m\textsc {OneMinMax}$$]
If a bitstring has [image: $$a_i$$] bits of value 1 in the ith block for all [image: $$i\in [m']$$], we call it an [image: $$(a_1,a_2,\ldots ,a_{m'})$$]-bitstring. We abbreviate the notation of vectors of the Pareto front from [image: $$(n-a_1, a_1, n-a_2, a_2, \ldots , n-a_{m'}, a_{m'})$$] to [image: $$(a_1, a_2, \ldots ,a_{m'})$$]. Define the set [image: $$C_m$$] to contain all bitstrings for which each of the [image: $$m'$$] blocks consists either only of 1-bits or only of 0-bits (“corners”). Observe that [image: $$\left| C_m \right| = 2^{m'}$$] and that each bitstring in [image: $$C_m$$] is the unique individual of the respective objective value. For the upper bound, we separately bound the time until all individuals in [image: $$C_m$$] are in the population, see Lemma 1, and then analyze how from this point on all other individuals are generated, see Lemma 2. The following theorem combines these results to bound the total optimization time.
Theorem 1
Let [image: $$m'\in \mathbb {N}$$] and [image: $$m= 2m'$$]. Consider the GSEMO optimizing [image: $$m$$] OMM. Let T denote the number of iterations until the population matches the complete Pareto front and let t be[image: $$\begin{aligned} \left( \frac{\ln (2)m'+2}{\ln (n)} + 16 \frac{{m'}^2+2\,m'}{n} + 2\right) e S_m^{{{\,\textrm{OMM}\,}}}n \ln (n) +1. \end{aligned}$$]



Then [image: $$T \le t$$] with high probability and [image: $$E[T] \le (1-\frac{1}{n})^{-2}t$$].

Proof
Let [image: $$t_1$$] and [image: $$t_2$$] be the optimization times in Lemmas 1 and 2. We have [image: $$t \ge t_1 + \lceil {t_2}\rceil $$] by observing [image: $$\ln (n) \ge \ln (m')$$] and [image: $$\ln (n)+1 \ge \ln (n+1) \ge \ln \left( \frac{n}{m'}+1\right) $$]. Thus, [image: $$T \le t$$] with a high probability of at least [image: $$(1-\frac{1}{n})^2$$]. We employ a simple restart argument to obtain an upper bound on the expected value of T, analyzing the success of each sequence of t iterations separately. Each sequence of t iterations fails to cover the Pareto front with probability at most [image: $$1-(1-\frac{1}{n})^2$$]. Due to the convergence of the geometric series we have[image: $$E[T] \le \sum _{i=0}^{\infty } \left( 1-\left( 1-\frac{1}{n}\right) ^2\right) ^i t = \left( 1-\frac{1}{n}\right) ^{-2} t. $$]



   [image: $$\square $$]

Lemma 1
Let [image: $$m'\in \mathbb {N}$$] and [image: $$m= 2m'$$]. Consider the GSEMO optimizing [image: $$m$$] OMM and let T denote the number of iterations until the population contains [image: $$C_m$$]. Then[image: $$\begin{aligned} T \le \left( \ln (2) \frac{m'}{\ln (n)}+2\right) eS_m^{{{\,\textrm{OMM}\,}}}n \ln (n) \end{aligned}$$]



with probability at least [image: $$1-\frac{1}{n}.$$]

Proof
We first prove a tail bound for the time [image: $$T_C$$] until the population contains the corner bitstring [image: $$1^n$$]. By the symmetry of [image: $$m$$] OMM, this bound applies to all other elements in [image: $$C_m$$] as well. Hence, applying a union bound over the tail bounds for the individual elements in [image: $$C_m$$] yields a bound on the time until all elements are covered.
Let x be a member of the population with maximum number of 1-bits. Let [image: $$i = n- |x|_1$$] be the number of 0-bits of x. Then the probability of sampling an individual that has [image: $$i-1$$] many 0-bits in the next iteration is at least [image: $$\frac{1}{S_m^{{{\,\textrm{OMM}\,}}}}\cdot i\cdot \frac{1}{n}\cdot (1-\frac{1}{n})^{n-1}\ge \frac{i}{enS_m^{{{\,\textrm{OMM}\,}}}} = p_i$$], by choosing x as parent, flipping any one of its 0-bits, and not flipping any other bit. Hence, [image: $$E[T_C] \le \sum _{i=1}^n \frac{1}{p_i}.$$]
For [image: $$1\le i \le n$$], let [image: $$X_i$$] be independent geometric random variables, each with success probability [image: $$p_i$$], and let [image: $$X=\sum _{i=1}^n X_i$$]. Then X stochastically dominates [image: $$T_C$$], and thus a tail bound for X also applies to [image: $$T_C$$]. By Theorem 1.10.35 in [11], a tail bound for sums of geometric random variables with harmonic success probabilities, for all [image: $$\delta \ge 0$$] we have[image: $$\begin{aligned} \Pr [T_C\ge (1&amp;+\delta )eS_m^{{{\,\textrm{OMM}\,}}}n \ln (n)] \le \Pr [X\ge (1+\delta )eS_m^{{{\,\textrm{OMM}\,}}}n \ln (n)] \le n^{-\delta }. \end{aligned}$$]



By the symmetry of the problem and operators, the bound also holds for all other elements in [image: $$C_m$$]. Let [image: $$\delta = m'\log _n(2)+1$$]. A union bound helps to give a tail bound on the time T until the population contains all elements in [image: $$C_m$$]. The probability that [image: $$T \le (m'\log _n(2)+2) e S_m^{{{\,\textrm{OMM}\,}}}n \ln (n)$$] is at least[image: $$\begin{aligned} 1-\left| C_m \right| \cdot &amp;\Pr [T_C \ge (m'\log _n(2)+2)eS_m^{{{\,\textrm{OMM}\,}}}n \ln (n)]\\ &amp;\ge 1-2^{m'} n^{-m'\log _n(2)-1} = 1-\tfrac{1}{n}. \end{aligned}$$]



We note that this applies for arbitrary starting configurations, as all that we assumed about the initial population was that it is non-empty.    [image: $$\square $$]

Lemma 2
Let [image: $$m'\in \mathbb {N}$$] and [image: $$m = 2m'$$]. Consider the GSEMO optimizing [image: $$m$$] OMM starting with a population that contains at least all individuals in [image: $$C_m$$]. Let T denote the number of iterations until the population matches the complete Pareto front and let[image: $$\begin{aligned} t = \max \left\{ 1, 8 \frac{m'(m'\ln \left( \frac{n}{m'}+1\right) +\ln (m')+\ln (n))}{n}\right\} \cdot \ 2 e S_m^{{{\,\textrm{OMM}\,}}}n. \end{aligned}$$]



Then [image: $$T \le \lceil {t}\rceil $$] with probability at least [image: $$1-\frac{1}{n}$$].

Proof
Consider any objective value [image: $$v=(a_1,a_2,\ldots ,a_{m'})$$] on the Pareto front. Let [image: $$c_0\in C_m $$] be any closest corner to an [image: $$(a_1,a_2,\ldots ,a_{m'})$$]-bitstring. We bound the time until an [image: $$(a_1,a_2,\ldots ,a_{m'})$$]-bitstring is generated by bounding the time until a marked individual c becomes an [image: $$(a_1,a_2,\ldots ,a_{m'})$$]-bitstring. Let initially [image: $$c = c_0$$]. Whenever the individual c creates an offspring [image: $$c'$$] by flipping exactly one bit and [image: $$c'$$] is closer to any [image: $$(a_1,a_2,\ldots ,a_{m'})$$]-bitstring than c, we update c to be [image: $$c'$$]. We also replace c by [image: $$c'$$] whenever an individual [image: $$c'$$] with the same objective value replaces c in the population. The time until the population contains an [image: $$(a_1,a_2,\ldots ,a_{m'})$$]-bitstring is at most the time until c is an [image: $$(a_1,a_2,\ldots ,a_{m'})$$]-bitstring. We first bound the probability that after t iterations there are exactly [image: $$a_i$$] bits of value 1 in the ith block of c, for any fixed [image: $$1\le i \le m'$$]. By symmetry, suppose without loss of generality that [image: $$a_i \le \frac{n}{2m'}$$] and the ith block of [image: $$c_0$$] to be [image: $$0^{n/m'}$$]. All c we will encounter have between 0 and [image: $$a_i$$] bits with value 1. The probability of creating an offspring of c in the next iteration that flips one of the at least [image: $$\frac{n}{2m'}$$] bits of value 0 in the ith block and no other bit is at least[image: $$\begin{aligned} \frac{1}{S_m^{{{\,\textrm{OMM}\,}}}}\cdot \frac{n}{2\,m'}\cdot \frac{1}{n}\cdot \left( 1-\frac{1}{n}\right) ^{n-1}\ge \frac{1}{2em' S_m^{{{\,\textrm{OMM}\,}}}} =: p. \end{aligned}$$]



After [image: $$a_i \le \frac{n}{2m'}$$] such iterations, c contains the correct number of 1-bits in the ith block. Thus, for the time [image: $$T_i$$] until the ith block of c is correct we have [image: $$E[T_i] \le \frac{a_i}{p}.$$] For [image: $$j \in [\lceil {t}\rceil ]$$], let [image: $$X_j$$] be independent random variables, each with a Bernoulli distribution with success probability p. Let [image: $$X=\sum _{j=1}^{\lceil {t}\rceil } X_j$$]. Then, due to stochastic domination, [image: $$\Pr [T_i &gt; \lceil {t}\rceil ] \le \Pr [X &lt; a_i] \le \Pr [X \le a_i]$$]. By observing [image: $$E[X]= p\lceil {t}\rceil \ge \frac{n}{m'}$$] we have[image: $$\begin{aligned} \Pr [X \le a_i] \le \Pr \left[ X \le \frac{n}{2\,m'}\right] \le \Pr \left[ X \le \frac{1}{2} E[X]\right] . \end{aligned}$$]



Applying a Chernoff bound yields[image: $$\begin{aligned} \Pr [T_i &gt; \lceil {t}\rceil ] &amp;\le \exp \left( -\frac{1}{8} E[X]\right) &amp;\le \exp \left( -\ln (m')-m'\ln \left( \frac{n}{m'}+1\right) -\ln (n)\right) . \end{aligned}$$]



Using a union bound over all blocks gives that any fixed objective value on the Pareto front is not sampled in t iterations with probability at most[image: $$\begin{aligned} \exp \left( -\ln (m')-m'\ln \left( \frac{n}{m'}+1\right) -\ln (n)\right) m' = \exp \left( -m'\ln \left( \frac{n}{m'}+1\right) -\ln (n)\right) . \end{aligned}$$]



Let E denote the event that after [image: $$\lceil {t}\rceil $$] iterations there is still an objective value [image: $$(a_1,a_2,\ldots ,a_{m'})$$] such that the respective individual c does not contain the correct number 1-bits in any block. By applying a union bound we have[image: $$\begin{aligned} \Pr [E] \le \exp \left( -m'\ln \left( \frac{n}{m'}+1\right) -\ln (n)\right) S_m^{{{\,\textrm{OMM}\,}}}= \exp (-\ln (n)) = \frac{1}{n} \end{aligned}$$]



by observing [image: $$S_m^{{{\,\textrm{OMM}\,}}}= \exp (m'\ln (\frac{n}{m'}+1))$$].    [image: $$\square $$]


4.2 [image: $$m\textsc {CountingOnesCountingZeros}$$]
Due to the similarity between [image: $$m$$] OMM and [image: $${m}\textsc {COCZ}$$], our previous proofs can be adapted to also work for [image: $${m}\textsc {COCZ}$$]. We first show that with probability at least [image: $$1-\frac{1}{n}$$] the population after [image: $$2 e S_m^{{{\,\textrm{COCZ}\,}}}n \ln (n)$$] iterations contains an individual such that the cooperative, first half is maximized. From this point on, we employ the same ideas as for Theorem 1 by only considering individuals with maximum cooperative part. More details are placed in the supplementary material.1

Theorem 2
Let [image: $$m'\in \mathbb {N}$$] and [image: $$m= 2m'$$]. Consider the GSEMO optimizing [image: $${m}\textsc {COCZ}$$]. Let T denote the number of iterations until the population matches the complete Pareto front and let t be[image: $$\begin{aligned} \left( \frac{\ln (2)m'+2}{\ln (n)} + 16 \frac{{m'}^2+2\,m'}{n} + 4\right) e S_m^{{{\,\textrm{COCZ}\,}}}n \ln (n) +1. \end{aligned}$$]



Then [image: $$T\le t$$] with high probability and [image: $$E[T] \le (1-\frac{1}{n})^{-3} t$$].

Comparing the bounds for [image: $$m$$] OMM and [image: $${m}\textsc {COCZ}$$] on bitstrings of the same length, we note that the bound for [image: $${m}\textsc {COCZ}$$] is smaller than the one on [image: $$m$$] OMM as [image: $$S_m^{{{\,\textrm{COCZ}\,}}}\approx 2^{-m/2}S_m^{{{\,\textrm{OMM}\,}}}$$] .

4.3 [image: $$m\textsc {LeadingOnesTrailingZeros}$$]
In contrast to [image: $$m$$] OMM and [image: $${m}\textsc {COCZ}$$], for [image: $$m\textsc {LOTZ}$$] the probability to transform a solution of a certain objective value into one where one of the values changed by 1 is less depending on the objective value itself. In fact, this probability is at least [image: $$\frac{1}{e S_m^{{{\,\textrm{LOTZ}\,}}}n}$$] for all objective values. Employing a similar strategy as in the proof of Lemma 2, but starting from the initial individual gives the following Theorem 3. This strategy is not compromised by the fact that some intermediate solutions might vanish from the population when strictly dominated. In that case, the dominating solutions actually are at least as close to a desired solution as the dominated one. Details are given in the supplementary material.
Theorem 3
Let [image: $$m'\in \mathbb {N}$$] and [image: $$m= 2m'$$]. Consider the GSEMO optimizing [image: $$m$$] LOTZ. Let T denote the number of iterations until the population matches the complete Pareto front and let[image: $$\begin{aligned} t = \max \left\{ 1, \frac{4 {m'}^2\ln \left( \frac{n}{m'}+1\right) + 8\,m'\ln (n)}{n}\right\} 2 e S_m^{{{\,\textrm{LOTZ}\,}}}\frac{n^2}{m'}. \end{aligned}$$]



Then [image: $$T \le \lceil {t}\rceil $$] with high probability and [image: $$E[T] \le {(1-\frac{1}{n})^{-1}\lceil {t}\rceil }$$].

While, unlike our other bounds for the GSEMO, this result does not improve over the existing [image: $$O(n^{2m'-1})$$] bound [20], we note that our bound applies to all choices for the numbers of objectives while the previous one assumed it to be constant.

4.4 [image: $$m\textsc {OneJumpZeroJump}_k$$]
We define the set [image: $$K_{m,k} = \{(a_1,\ldots ,a_{m'}) \mid a_i \in \{k, \frac{n}{m'}-k\} \text { for all } i\in [m']\}$$] to contain all objective values of individuals that in each block have either exactly k bits of value 0 or exactly k bits of value 1. Further, we define the set [image: $$C_{m,k} = \{(a_1,\ldots ,a_{m'}) \mid a_i \in \{0,k, \frac{n}{m'}-k, \frac{n}{m'}\} \text { for all } i\in [m']\}$$] to contain all objective values of individuals that in each block have either only 1-bits, only 0-bits, exactly k bits of value 0, or exactly k bits of value 1.
For the [image: $$m{\textsc {OJZJ}}_k$$] benchmark, we separately consider three phases: the time until [image: $$K_{m,k}$$] is covered, the time until [image: $$C_m$$] is covered, and the time until the remaining Pareto front is covered. While the first and third phase roughly compare to Lemmas 1 and 2, the second phase dominates the running time. There, progress is made by jumping over the valley of low fitness, which for any fixed block takes time in [image: $$e S_{m,k}^{{{\,\textrm{OJZJ}\,}}}n^k$$] as the only way is to simultaneously flip the k bits. The bounds we obtain for the [image: $$m{\textsc {OJZJ}}_k$$] benchmark are only applicable if [image: $$m' \ge 2$$]. For the case [image: $$m'=1$$], we thus refer to previous results in the literature, which show that the expected number of iterations until the GSEMO solves 2[image: $${{\,\textrm{OJZJ}\,}}_k$$] is at most [image: $$e S_{2,k}^{{{\,\textrm{OJZJ}\,}}} (\frac{3}{2}n^k + 2n \ln (\lceil \frac{n}{2}\rceil ) +3)$$] [30]. Details on the proofs are placed in the supplementary material.
Theorem 4
Let [image: $$m'\in \mathbb {N}_{\ge 2}$$] and [image: $$m= 2m'$$]. Consider the GSEMO optimizing [image: $$m{\textsc {OJZJ}}_k$$]. Let T denote the number of iterations until the population matches the complete Pareto front and let[image: $$\begin{aligned} t = \left( \frac{\ln (4)m'+\ln (n)}{\ln (m')}+1\right) 3 e \ln (m') S_{m,k}^{{{\,\textrm{OJZJ}\,}}}n^k. \end{aligned}$$]



Then [image: $$T \le t$$] with high probability . Further,[image: $$\begin{aligned} E[T] \le \left( 1-\frac{1}{m'}\right) ^{-1} \left( \frac{\ln (4)m'}{\ln (m')}+2\right) 3 e \ln (m') S_{m,k}^{{{\,\textrm{OJZJ}\,}}}n^k. \end{aligned}$$]








5 Runtime Results for the SEMO, SMS-EMOA, and NSGA-III
We started our mathematical runtime analysis of many-objective MOEAs with an analysis of the GSEMO, the most prominent MOEA in theoretical works. We are very optimistic that our general methods apply to many other MOEAs as well. We discuss sufficient conditions to extend our results to other MOEAs and demonstrate this on the SEMO, an algorithm prominent in theory, as well as the SMS-EMOA and NSGA-III, algorithms often used in practical applications.
Note that all our proofs for upper bounds for the GSEMO only rely on three properties of the algorithm: 	1.
Once a solution x is generated, all future populations contain a solution y such that [image: $$y \succeq x$$].

 

	2.
The chance to select an individual from the population for mutation is at least [image: $$\frac{1}{S}$$], where S is typically an upper bound on the size of sets of incomparable solutions. The bounds on the runtime will include a factor of S.

 

	3.
The employed mutation operator is bitwise mutation with a chance of [image: $$\frac{1}{n}$$] to flip a bit. Other mutation operators are possible but might affect the bounds and ability to solve some benchmarks at all, as we discuss for the SEMO.

 





While the latter two properties enable progress to be made, the first one is responsible for not loosing already made progress, that is, not loosing any desired solutions and intermediate solutions on the path to a desired solution.
5.1 SEMO
The only difference between the SEMO and GSEMO is the mutation step. While the GSEMO flips each bit independently with probability [image: $$\frac{1}{n}$$], the SEMO uniformly at random selects any bit and flips it. This makes it impossible for the SEMO to solve [image: $$m{\textsc {OJZJ}}_k$$], as argued for the bi-objective case [14]. By the same reasoning, the SEMO cannot solve [image: $$m{\textsc {OJZJ}}_k$$] for any m. Nevertheless, the SEMO is able to solve all other benchmarks discussed in this work. In fact, we note that in all proofs, except for the ones concerning [image: $$m{\textsc {OJZJ}}_k$$], our arguments exclusively build on improvements by flipping exactly one bit. Thus, not only do all proven results immediately transfer, but actually improve by a factor e, that previously accounted for the probability of no other bit than the desired one flipping.
Theorem 5
Consider the SMS-EMOA optimizing [image: $$m$$] OMM, [image: $${m}\textsc {COCZ}$$], or [image: $$m\textsc {LOTZ}$$]. Then the respective bounds for the GSEMO as given by Theorems 1, 2, and 3, divided by e, also hold for the SEMO.


5.2 SMS-EMOA
The SMS-EMOA works with a population of fixed size [image: $$\mu $$]. Similar to the (G)SEMO, it produces one offspring solution in each generation. We consider the SMS-EMOA using bit-wise mutation just like employed by the GSEMO. While the (G)SEMO only relies on the (strict) domination relation to select the surviving solutions for the next generation, the SMS-EMOA sorts solutions into fronts [image: $$F_1,\ldots , F_{i^*}$$], where each front contains all pairwise not strictly dominating solutions that are not yet represented in an earlier front. Then one element of [image: $$F_{i^*}$$] is removed to reduce the population size back to [image: $$\mu $$], namely one with smallest hypervolume contribution. For some set S and reference point r, the hypervolume of S is [image: $$\text {HV}_r(S) = \mathcal {L}\left( \bigcup _{u\in S} \{h\in \mathbb {R}^m \mid r\le h\le f(u)\}\right) ,$$] where [image: $$\mathcal {L}$$] is the Lebesgue measure. The hypervolume contribution of an individual of an individual [image: $$x\in F$$] is [image: $$\varDelta _r(x,F) = \text {HV}_r(F) - \text {HV}_r(F\setminus \{x\})$$]. Since we only regard maximization problems with non-negative objective values, as common, we use the reference point [image: $$r=(-1,\dots ,-1)$$]. Algorithm 2 states the SMS-EMOA in pseudocode.[image: ]


Our results for the GSEMO transfer to the SMS-EMOA if [image: $$\mu $$] is at least as the largest set of incomparable solutions. The central observation is that then, once the population of the SMS-EMOA contains an individual x, all future generations will contain at least one individual [image: $$x'$$] such that [image: $$f(x')\succeq f(x)$$] [31, Lemma 4], yielding the first of the three above mentioned properties. For the second and third one, we note that the chance to select an individual for mutation is simply [image: $$\frac{1}{\mu }$$] and bitwise mutation is applied. This yields the results as for the GSEMO though [image: $$\mu $$] replaces the factor S in all runtime bounds.
Theorem 6
Consider the SMS-EMOA optimizing one of [image: $$m$$] OMM, [image: $${m}\textsc {COCZ}$$], [image: $$m\textsc {LOTZ}$$], or [image: $$m{\textsc {OJZJ}}_k$$], let S denote the size of the largest incomparable set of solutions, and let the population size be [image: $$\mu \ge S$$]. Then the respective bounds for the GSEMO given by Theorems 1-4, multiplied by [image: $$\frac{\mu }{S}$$], also hold for the SMS-EMOA.


5.3 NSGA-II and NSGA-III
We briefly summarize the NSGA-II and NSGA-III and refer to [26] for details. The algorithms work with a population of fixed size [image: $$\mu $$]. Each iteration, every individual produces an offspring, here we assume by bitwise mutation. The combined population of size [image: $$2\mu $$] is sorted into ranks, each containing all solutions only dominated by those with lower rank. The new generation of size [image: $$\mu $$] is selected by prioritizing lower rank solutions. As a tiebreaker, the NSGA-II employs crowding distance while the NSGA-III uses reference points in the solution space.
As discussed in the introduction, the NSGA-II struggles for [image: $$m &gt; 2$$] objectives. Our proofs do not transfer as, even with a large population, the NSGA-II can lose non-dominated objective values as proven for [image: $$m$$] OMM in [29].
In contrast, the NSGA-III preserves non-dominated solutions for reasonable choices of the population size and reference points [25]. Each individual is mutated with probability [image: $$\frac{1}{S}=1$$] in each generation, eliminating the factor S from the running time. However, every generation requires [image: $$\mu \ge S$$] fitness evaluations.
Theorem 7
Consider the NSGA-III optimizing [image: $$m$$] OMM, [image: $${m}\textsc {COCZ}$$],[image: $$m\textsc {LOTZ}$$], or [image: $$m{\textsc {OJZJ}}_k$$], let S denote the size of the largest incomparable set of solutions and [image: $$f_{\textrm{max}}$$] denote the largest fitness value over all solutions and objectives. Assume [image: $$\mu \ge S$$] and the NSGA-III to employ a set of reference points [image: $$\mathcal {R}_p$$] as defined in [25] with [image: $$p \ge 2m^{3/2}f_{\textrm{max}}$$]. Then the respective bounds for the GSEMO as given by Theorems 1-4 multiplied by [image: $$\frac{\mu }{S}$$], also hold for the NSGA-III.



6 Conclusion
In this work, we revisited the problem of proving performance guarantees for MOEAs dealing with more than two objectives. In the first major progress after the initial work on this question twenty years ago [20], we proved runtime guarantees for three classic algorithms on four classic benchmarks that are all (except for [image: $$m\textsc {LOTZ}$$]) linear in the size of the Pareto front (apart from small factors polynomial in n and m), in contrast to the previous bounds, which were all quadratic in the size of the Pareto front. Our results thus suggest that MOEAs cope much better with many-objective problems than known. In fact, our work hints at that the performance loss observed with increasing number of objectives in experiments is caused by the increasing size of the Pareto front rather than by particular algorithmic difficulties of many-objective optimization.
An obvious next step in this research direction would be to advance from synthetic benchmarks to classic combinatorial optimization problems, e.g., the multi-objective minimum spanning tree problem regarded so far only for two objectives [6, 10, 23]. A technical challenge would be to determine the runtimes for the many-objective LOTZ problem, where we do not have the obvious lower bound of the Pareto front size. We note, though, that lower bounds for LOTZ are already very difficult in the bi-objective setting [12].
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Abstract
Multi-Objective Evolutionary Algorithms have proven to be very effective when solving Multi-Objective Optimization Problems. However, their performance decreases significantly when solving large scale problems, which can have hundreds or thousands of variables. Although several algorithms have been proposed to tackle this problem in the recent years, most of them are designed for continuous problems, and only a few focus on binary ones. In this paper, we propose a modification to multi-objective random one-bit climbers that achieves better performance in large scale binary problems by learning the trend of the values of the decision variables from previously found solutions and applying that information to decide which ones to focus on when executing the bit climb. We present the implemented algorithm, compare its performance to other well known evolutionary algorithms and study some of its properties.
Keywords
Multi-objective optimizationMulti-objective bit climbersEvolutionary algorithmsLarge scale binary problemsDecision space reductionMNK-Landscapes
1 Introduction
In real-world applications, optimization problems often have multiple concurring objectives that need to be optimized simultaneously, in which the improvement of one objective is often accompanied by the detriment of others [11]. These problems, known as Multi-Objective Optimization Problems (MOPs), can often be solved by Multi-Objective Evolutionary Algorithms (MOEAs). MOEAs use methods analogous to natural evolution, such as selection, mutation and crossover, to iterate over candidate solutions, until a satisfactory set of solutions are found [10, 11].
Various types of MOEAs have been proposed following four main approaches to implement selection. Namely, Pareto dominance [10, 11], decomposition [16, 28], performance indicators [7, 9, 31], and relaxations of Pareto dominance [1, 13, 18]. These algorithms have been applied successfully in a broad range of application domains. However, despite all the progress we have seen in algorithm development, MOEAs require further improvements to perform an efficient optimization on problems of increased difficulty induced by variable interactions [4], large-scale search spaces [19], many objective functions [5, 25], and various shapes of the Pareto optimal front [27].
In this work, our interest is in improving MOEAs for large-scale multi-objective optimization problems (LSMOPs), where usually the number of variables is in the order of hundreds or thousands. LSMOPs have proven to be very challenging for traditional MOEAs to solve, whether the decision space is continuous or discrete [23].
Several MOEAs for LSMOPs have been proposed in recent years, tackling this challenge with different approaches [15, 23]. The methods used to solve them can be classified in two major categories. Variable grouping splits the solutions, either randomly or heuristically, into multiple parts and optimizes them separately, as used in CCGDE3 [6], LMEA [29], and others. Decision space reduction reduces the dimension of the problems by using a transformation function that converts the original problem into a smaller representation, such as WOF [30], or by using some techniques such as unsupervised learning to decrease the number of decision variables, such as MOEA/PSL [22]. In addition, other novel approaches have been proposed, such as DGEA [14], which uses an adaptive offspring generation method to create superior solutions, and SparseEA [21], which guides the operators based on the non-dominated scores of variables. Most of these MOEAs developed for LSMOPs focus on continuous search spaces and only a few, such as LMEA, SparseEA, and MOEA/PSL, have been applied with relative success to discrete binary search spaces. Further research is required to understand better the principles that lead to an efficient search on binary LSMOPs and the development of effective algorithms.
From this standpoint, in this paper, we focus on bi-objective binary optimization and present a Multi-Objective Random One-Bit Climber with a Weighted Permutation (moRBC-WP), aiming to improve the performance of a conventional moRBC when solving LSMOPs. Conventional moRBCs have proven to be very effective MOEAs for solving MOPs with up to 100 variables [3]. The modified moRBC-WP aims to achieve better performance by learning the trend of the value of each decision variable from previously found solutions and applying this information to selectively climb the bits estimated to be the most impactful to finding better solutions.
The remainder of this paper is organized as follows. Section 2 introduces the basic concepts of MOPs and presents MNK-Landscapes, the benchmark problems that we use in our study. Then, Sect. 3 explains moRBC and its shortcomings when solving LSMOPs. Next, Sect. 4 introduces the proposed algorithm, moRBC-WP, detailing the changes done to moRBC. Section 5 shows the experimental results and discussions related to the performance comparison with other well known MOEAs, NSGA-II [12], MOEA/D [28], SparseEA and moRBC, takes a deeper look at some of moRBC-WP’s properties, and studies the change in performance of moRBC-WP when varying its added parameter. Finally, Sect. 6 presents the conclusions of our study and some ideas for future works.

2 MNK-Landscapes
Binary MOPs can be mathematically represented as (1):[image: $$\begin{aligned} \begin{aligned} \text {maximize} &amp; ~~\textbf{f} = (f_1(\textbf{x}), f_2(\textbf{x}), \dots , f_M(\textbf{x})) \\ \text {subject to} &amp; ~~\textbf{x} =(x_1, x_2, \dots , x_N), \,x_i \in \{0,1\} ~, \end{aligned} \end{aligned}$$]

 (1)


where M functions [image: $$f_i$$] need to be simultaneously optimized, and the solutions are represented by an array of binary values of size N. A popular binary MOP that is used as benchmark problem is the MNK-Landscape, which is a multi-objective version of an NK-Landscape.
NK-Landscapes are mathematical models with flexible number of variables and landscape ruggedness, configurable via their input parameters N and K, respectively [17]. A multi-objective version was then introduced with the addition of a third input parameter, M, that details the number of objectives [2]. These MNK-Landscapes can be mathematically represented as (2):[image: $$\begin{aligned} f_i(x) = \frac{1}{N}\sum _{j=1}^{N}f_{i,j}(x_j,\underbrace{z_1^{(i,j)},z_2^{(i,j)},\dots , z_{K_i}^{(i,j)}}_{K_i\text { bits interacting with }x_j}), ~~~i=1,2,\dots ,M ~, \end{aligned}$$]

 (2)


where [image: $$f_{i,j}: B^{K_i+1}\rightarrow \mathbb {R}$$] gives the fitness contribution of bit [image: $$x_j$$] to [image: $$f_i(\cdot )$$], and [image: $$z_1^{(i,j)},\dots , z_{K_i}^{(i,j)}$$] are the [image: $$K_i$$] bits interacting with bit [image: $$x_j$$] in the string [image: $$\textbf{x}$$]. This means that the fitness value of the bit [image: $$x_j$$] is depending not only on its own value, but also on the other K bits that it interacts with. A higher K creates a more rugged landscape, which makes the problem more difficult to solve [2, 20]. Note that a different model of epistatic interactions among variables is randomly specified for each fitness function.
We have chosen to use MNK-Landscapes as the benchmark problem for our experiments since its flexibility allow us to create large scale problems by setting N to large values, as well as to control the degree of interaction between variables by adjusting the epistatic interactions K.

3 moRBC
The Multi-Objective Random One-Bit Climber (moRBC) is an MOEA that has proven to be very effective at solving MOPs [3]. moRBC is a (1+1) algorithm that creates one offspring from one parent solution at each iteration by applying a 1-bit mutation operator according to a permutation [image: $$\boldsymbol{PO}$$] that determines the exploration order of the decision variables. moRBC decides which solution survives among the parent and offspring based on their Pareto dominance1. The algorithm starts its execution with a randomly created parent solution and a randomly generated permutation order [image: $$\boldsymbol{PO}$$] of size N. Then, a child is created by flipping the first variable given by [image: $$\boldsymbol{PO}$$]. If the child dominates the parent, the parent is deleted, the child replaces the parent (the algorithm climbs to a better solution), and exploration continues with the new parent. If the parent dominates the child, then the child is deleted and the exploration continues with the current parent. If they are non-dominated, the child is tagged as not-climbed, added to an archive of non-dominated solutions, and the search continues with the current parent. Each time an offspring is created, the variable subject to mutation is given by the next element in [image: $$\boldsymbol{PO}$$]. When the algorithm has searched through all the decision variables of the same parent, it means that it has found a dominance 1-bit local optima solution, which is tagged as climbed, saved to the non-dominated archive, and the search is restarted. The restart is done by selecting a new solution as a parent from the not-climbed non-dominated solutions in the archive and randomly generating a new [image: $$\boldsymbol{PO}$$]. If no solutions are available, then it is restarted with a randomly generated solution. The archive is kept to a maximum size by non-dominated sorting and crowding distance [11]. For more details regarding moRBC, in-depth analysis on its performance and comparison with other MOEAs, refer to [3].
To illustrate the performance of moRBC, we compare it to other well-known algorithms, NSGA-II and MOEA/D when solving MNK-Landscapes with [image: $$M=2$$] objectives, [image: $$N=\{100, 200, \dots , 1000\}$$] variables and [image: $$K=5$$] epistatic interactions. Figure 2a shows the final Hypervolume (HV) after 2,000,000 fitness evaluations of NSGA-II, MOEA/D and moRBC, among other MOEAs studied in this paper. The parameters used in this experiment are detailed in Sect. 5.1. We can see that moRBC performs significantly better than the other two MOEAs in problems with [image: $$N&gt;300$$], but its performance rapidly decreases with higher N, showing its limitations when solving LSMOPs.[image: ]



4 MoRBC-WP
Here, we present the developed algorithm, moRBC-WP. It introduces two major changes to the original moRBC. First, it learns the trend of the values of previously found solutions by updating a weight array every time a new solution is created. Second, these weights are use to decide which bits should be flipped or skipped by the algorithm during the climb. Since the developed algorithm assigns weights that are used alongside the original moRBC’s permutation order, we name it “moRBC-Weighted Permutation", or moRBC-WP. The overall framework of the algorithm is shown in Algorithm 1, and detailed as follows.[image: ]


To learn from the previously found solutions and apply that information to decide which bits to climb, we add a new array [image: $$\boldsymbol{W}$$] of size N (the number of variables of the problem being solved), that stores weights corresponding to each decision variable of the solutions. They are real numbers that start at a default value of 0.5 and can vary between 0 and 1. The i-th weight [image: $$\boldsymbol{W}[i]$$] defines the tendency of the value of the i-th decision variable, where a weight closer to 0 or 1 indicates a higher chance for that variable value to be 0 or 1, respectively.
moRBC-WP initialization is the same as moRBC, creating a starting random parent and a randomized permutation order (lines 1 to 5).
On a given i-th iteration, moRBC-WP decides whether to flip or skip the [image: $$\boldsymbol{PO}[i]$$]-th bit based on [image: $$\boldsymbol{W}$$] (line 8), as described in Fig. 1a, Algorithm 2 and as follows. A random real number rand, from 0 to 1, is generated and compared to the corresponding weight of that bit, [image: $$\boldsymbol{W}[\boldsymbol{PO}[i]]$$]. If the current bit is 0 and [image: $$rand&gt;\boldsymbol{W}[\boldsymbol{PO}[i]]$$], then the algorithm skips that bit, otherwise it flips it. Analogously, if the bit is 1 and [image: $$rand&gt;\boldsymbol{W}[\boldsymbol{PO}[i]]$$], then it will flip it, or else it will be skipped.[image: ]
Fig. 1.Flowchart for bit climbs and weight updates.



Then, if the bit is flipped, a child is generated (line 10) and its Pareto dominance is compared with its parent to select the surviving individual, as done in moRBC (lines 11-13, 15-16 and 18-19). In addition, [image: $$\boldsymbol{W}$$] is updated accordingly, as illustrated in Fig. 1b. If the child dominates the parent, the weight is updated by a value [image: $$\delta $$] in relation to the decision variables of the child (line 14), if it is dominated, it is updated by a value [image: $$\delta $$] in relation to the parent (line 17), and if it is non-dominated, then it is updated by a value [image: $$\frac{\delta }{2}$$] in relation to the child (line 20). Note that, at a given iteration, only one bit is flipped, but all weights are updated. If the decision variable is 0, then its corresponding weight will be decremented by a value w ([image: $$\delta $$] or [image: $$\frac{\delta }{2}$$]), or else it will be incremented by that value. In addition, moRBC-WP ensures that the weights stay within their range of 0 to 1 by truncating them if they would go over these values. A more detailed descriptions is shown in Algorithm 3.
Since constantly adding or subtracting values to the weights would ultimately make their values reach their lower and upper limits of 0 or 1, we also add a decay factor, [image: $$0.1 \times \delta $$], which makes all weights decay towards the default value of 0.5 in every fitness evaluation loop (decrementing if it is higher than 0.5, or incrementing if it is lower than 0.5) (line 23). This ensures that the algorithm does not get stuck in local optima and can move to higher ranked solutions, as past weight values are forgotten over time.
When all variables of the parent have been visited following [image: $$\boldsymbol{PO}$$] (line 24), moRBC-WP updates the archive, restarts the search and creates a new [image: $$\boldsymbol{PO}$$] as done in morBC (lines 25-29). In addition, it resets [image: $$\boldsymbol{W}$$] to its default values of 0.5 (line 30).

5 Experiments, Results and Discussions
5.1 Experimental Setup
To study and compare the performance of the proposed moRBC-WP, we also experiment with four other algorithms. Namely, NSGA-II [12], MOEA/D [28], SparseEA [21], and moRBC [3]. SparseEA is an MOEA proposed for solving sparse LSMOPs and is one of the few MOEAs in the literature that the authors explicitly claim it can be used to solve binary LSMOPs. Although MNK-Landscapes are not sparse problems, we use SparseEA to gain a better understanding of the proposed method and of the algorithm itself. It is implemented using the selection framework of NSGA-II, in which their main differences lie in the way SparseEA creates its initial population and the mechanism it uses to guide recombination and mutation. NSGA-II does not specialize in LSMOPs but serves as a reference to assess the performance of SparseEA. Similarly, moRBC serves as a reference to assess moRBC-WP’s performance. MOEA/D was not proposed for LSMOPs, but its decomposition approach in objective space may help focus the search around smaller promising regions in decision space, which could translate into better performance solving LSMOPs.
For all MOEAs we use a population size of 100 individuals. In NSGA-II and MOEA/D we apply two-point crossover with probability of 1.0 and one-bit mutation with probability 1/N. In MOEA/D we set the neighborhood size to 10 and the weights are generated as described in [26]. These parameter values were chosen as they are commonly used in the literature. It would interesting to investigate their effect on the performance of their respective MOEAs on future works. moRBC-WP is configured with [image: $$\delta =0.002$$] when solving MNK-Landscapes with [image: $$N\le 600$$], and [image: $$\delta =0.02$$] for [image: $$N&gt;600$$]. Additional fine tuning of this parameter can be done to obtain better performance in more specific settings of the problem being solved, but we have obtained satisfactory results with those values. We do a more in-depth analysis on the impact of [image: $$\delta $$] in a later section in this paper. The algorithms were executed for 2,000,000 fitness evaluations, or 20,000 generations.
We use MNK-Landscapes with [image: $$M=2$$] objectives, [image: $$N=\{100,200,\dots ,1000\}$$] variables and [image: $$K=5$$] as benchmark problems to study the scalability of the algorithms in the number of variables. In addition, we solve MNK-Landscapes with [image: $$M=2$$], [image: $$N=500$$] and [image: $$K=\{5, 6, 7, 8, 9, 10\}$$] to analyze the performance of the MOEAs when solving problems with higher interaction between variables. The variables are randomly correlated between each other and independent between objectives.
The performance of the MOEAs studied in this paper are evaluated by the Hypervolume metric [32] with reference point at [image: $$[0.0,\dots ,0.0]$$], as MNK-Landscapes used here are maximization problems. In addition, we use the Wilcoxon rank sum test with a significance level of 0.05 to perform statistical analysis between the HV results obtained by the algorithms. All results are obtained from 30 randomly generated MNK-Landscape instances per configuration. Overall, we use 450 problem instances in our study.

5.2 Performance Comparison
In this section, we first compare the performance of the algorithms increasing the number of decision variables N while keeping constant the number of epistatic interactions K between variables. Figure 2a shows the HV of the MOEAs when solving MNK-Landscapes with [image: $$N = \{100, 200, \dots , 1000\}$$] and fixed [image: $$K=5$$]. We can see that in problems with [image: $$N=100$$], moRBC still performs better than any other algorithm, as previously described in Sect. 3. However, for higher values of N, moRBC-WP outperforms all the MOEAs studied. This shows the increase in performance from the original moRBC that can be achieved when selectively climbing only a fraction of the decision variables.[image: ]
Fig. 2.HV of NSGA-II, MOEA/D, SparseEA, moRBC and moRBC-WP after 2,000,000 fitness evaluations when solving MNK-Landscapes with different N and K.


Table 1.HV of all MOEAs when solving 30 instances of each MNK-Landscape configuration, where the best results are highlighted in gray.


[image: ]


Table 2.Time taken in seconds to execute all 2,000,000 fitness evaluations when solving an MNK-Landscape with [image: $$N=500$$] and [image: $$K=5$$].


	 	NSGA-II
	MOEA/D
	SparseEA
	moRBC
	moRBC-WP

	Runtime
(s)
	198.120
(5.110)
	193.156
(3.654)
	187.429
(5.312)
	143.902
(4.542)
	172.568
(1.881)





Although MOEA/D is not designed for LSMOPs, it performs very well for problems with high N. This is likely due to the fact that MNK-Landscapes present a very uniform distribution in the search space, which is advantageous for the decomposition method adopted by MOEA/D.
On the other hand, SparseEA, although designed for LSMOPs, shows low HV values in all MNK-Landscape configurations. This is likely due to two factors. First, MNK-Landscapes are not sparse problems, which is the focus of SparseEA. Second, we analyze problems with high level of interactions between variables, which is not taken into account by SparseEA when ranking and scoring the reference solutions, used to create the initial population and to guide crossover and mutation. However, note that SparseEA performs better than NSGA-II for problems with 300 or more variables.
Next we compare the algorithms keeping constant the number of variables while increasing the number of epistatic interactions between variables. Figure 2b shows the HV of the MOEAs when solving MNK-Landscapes with fixed [image: $$N=500$$] and [image: $$K=\{5,6,7,8,9,10\}$$]. It is possible to note that the performance of moRBC-WP remains higher than all other MOEAs for all configurations studied here, showing that morBC-WP can maintain its performance even with problems with higher interaction between variables. it is worth noting that moRBC approaches moRBC-WP as K increases. Further investigation with problems with [image: $$K&gt;10$$] can be interesting to better understand the balance between exploration and exploitation of the decision variables in problems with high espistasis.
Table 1 summarizes all the results obtained by showing the mean HV and standard deviation in parenthesis after 2,000,000 evaluations of the 5 MOEAs studied. “−", “[image: $$+$$]" and “[image: $$\approx $$]" symbols next to the mean HV values indicate whether they are significantly worse, better or statistically similar to the HV of moRBC-WP according to the Wilcoxon rank sum test. It can be seen that apart from the problems with [image: $$N=100$$], morBC-WP outperforms all other MOEAs.
Figure 3a shows the HV transition of NSGA-II, MOEA/D, SparseEA, moRBC and moRBC-WP over fitness evaluations when solving MNK-Landscapes with [image: $$M=2$$], [image: $$N=500$$] and [image: $$K=7$$]. First, we can note that the increase in HV of moRBC is very slow throughout its run, which reflects its nature of exploring all bits one at a time until it finds a local optima and restarts the search, and highlights its low performance when solving LSMOPs. However, when applying the weighted permutation of moRBC-WP, we can see that its HV increases much more quickly, surpassing and remaining above all other MOEAs after about 300,000 fitness evaluations.[image: ]
Fig. 3.Results when solving MNK-Ladscapes with [image: $$N=500$$] [image: $$K=7$$].



Figure 3b shows the population found by each MOEA at the end of their execution, after 2,000,000 fitness evaluations, in the 2-dimensional search space, when solving one instance of an MNK-Landscape with [image: $$N=500$$] and [image: $$K=7$$]. It can be clearly seen that the solutions in moRBC-WP have higher fitness values than the other MOEAs. They also show good distribution over the objective space, although not as spread as in MOEA/D, as this algorithm can focus on solutions at the extreme points of the objective space with some of its weights [28].[image: ]
Fig. 4.Change in the weights [image: $$\boldsymbol{W}$$] of moRBC-WP when solving MNK-Landscapes with [image: $$N=500$$] and [image: $$K=5$$].



Another important factor when solving LSMOPs is the computational cost of the solvers, as it might not be feasible to wait for the solver to reach high HV values if they take too long to finish their execution. Here we compare the execution time of the MOEAs studied when run in a MacBook Pro (2021) Apple M1 Pro Chip with 10-Core CPU and 32GB of RAM. Table 2 shows the execution time in seconds of all MOEAs when solving the MNK-Landscapes with [image: $$N=500$$] and [image: $$K=5$$] after 2,000,000 evaluations. Here, we can emphasize the weakness of NSGA-II and SparseEA, as they show worse HV performance while also having high execution time. MOEA/D also shows high execution time, which is due to the fact that it has to update the neighboring solutions on every generation. moRBC is faster than all other solvers, as it simply mutates solutions bit by bit, without any crossover operator or other complicated sorting techniques. However, as previously shown, it does not perform well in LSMOPs. Finally, we can see that moRBC-WP finishes its executions faster than NSGA-II, MOEA/D and SparseEA while still presenting higher HV values. When compared to the original moRBC, the execution time of moRBC-WP is impacted by the updates of [image: $$\boldsymbol{W}$$] and the decision making to whether to flip or skip a given bit.

5.3 moRBC-WP Analysis
In this section, we further understand how moRBC-WP works by analyzing the features added to the original moRBC. More specifically, we study the change in the weights [image: $$\boldsymbol{W}$$], the number of skipped bits over the fitness evaluations and the effect of the parameter [image: $$\delta $$] in the performance of the algorithm.
First, we study the added weight array [image: $$\boldsymbol{W}$$] by analyzing the change of each weight value over the run of the algorithm. We solve one instance of an MNK-Landscape with [image: $$N=500$$] and [image: $$K=5$$], and show in Fig. 4a the value of the first 50 weights of [image: $$\boldsymbol{W}$$], in the vertical axis, through all 2,000,000 fitness evaluations, in the horizontal axis, in which a white block means that the weight value in that position is 0 and a black block means that it is 1. We can see that no weight value reaches the extremes of either 0 or 1, indicating that the ideal values for their respective variables have not been found yet. In addition, most of the bits switch between darker and lighter colors over time, meaning that the algorithm is constantly finding better values for these variables, likely when it escapes local optima to move towards higher ranked ones.[image: ]
Fig. 5.Number of skipped bits by moRBC-WP.



Figure 4b shows the weights of the entire [image: $$\boldsymbol{W}$$] array over the first 160,000 fitness evaluations, which is when the algorithm has completed 3 restarts. Note that weights with the same values are overlapped. We can see that they all start at the default weight value of 0.5, and rapidly move towards the range limits of 0 or 1. As it advances through the fitness evaluations, the algorithm gains more confidence in the value of the decision variables, which is reflected by the weights getting closer to either 0 or 1. It is also possible to see more clearly the moments when the weights are moving towards opposite directions in the y-axis as the algorithm finds more suitable values to their corresponding decision variables. Additionally, in this problem instance, note that the weights are reset to the default value of 0.5 around the 70,000th, 125,000th and 160,000th fitness evaluations, which are when all variables of the parent have been visited without finding a child that dominates the parent, and the algorithm restarts the search and resets [image: $$\boldsymbol{W}$$]. As more restarts happen, the weights values are less spread, indicating that the algorithm is gaining more confidence in the values of the variables. Nevertheless, they are still allowed to switch from 0 to 1 and vice-versa, as we can see the lines crossing across the y-axis of the graph.
Next, we study the bits that are skipped by moRBC-WP during its run. Figure 5a shows the average number of skipped bits for each non-dominated solution found by moRBC-WP over fitness evaluations when solving MNK-Landscapes with [image: $$N=500$$] and [image: $$K=5$$]. We can see that moRBC-WP starts by skipping around 360 bits per solution, then quickly decreases and plateaus to around 320 bits until it finishes its execution, with small fluctuations throughout the entire run. This highlights the importance of the learning portion of the algorithm, as it allows morBC-WP to dynamically vary the number of bits that are skipped in order to obtain good performance when solving the MNK-Landscapes.
Then, we analyze the number of skipped bits when varying N. We solve MNK-Landscapes with [image: $$N=\{100, 200, \dots , 1000\}$$] and [image: $$K=5$$], and plot the average number of skipped bits over N in Fig. 5b. For problems with [image: $$N \le 600$$], the number of skipped bits grows linearly as N increases, which explains why moRBC-WP can, to some extent, perform well as N increases with a fixed [image: $$\delta =0.002$$]. However, it does not skip enough bits to maintain its performance for problems with [image: $$N&gt;600$$], which is why we set [image: $$\delta =0.02$$] in those problems, which is reflected by the sudden increase in the number of skipped bits in the plot.[image: ]
Fig. 6.HV of moRBC-WP when solving MNK-Landscapes with [image: $$N=500$$] and [image: $$K=5$$] with different parameter values.



Next, we investigate the impact of the parameter [image: $$\delta $$] in the robustness and performance of moRBC-WP. First, we analyze the robustness of the parameter [image: $$\delta $$], i.e., the impact a change on its value has on the performance of moRBC-WP [8]. Figure 6a shows the HV of moRBC-WP solving MNK-Landscapes with [image: $$N=500$$] and [image: $$K=5$$], varying [image: $$\delta =\{0.001, 0.002, 0.003, 0.004\}$$]. Note that, apart from a slightly faster increase in HV at earlier fitness evaluation in configurations with higher [image: $$\delta $$] values, the performance is similar between all configurations, specially when comparing the final HV after 2,000,000 fitness evaluations. This shows that the algorithm is not very sensitive to small changes in [image: $$\delta $$] and indicating that, when fine tuning [image: $$\delta $$], satisfactorily good results can be achieved, even though its ideal value for the current problem’s configuration have not been found.
Lastly, we analyze the individual impact of changing one rate of weight change of [image: $${\textbf {W}}$$]. Here, we keep [image: $$\delta =0.002$$], as done in all other experiments, but detach the rate of weight change when a dominated solution is found (line 17 of Algorithm 1), here referred as [image: $$\delta ^{parent \succ child}$$]. Figure 6b shows the HV of moRBC-WP when solving MNK-Landscapes with [image: $$N=500$$] and [image: $$K=5$$], varying [image: $$\delta ^{parent \succ child}=\{0.002,0.004,0.01,0.02\}$$]. We can see that higher [image: $$\delta ^{parent \succ child}$$] cause moRBC-WP to quickly increase the HV in earlier fitness evaluations. However, the algorithm converges to lower levels of HV in later fitness evaluations. Although not shown here, similar behaviors are observed when independently varying the rate of weight changes when a dominant or non-dominated solution is found and when the weights are decayed. This shows that there is a trade-off between quicker convergence and higher final HV values when independently configuring these parameters. As a consequence, it also shows that a practitioner can independently fine tune the rates of weight changes attached to each Pareto dominance condition based on the their need for a faster HV convergence at early fitness evaluations or higher HV values in more time consuming runs.


6 Conclusions
In this paper, we have presented an improvement to the traditional moRBC, named moRBC-WP, that boosts its performance when solving binary LSMOPs by implementing a method that learns from previously found solutions, and applies that information to decide which variables should be focused on when executing the bit climbs.
To study the developed algorithm, we have compared them to well known binary MOEAs, NSGA-II, MOEA/D, SparseEA and moRBC, and shown that moRBC-WP has overall better performance than all the MOEAs compared, and fast execution time in relation to the MOEAs studied. Then, we further analyzed the proposed algorithm by studying the weight array added, the number of bits that are skipped over its run, and studied the effect of the newly introduced parameter by analyzing its effect on the algorithm’s performance and the robustness of the algorithm to changes in the parameter’s value.
In future works, we would like to improve moRBC-WP by implementing a method to automatically determine the optimal values of its parameter, as well as making it dynamic, so its value can change over time according to trends in the solutions found. In addition, we believe that we can further improve the performance of moRBC-WP by changing its restart strategy and its truncation method. Finally, we would like to solve problems with more objectives and different correlation between variables, including higher number of interactions and different types of interactions, such as correlation between objectives [24], as well as solving different problem, such as real-world ones.
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Footnotes
1Given two solutions [image: $$s_1$$] and [image: $$s_2$$] and assuming a maximization problem, [image: $$s_1$$] is said to Pareto dominate [image: $$s_2$$], denoted [image: $$s_1 \succ s_2$$], if and only if [image: $$\forall f_i(s_1) \ge f_i(s_2)$$] and [image: $$\exists f_j(s_1) &gt; f_j(s_2)$$], where i and j [image: $$\in \{1,2,\dots ,M\}$$]. If neither [image: $$s_1 \succ s_2$$] nor [image: $$s_2 \succ s_1$$], they are said to be non-dominated between each other.
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Abstract
Inverse model (IM) is a method for tailoring solutions to decision-makers based on their preferences. Existing approaches are often trained by the final solution set (as training data) obtained from a multi-objective evolutionary algorithm (MOEA). The final solution set obtained by MOEA usually has a limited number of samples. However, model training will perform poorly when there are few samples in the final solution set. To further improve the performance of the model, we propose an unbounded archive-based inverse model (UAIM) to enhance the quality of the trained inverse model. We first create an unbounded archive to collect all non-dominated solutions during the execution of MOEA. Unlike IM, UAIM is trained using all solutions in the archive. Moreover, for a decision maker’s preference, an alternative solution from the archive is considered if the suggested solution is inferior to the alternative solution in the archive. UAIM thus may provide more reliable suggested solutions for decision-makers. To better evaluate algorithms, we propose two indicators that can measure the matching degree between the suggested solution and the decision maker’s preference. We demonstrate that the proposed UAIM is superior to IM on ten problems.
Keywords
Decision MakerInverse ModelMulti-Objective Optimization
1 Introduction
In multi-objective optimization problems (MOPs), conflicting objectives need to be optimized and no single solution can optimize all objectives simultaneously. Multi-objective evolutionary algorithms (MOEAs) are one of the most effective ways to solve MOPs. Various MOEAs have been proposed to find solutions with different optimal trade-offs among all objectives [1–3]. These solutions are called Pareto optimal solutions in the decision space. The set comprising all Pareto optimal solutions is termed the Pareto set, and their image in objective space is known as the Pareto front. MOEAs iteratively optimize all solutions in the population by setting a certain population size. With the development of MOEAs, they can already obtain uniform solutions on different shapes of Pareto fronts (e.g., irregular, disconnected, etc.) [4–6].[image: ]
Fig. 1.Diagram of inverse model training and inference. The yellow points are the training data, and the black vector is the preference vector. (Color figure online)



However, the continuous Pareto front typically exhibits an infinite number of solutions. The limited number of solutions obtained by a multi-objective evolutionary algorithm (MOEA) can not fully represent the continuous Pareto front. A crucial challenge in MOEAs lies in approximating the continuous Pareto front. To address this challenge, some researchers use a hyperplane or polynomial function to fit the Pareto front [7, 8]. In other words, they use the objective values of the solutions obtained by the MOEA to estimate the parameters of the hyperplane or polynomial function. For example, let [image: $$\alpha $$] be a hyper-parameter and [image: $$f_{i}$$] be the i-th objective. [image: $$\sum _{i=1}^{m}{f_{i}}^{\alpha }=1$$] is used to approximate the Pareto front. This kind of approach aims to fit a continuous Pareto front in the objective space. However, the continuous Pareto front obtained in this way loses its relationship with the decision space (i.e., the Pareto set might not be obtained).
Recently, the inverse model has been proposed to learn continuous Pareto front [9]. In the literature, Suresh et al. [9] proposed an inverse model to map the preference vectors in the objective space to the values of decision variables. In this way, the inverse model could learn the mapping from the decision-maker’s preferences to corresponding solutions, i.e., the decision-maker can get an exclusive solution by simply providing a preference. The current inverse model usually uses the final solution set obtained from the MOEA as training data. However, The MOEA generally can only obtain a fixed number (population size) of solutions, and the small amount of training data makes training the inverse model difficult. The solutions predicted by the inverse model may deviate from the decision-maker’s expectations if the inverse model is poorly trained. As shown in Fig. 1, Fig. 1(a) presents the inverse model fitting the training data. Figure 1(b) shows the inference stage of the inverse model. When the model outputs a suggested solution given a preference vector, we expect the evaluated solution (pink point) to lie on the preference vector and close to the Pareto front. However, when the model is not trained well, the evaluated solution (purple point) may be located far from the preference and the Pareto front.
To further improve the quality of solutions provided by the inverse model to decision-makers, we propose an Unbounded Archive-based Inverse Model (UAIM). By storing all non-dominated solutions in an unbounded external archive [10, 11], we improve the quality of the inverse model in two key aspects. First, instead of utilizing only the final solution set for training, we incorporate all non-dominated solutions that have been evaluated to train the inverse model. This approach enhances the reliability of the inverse model’s predictions, as the training data size can be increased by hundreds or even thousands of times. Second, incorporating the unbounded archive is beneficial during the inference stage. Sometimes, the solution stored in the archive may outperform the suggested solution. Hence, we treat the solution in the archive as an alternative solution. If the performance of the suggested solution is worse than the solution in the archive, we use the solution from the archive. These dual strategies collectively enhance the quality of solutions provided to decision-makers.
Our contributions are summarized as follows:	We propose a novel unbounded archive-based inverse model (UAIM). UAIM uses all solutions in the archive training the inverse model, which improves the predictive ability of the model. In the inference phase, we combine solutions from the archive to replace inferior suggested solutions.

	We design two new indicators to evaluate the matching degree of solutions obtained by decision-makers. The proposed indicators couple the preferences of decision-makers.

	The experimental results validate that the proposed method is significantly better than IM on ten benchmarks.






2 Related Work
There are many MOEAs [12–15] are designed to solving multi-objective optimization problems. Unfortunately, these methods only generate a limited number of solutions, thereby the Pareto front obtained by those methods cannot be fully approximated. For example, IM-MOEA [16] utilizes the Gaussian process to estimate the objective values of some random samples from objective space. They create a Gaussian model for each objective and each cluster of population. In a continuous MOP with m objectives, the Pareto set usually is a [image: $$m-1$$]-dimensional manifold [17]. Although this kind of machine learning-based method can get a better final solution set, they can only obtain a small part of the Pareto front. In addition, some studies directly learn a model using the obtained solution set in the objective space. For example, pa[image: $$\lambda $$]-MyDE [7] and RIB-EMOA [8] use a polynomial function to fit the solution set in the objective space. MMEA [18] uses a hyperplane with scaling parameters to estimate the Pareto front. GFM-MOEA [19] is an improvement of MMEA, which makes the power term of each objective variable as a parameter. Although these methods can accurately estimate the Pareto front, they cannot obtain solutions in the corresponding decision space. Therefore, this method for estimating the Pareto front is of limited use.
Recently, MORM [16] uses the inverse model to map the objective space to the decision space. Then, objective values of the final population are input to the inverse model and further evaluate the predicted solution. In this way, MORM can more accurately estimate the Pareto front by generating more solutions. The method of Anirudh et al. [9] replaces the input of the inverse model with pseudo-weights, which can provide a suggested solution for each point on the Pareto front. Although it can potentially estimate solutions on the entire Pareto front, each preference mapped by the inverse model is not perfect (i.e., the solution deviates significantly from the decision maker’s expectations).

3 Background
3.1 Multi-objective Optimization
A multi-objective optimization problem (MOP) with m objectives and d decision variables can be defined as follows:[image: $$\begin{aligned} \min _{\boldsymbol{x}\in \mathcal {X}\subseteq \mathbb {R}^d}\boldsymbol{f}(\boldsymbol{x})=(f_1(\boldsymbol{x}),f_2(\boldsymbol{x}),...,f_m(\boldsymbol{x})), \end{aligned}$$]

 (1)


where [image: $$\boldsymbol{x}$$] is the decision variables in the decision space [image: $$\mathcal {X}$$] and [image: $$\boldsymbol{f}(\boldsymbol{x})$$] is the objective functions: [image: $$\mathbb {R}^{d} \rightarrow \mathbb {R}^{m}$$]. No single solution can simultaneously optimize all objective functions. The goal of solving MOP is to find all Pareto optimal solutions with different trade-offs on the Pareto front. Often, objective vectors are compared using Pareto domination. The widely used definitions of MOP are described as follows:
Definition 1
(Pareto Domination). A solution [image: $$\boldsymbol{x_{1}}$$] is said to dominate another solution [image: $$x_{2}$$], denoted as [image: $$\boldsymbol{x_{1}}\prec \boldsymbol{x_{2}}$$], if and only if [image: $$\boldsymbol{f}_{i}(x_{1}) \le \boldsymbol{f}_{i}(x_{2}), \forall i \in \{1,\ldots ,m\}$$] and [image: $$\exists ~ j \in \{1,...,m\}$$] such that [image: $$\boldsymbol{f}_{j}(x_{1}) &lt; \boldsymbol{f}_{j}(x_{2})$$].

Definition 2
(Pareto Optimal Solution). Solution [image: $$\boldsymbol{x_{1}}$$] is called a Pareto optimal solution if there does not exist a solution [image: $$\boldsymbol{x_{2}}$$] such that [image: $$\boldsymbol{x_{2}} \prec \boldsymbol{x_{1}}$$].

Definition 3
(Pareto Set and Pareto Front). The set of all Pareto optimal solutions is called Pareto set (denoted as [image: $$\mathcal {M}_{ps}$$]). The Pareto front [image: $$\mathcal {P}(\mathcal {M}_{ps})$$] is the image of the Pareto Set.
[image: $$\mathcal {P}(\mathcal {M}_{ps}) = \{\boldsymbol{f}(\boldsymbol{x}) : \boldsymbol{x} \in \mathcal {M}_{ps} \}$$]

Many indicators have been designed to measure the performance of evolutionary multi-objective algorithms in approximating the Pareto front. For example, when the actual Pareto front is known, we can use indicators such as GD [20] and IGD [21] to measure the algorithm’s performance. Hypervolume [22] can be used when the actual Pareto front is unknown.
Definition 4
(Hypervolume). The hypervolume (HV) indicator, [image: $$HV(\mathcal {P}(X), \boldsymbol{r})$$] is m-dimensional Lebesgue measure [image: $$\lambda _M$$] of the region dominated by [image: $$\mathcal {P}(X)$$] and bounded from below by a reference point [image: $$r \in \mathbb {R}^m$$].


3.2 Inverse Model for Decision Making
The inverse model is a method that maps the decision space from the objective space. For a set of preference vectors [image: $$\varLambda $$] (it can be arbitrary), Inverse model [image: $$\phi $$] takes the preference vector set [image: $$\varLambda $$] as the input and the decision variables X as the output, i.e., [image: $$\hat{X}=\phi (\boldsymbol{f}(\varLambda ),\boldsymbol{\theta })$$], where [image: $$\boldsymbol{\theta }$$] is the parameter of the inverse model. The inverse model can approximate the entire Pareto set by inputting continuous preference vectors. In addition, another role of the inverse model is to use the inverse model to provide solutions for decision makers [9].[image: ]
Fig. 2.The process of providing a solution for a given decision maker and testing algorithm.



As shown in Fig. 2, this work focuses on providing a solution for arbitrary decision-makers. In the practical scenario, the framework can return a solution (independently) for the preferences of any decision-maker. In the scenario of testing the framework’s performance, we evaluate all algorithms using uniform preferences.[image: ]
Fig. 3.Framework of UAIM. The green and yellow regions denote the training and inference stages, respectively. (Color figure online)





4 Unbounded Archive-Based Inverse Model
This section presents an unbounded archive-based inverse model (UAIM), an advanced inverse model used to provide the solution to any decision-maker. As shown in Fig. 3, UAIM first stores all non-dominated solutions in the process of MOEA for training rather than only training the inverse model on final solutions. Then, we design a mechanism to replace inferior solutions suggested by the trained inverse model. In the inference stage, some of the inaccurate solutions suggested by the inverse model will be replaced using solutions from the archive. For the remainder of this section, we describe the core components of UAIM and propose suitable performance indicators.
4.1 Archive Construction
We can obtain a final solution set with size N (population size) when using an evolutionary algorithm to solve the problem in Equation (1). Then, we can train an inverse model on the final solution set. However, MOEAs generally can only obtain solutions with a predefined population size. The number of solutions in the final solution set is usually a few hundred or dozens. Learning an inverse model using such a limited number of solutions is usually insufficient. The inverse model can have better performance if there is sufficient training data.
As shown in Fig. 3, an empty archive ([image: $$\mathcal {A}$$]) is initialized at the beginning to collect training data, which will collect all non-dominated solutions. Next, the evolutionary algorithm is used for optimization. In each generation, when a new solution set [image: $$G_i (i=1,2, ..., T)$$] is obtained by the evolution algorithm, the non-dominated solution set ([image: $$G_i^{\prime }$$]) is selected from [image: $$G_i$$]. After that, we select non-dominated (ND) solution set [image: $$\mathcal {A}_{i-1}$$] from the combination of [image: $$G_i^{\prime }$$] and [image: $$\mathcal {A}_{i-1}$$], i.e., [image: $$\mathcal {A}_i=ND(G_i^{\prime } \cup \mathcal {A}_{i-1})$$]. [image: $$\mathcal {A}$$] can collect all non-dominated solutions when the evolutionary algorithm terminates. All collected non-dominated solutions are used to train the inverse model. Usually, the number of solutions in [image: $$\mathcal {A}$$] is much larger than N, so the inverse model may perform better for suggesting solutions to decision-makers.

4.2 Unbounded Archive Training
Since the scale of the target value in the solution set cannot be determined, we need to normalize it to an applicable scale. To design an inverse model that can provide solutions to any preferences given by decision-makers, we need to construct a mapping from preference vectors to decision vectors. First, we use normalization to change the minimum value of the objective vector of solutions in archive to zeros:[image: $$\begin{aligned} \boldsymbol{p}^{\prime }(x)=\frac{\boldsymbol{f}(\boldsymbol{x})-\boldsymbol{f}_{\min }}{\boldsymbol{f}_{\max }-\boldsymbol{f}_{\min }}, \end{aligned}$$]

 (2)


where [image: $$x \subseteq \mathcal {A}$$], [image: $$\boldsymbol{f}_{min}$$], and [image: $$\boldsymbol{f}_{max}$$] are the minimum and maximum objective value of each objective in the unbounded archive [image: $$\mathcal {A}$$]. To provide a solution for the decision-maker’s preference more conveniently, we set the sum of the preference vector to one. The final preference vector [image: $$\boldsymbol{p}$$] is:[image: $$\begin{aligned} \boldsymbol{p(x)} = \frac{\boldsymbol{p}^{\prime }(\boldsymbol{x})}{||\boldsymbol{p}^{\prime }(\boldsymbol{x})||_{1}}, \end{aligned}$$]

 (3)


where [image: $$||\boldsymbol{p}^{\prime }(\boldsymbol{x})||_1$$] represents the [image: $$L_1$$] norm. The inverse model [image: $$\boldsymbol{\beta } \in \mathcal {B}$$] can map preference vectors to a solution in the decision space, i.e., [image: $$\hat{\boldsymbol{x}}=\phi (\boldsymbol{p}(\boldsymbol{x}); \boldsymbol{\beta })$$]. The mean squared error [image: $$J(\boldsymbol{\beta })$$] is used as loss function of the inverse model:[image: $$\begin{aligned} J(\boldsymbol{\beta })=\mathbb {E}_{(\boldsymbol{p},\boldsymbol{x}) \sim (\varLambda , \mathcal {P}_{ps})} (\phi (\boldsymbol{p}; \boldsymbol{\beta }) - \boldsymbol{x})^2, \end{aligned}$$]

 (4)


where [image: $$\varLambda $$] is the preference vector set and [image: $$\mathcal {P}_{ps}$$] is the Pareto set distribution. We approximate [image: $$\varLambda $$] and [image: $$\mathcal {P}_{ps}$$] and minimize the mean squared error based on the collected training data, as follows:[image: $$\begin{aligned} {\text {arg} \min }_{\boldsymbol{\beta } \in \mathcal {B}} \ \frac{1}{K} \sum _{i=1}^K (\phi (\boldsymbol{p}_{i}; \boldsymbol{\beta }) - \boldsymbol{x_{i}})^2, \end{aligned}$$]

 (5)


where [image: $$\mathcal {A}$$] is the unbounded archive obtained in Sect. 4.1 and [image: $$\widetilde{P}$$] is calculated by Eq. (2) and (3). K is the number of training data in the unbounded archive. Then, we calculate the gradient of Equation (5) for optimizing the model.[image: ]
Fig. 4.Four situations in the replacement mechanism. The solution [image: $$\boldsymbol{\alpha }$$] is the output of the inverse model given the preference vector [image: $$\boldsymbol{p}$$], and the yellow point is the solution in the archive. Solution [image: $$\boldsymbol{\beta }$$] is the solution closest to preference vector [image: $$\boldsymbol{p}$$]. The purpose of the replacement mechanism is to determine whether [image: $$\boldsymbol{\beta }$$] is more suitable for the preference vector p than [image: $$\boldsymbol{\alpha }$$].




4.3 Unbounded Archive Replacement Mechanism
A common phenomenon is that the inverse model can provide perfect suggested solutions for some preference vectors but not for others. There is a possibility that some other solutions in training data are better than the suggested solutions provided by the inverse model. Therefore, we propose a replacement mechanism to improve the quality of suggested solutions when the solution given by the inverse model is worse than the training data. As shown in Fig. 4, the suggested solution [image: $$\boldsymbol{\alpha }$$] is provided by the inverse model for the preference vector [image: $$\boldsymbol{p}$$]. The solution [image: $$\boldsymbol{\beta }$$] closest to the preference vector in the training data is selected for comparison with the solution [image: $$\boldsymbol{\alpha }$$]. Here are four possible situations: 	1)
The solution [image: $$\boldsymbol{\beta }$$] dominates solution [image: $$\boldsymbol{\alpha }$$], it means that [image: $$\boldsymbol{\beta }$$] is no worse than [image: $$\boldsymbol{\alpha }$$] each objective, therefore, we provide [image: $$\boldsymbol{\beta }$$] to preference vector [image: $$\boldsymbol{p}$$].

 

	2)
The solution [image: $$\boldsymbol{\alpha }$$] dominates solution [image: $$\boldsymbol{\beta }$$], it means that [image: $$\boldsymbol{\alpha }$$] is worse than [image: $$\boldsymbol{\beta }$$] each objective. Therefore, we provide [image: $$\boldsymbol{\alpha }$$] to the preference vector [image: $$\boldsymbol{p}$$].

 

	3)
Solution [image: $$\boldsymbol{\alpha }$$] and [image: $$\boldsymbol{\beta }$$] do not dominate each other, we believe that [image: $$\boldsymbol{\beta }$$] is the best for the preference vector [image: $$\boldsymbol{p}$$] if [image: $$\theta _{\boldsymbol{\alpha },\boldsymbol{p}} &gt; \theta _{\boldsymbol{\beta },\boldsymbol{p}}$$]. In this case, [image: $$\boldsymbol{\beta }$$] is provided to the preference vector [image: $$\boldsymbol{p}$$].

 

	4)
Solution [image: $$\boldsymbol{\alpha }$$] and [image: $$\boldsymbol{\beta }$$] do not dominate each other, we believe that [image: $$\boldsymbol{\alpha }$$] is the best for the preference vector [image: $$\boldsymbol{p}$$] if [image: $$\theta _{\boldsymbol{\alpha },\boldsymbol{p}}&lt;\theta _{\boldsymbol{\beta },\boldsymbol{p}}$$]. In this case, [image: $$\boldsymbol{\beta }$$] is provided to the preference vector [image: $$\boldsymbol{p}$$].

 






4.4 Performance Indicators
HV and IGD are the two most commonly used performance indicators in multi-objective optimization. They are used to evaluate the quality of the obtained solution set. However, when providing a solution set for a group of decision-makers, we mainly consider the suitability of each solution for the corresponding decision-maker. Currently, the evaluation of the solution set by HV and IGD has a shortcoming in our case. As shown in Fig. 5, it gives a simple example to illustrate why HV is insufficient for evaluation. The two subgraphs plot the solutions provided to decision-makers by different algorithms. The figures show that the first algorithm is more suitable for the decision-maker’s preferences because solutions of the first algorithm falls on preference vectors. However, we can see that the HV values obtained by the solutions in the two figures are the same (the gray areas are the same).
To address the bove mentioned issue, we couple the calculation of HV with the decision-maker’s preferences. The matching degree of each solution to the preference vector in HV is considered. Specifically, we calculate the angle between each preference vector [image: $$\boldsymbol{p}$$] and the objective value of the corresponding solution [image: $$\phi _{\boldsymbol{\theta }}(\boldsymbol{p})$$], For a given set of preference vectors [image: $$\varLambda $$] and [image: $$F=\boldsymbol{f}(\phi _{\boldsymbol{\theta }}(\varLambda ))$$], the average deviation angle is:[image: ]
Fig. 5.Calculation of HV under different decision-makers. Different color vectors represent the specific preferences, and the corresponding color points represent the solutions suggested to decision-makers. The gray is the HV value. The red line is the true Pareto front, and the white point is the reference point. (Color figure online)


[image: $$\begin{aligned} \theta =\frac{\sum _{\boldsymbol{f}\in F,\boldsymbol{p}\in \varLambda }\arccos {(\frac{\boldsymbol{f}\cdot \boldsymbol{p}}{\Vert \boldsymbol{f}\Vert \cdot \Vert \boldsymbol{p} \Vert })}}{|\varLambda |}, \end{aligned}$$]

 (6)


where [image: $$|\varLambda |$$] is the number of decision-makers. Then, the new performance indicator is [image: $$HV_{\theta }=\frac{\frac{\pi }{2}-\theta }{\frac{\pi }{2}}HV$$]. The newly designed performance indicator contains the penalty of each solution for the decision-maker. We also propose another decision-maker-based average distance (AD) metric to evaluate the quality of the solution set where the Pareto front is known:[image: $$\begin{aligned} AD=\frac{\sum _{\boldsymbol{f}\in F,\boldsymbol{f}_t\in \mathcal {P}^{b}} {\Vert \boldsymbol{f} - \boldsymbol{f}^b\Vert _{2}}}{|F|}, \end{aligned}$$]

 (7)


where [image: $$\mathcal {P}^{b}$$] is the best solution set in the true Pareto front for the given preference [image: $$\varLambda $$]. Different from IGD [21], we first pre-select Pareto optimal solutions from the Pareto set according to the preference vector set [image: $$\mathcal {P}^{b}$$]. Then, we calculate the average distance corresponding to [image: $$\mathcal {P}^{b}$$] and F. AD is calculated based on the distance after preference vector matching. As a result, AD is a more suitable indicator than IGD in the decision-making scenario.


5 Experiments
We examine the performance of UAIM on extensive benchmarks with various parameters, including the number of decision variables (d), the number of objectives (m), and the shape of the Pareto front. We consider five types of Pareto front as follows:	Linear [3]: DTLZ1 (d=5, m=3).

	Convex [23, 24]: ZDT2 (d=30, m=2), Convex-DTLZ2 (d=10, m=3) and Convex-DTLZ4 (d=10, m=3).

	Concave [3, 23]: ZDT1 (d=30, m=3), DTLZ2 (d=10, m=3) and DTLZ4 (d=10, m=3).

	Disconnected [3, 23]: ZDT3 (d=30, m=2) and DTLZ5 (d=10, m=3).

	Degenerated [3]: DTLZ5 (d=10, m=3).





We use NSGA-II to solve the multi-objective optimization problems. In the setting of NSGA-II, generation (T) and population size (N) are set to 200 and 55, respectively. UAIM is compared with NSGA-II and the inverse model (IM). To fairly compare the learning-based methods (IM and UAIM) and the evolution-based method NSGA-II, 495 uniform preference vectors are used as inputs to IM and UAIM for obtaining corresponding solutions. Then, we use the [image: $$HV_{\theta }$$] (proposed in Sect. 4.4) and AD to measure the performance of all algorithms and run each algorithm three times to calculate the mean and standard deviation of [image: $$HV_{\theta }$$] and AD. The larger the [image: $$HV_{\theta }$$] value, the better the performance; the smaller the AD value, the better the performance. UAIM is implemented in pymoo [25] and pytorch [26]. All experiments used one NVIDIA GeForce RTX 2080 Ti GPU (11GB RAM). The code is available at https://​github.​com/​rG223/​UAIM.Table 1.Comparison of the mean and standard deviation of algorithms in terms of [image: $$HV_{\theta }$$] and AD on ten benchmarks.


	Problem
	Indictor
	Method

	NSGA-II
	IM
	UAIM

	ZDT1 (D=30)
	[image: $$HV_{\theta }$$] [image: $$\uparrow $$]
	[image: $$0.8546_{\pm 0.0003}$$]
	[image: $$0.8649_{\pm 0.0010}$$]
	[image: $$\boldsymbol{0.8677_{\pm {0.0001}}}$$]

	AD [image: $$\downarrow $$]
	[image: $$0.0091_{\pm {0.0002}}$$]
	[image: $$0.0049_{\pm {0.0006}}$$]
	[image: $$\boldsymbol{0.0012_{\pm {0.0002}}}$$]

	ZDT2 (D=30)
	[image: $$HV_{\theta }$$] [image: $$\uparrow $$]
	[image: $$0.5280_{\pm {0.0009}}$$]
	[image: $$0.5327_{\pm {0.0008}}$$]
	[image: $$\boldsymbol{0.5354_{\pm {0.0000}}}$$]

	AD [image: $$\downarrow $$]
	[image: $$0.0080_{\pm {0.0005}}$$]
	[image: $$0.0034_{\pm {0.0009}}$$]
	[image: $$\boldsymbol{0.0011_{\pm {0.0001}}}$$]

	ZDT3 (D=30)
	[image: $$HV_{\theta }$$] [image: $$\uparrow $$]
	[image: $$1.0186_{\pm {0.0005}}$$]
	[image: $$1.0026_{\pm {0.0139}}$$]
	[image: $$\boldsymbol{1.0208_{\pm {0.0002}}}$$]

	AD [image: $$\downarrow $$]
	[image: $$0.0080_{\pm {0.0004}}$$]
	[image: $$0.0144_{\pm {0.0017}}$$]
	[image: $$\boldsymbol{0.0011_{\pm {0.0001}}}$$]

	DTLZ1 (D=5)
	[image: $$HV_{\theta }$$] [image: $$\uparrow $$]
	[image: $$0.1234_{\pm {0.0005}}$$]
	[image: $$0.0813_{\pm {0.0266}}$$]
	[image: $$\boldsymbol{0.1324_{\pm {0.0018}}}$$]

	AD [image: $$\downarrow $$]
	[image: $$0.0356_{\pm {0.0008}} $$]
	[image: $$0.1253_{\pm {0.0630}}$$]
	[image: $$\boldsymbol{0.0287_{\pm {0.0036}}}$$]

	DTLZ2 (D=10)
	[image: $$HV_{\theta }$$] [image: $$\uparrow $$]
	[image: $$0.6165_{\pm {0.0109}}$$]
	[image: $$0.6554_{\pm {0.0079}}$$]
	[image: $$\boldsymbol{0.7122_{\pm {0.0021}}}$$]

	AD [image: $$\downarrow $$]
	[image: $$0.0965_{\pm {0.0045}}$$]
	[image: $$0.0408_{\pm {0.0024}}$$]
	[image: $$\boldsymbol{0.0263_{\pm {0.0178}}}$$]

	DTLZ4 (D=10)
	[image: $$HV_{\theta }$$] [image: $$\uparrow $$]
	[image: $$0.6267_{\pm {0.0052}}$$]
	[image: $$0.6061_{\pm {0.0204}}$$]
	[image: $$\boldsymbol{0.7075_{\pm {0.0037}}}$$]

	AD [image: $$\downarrow $$]
	[image: $$0.0921_{\pm {0.0016}}$$]
	[image: $$0.1032_{\pm {0.0124}}$$]
	[image: $$\boldsymbol{0.0226_{\pm {0.0023}}}$$]

	DTLZ5 (D=10)
	[image: $$HV_{\theta }$$] [image: $$\uparrow $$]
	[image: $$0.2912_{\pm {0.0026}}$$]
	[image: $$\boldsymbol{0.2942_{\pm {0.0092}}}$$]
	[image: $$0.2918_{\pm {0.0002}}$$]

	AD [image: $$\downarrow $$]
	[image: $$\boldsymbol{0.0085_{\pm {0.0001}}}$$]
	[image: $$0.0162_{\pm {0.0065}}$$]
	[image: $$0.0034_{\pm {0.0005}}$$]

	DTLZ7 (D=10)
	[image: $$HV_{\theta }$$] [image: $$\uparrow $$]
	[image: $$2.0292_{\pm {0.0092}}$$]
	[image: $$1.9741_{\pm {0.0220}}$$]
	[image: $$\boldsymbol{2.2222_{\pm {0.0082}}}$$]

	AD [image: $$\downarrow $$]
	[image: $$0.1407_{\pm {0.0041}}$$]
	[image: $$0.1467_{\pm {0.0009}}$$]
	[image: $$\boldsymbol{0.0601_{\pm {0.0109}}}$$]

	Convex-DTLZ2 (D=10)
	[image: $$HV_{\theta }$$] [image: $$\uparrow $$]
	[image: $$1.0709_{\pm {0.0690}}$$]
	[image: $$1.1831_{\pm {0.0104}}$$]
	[image: $$\boldsymbol{1.2523_{\pm {0.0026}}}$$]

	AD [image: $$\downarrow $$]
	[image: $$0.0841_{\pm {0.0156}}$$]
	[image: $$0.0421_{\pm {0.0060}}$$]
	[image: $$\boldsymbol{0.0232_{\pm {0.0107}}}$$]

	Convex-DTLZ4 (D=10)
	[image: $$HV_{\theta }$$] [image: $$\uparrow $$]
	[image: $$1.1197_{\pm {0.0128}}$$]
	[image: $$0.8463_{\pm {0.0794}}$$]
	[image: $$\boldsymbol{1.2404_{\pm {0.0031}}}$$]

	AD [image: $$\downarrow $$]
	[image: $$0.0693_{\pm {0.0054}}$$]
	[image: $$0.2137_{\pm {0.0434}}$$]
	[image: $$\boldsymbol{0.0189_{\pm {0.0012}}}$$]




Table 2.The rate of using archive solution on ten problems.


	Problem
	The rate of using archive solution

	ZDT1
	[image: $$0.3758_{\pm {0.0966}}$$]

	ZDT2
	[image: $$0.3697_{\pm {0.0309}}$$]

	ZDT3
	[image: $$0.5636_{\pm {0.0647}}$$]

	DTLZ1
	[image: $$0.7091_{\pm {0.1653}}$$]

	DTLZ2
	[image: $$0.2364_{\pm {0.0786}}$$]

	DTLZ4
	[image: $$0.6182_{\pm {0.1178}}$$]

	DTLZ5
	[image: $$0.7576_{\pm {0.0600}}$$]

	DTLZ7
	[image: $$0.5818_{\pm {0.0535}}$$]

	Convex-DTLZ2
	[image: $$0.4182_{\pm {0.0514}}$$]

	Convex-DTLZ4
	[image: $$0.7939_{\pm {0.0562}}$$]




Table 3.The impact of two components in UAIM. UAT and UARM represent the use of the archive to train the inverse model and replace suggested solutions, respectively.


	Problem
	UAT
	UARM
	[image: $$HV_{\theta } \uparrow $$]
	[image: $$AD \downarrow $$]

	DTLZ1
	✗
	✗
	[image: $$0.0813_{\pm {0.0266}}$$]
	[image: $$0.2658_{\pm {0.0991}}$$]

	✓
	✗
	[image: $$0.0961_{\pm {0.0248}}$$]
	[image: $$0.2583_{\pm {0.0250}}$$]

	✓
	✓
	[image: $$\boldsymbol{0.1324_{\pm {0.0018}}}$$]
	[image: $$\boldsymbol{0.0287_{\pm {0.0036}}}$$]

	DTLZ2
	✗
	✗
	[image: $$0.6554_{\pm {0.0079}}$$]
	[image: $$0.0408_{\pm {0.0024}}$$]

	✓
	✗
	[image: $$\boldsymbol{0.7123_{\pm {0.0015}}}$$]
	[image: $$\boldsymbol{0.0256_{\pm {0.0183}}}$$]

	✓
	✓
	[image: $$0.7122_{\pm {0.0021}}$$]
	[image: $$0.0266_{\pm {0.0182}}$$]

	DTLZ4
	✗
	✗
	[image: $$0.6061_{\pm {0.0204}}$$]
	[image: $$0.2318_{\pm {0.0349}}$$]

	✓
	✗
	[image: $$0.6989_{\pm {0.0097}}$$]
	[image: $$0.0370_{\pm {0.0119}}$$]

	✓
	✓
	[image: $$\boldsymbol{0.7075_{\pm {0.0037}}}$$]
	[image: $$\boldsymbol{0.0226_{\pm {0.0023}}}$$]

	DTLZ5
	✗
	✗
	[image: $$0.2942_{\pm {0.0092}}$$]
	[image: $$0.0439_{\pm {0.0085}}$$]

	✓
	✗
	[image: $$\boldsymbol{0.3054_{\pm {0.0015}}}$$]
	[image: $$\boldsymbol{0.0052_{\pm {0.0009}}}$$]

	✓
	✓
	[image: $$0.2918_{\pm {0.0002}}$$]
	[image: $$0.0116_{\pm {0.0020}}$$]

	DTLZ7
	✗
	✗
	[image: $$1.9741_{\pm {0.0220}}$$]
	[image: $$0.3559_{\pm {0.0336}}$$]

	✓
	✗
	[image: $$2.2044_{\pm {0.0141}}$$]
	[image: $$\boldsymbol{0.0739_{\pm {0.0217}}}$$]

	✓
	✓
	[image: $$\boldsymbol{2.2222_{\pm {0.0082}}}$$]
	[image: $$0.0741_{\pm {0.0217}}$$]

	Convex-DTLZ2
	✗
	✗
	[image: $$1.1831_{\pm {0.0104}}$$]
	[image: $$0.1054_{\pm {0.0478}}$$]

	✓
	✗
	[image: $$1.2512_{\pm {0.0031}}$$]
	[image: $$\boldsymbol{0.0356_{\pm {0.0321}}}$$]

	✓
	✓
	[image: $$\boldsymbol{1.2523_{\pm {0.0026}}}$$]
	[image: $$0.0389_{\pm {0.0330}}$$]

	Convex-DTLZ4
	✗
	✗
	[image: $$0.8463_{\pm {0.0794}}$$]
	[image: $$0.6106_{\pm {0.0712}}$$]

	✓
	✗
	[image: $$1.0967_{\pm {0.0200}}$$]
	[image: $$0.0467_{\pm {0.0016}}$$]

	✓
	✓
	[image: $$\boldsymbol{1.2404_{\pm {0.0031}}}$$]
	[image: $$\boldsymbol{0.0189_{\pm {0.0012}}}$$]





5.1 Results
In Table 1, we evaluate all methods using [image: $$HV_{\theta }$$] and AD. Among the two objective problems (ZDT1-3), IM has advantages over NSGA-II in ZDT1 and ZDT2 problems but has no advantage in ZDT3 problems. This is because the Pareto front of ZDT3 is disconnected, some preference vectors have no intersection with the Pareto front. The proposed method UAIM achieves the best performance in ZDT1-3. The strengths of UAIM are that the model is more confident than IM because it has enough training data. In addition, UAIM can replace bad solutions predicted by the model using solutions in the archive, which sometimes ensures that the final suggested solutions are not too bad. In the DTLZ1 problem, IM’s [image: $$HV_{\theta }$$] and AD are 0.0813 and 0.1253, which are much worse than NSGA-II. Therefore, the solution quality obtained by the inverse model on DTLZ1 is poor. In DTLZ5, UAIM performs slightly worse than IM because the solution set is closer to the Pareto front (Fig. 6(a)). This is because UAIM chooses solutions closer to the preference vector but farther from the Pareto front in the replacement mechanism. IM also performed poorly on the disconnected DTLZ7 problem, while UAIM performed significantly better than IM and NSGA-II.
In Table 2, we present the rate of the number of archive solutions used by UAIM in each problem. We can find them between 20% and 80%. Therefore, the proposed method combines the solutions given by the inverse model and the archive.[image: ]
Fig. 6.Visual results obtained by different kinds of the preference of decision makers. The color coding represents different preference ranges for the first objective: orange (0 to 0.2), purple (0.2 to 0.4), green (0.4 to 0.6), blue (0.6 to 0.8), and red (0.8 to 1). (Color figure online)




5.2 Ablation Study
In this subsection, we examine the effectiveness of unbounded archive training (UAT) and the replacement mechanism (UARM). As shown in Table 3, UARM and UAT have greatly improved the performance of IM on DTLZ1, DTLZ4, DTLZ7, and Convex-DTLZ4. In DTLZ5, using UARM will make the value of [image: $$HV_{\theta }$$] slightly worse. This is because most preference vectors have no intersection with the Pareto front in the degenerated problem. Then, UARM usually chooses solutions closer to the preference vector but farther from the Pareto front. Finally, some solutions close to the Pareto front may be sacrificed in exchange for being closer to the preference vector. When the improvement of UARM is obvious, it means that the solutions returned by IM on many preference vectors are not ideal, and the solution in the training data is better in this case. When the improvement of UAT is obvious, it means that the solutions returned by IM on many preference vectors are ideal. Still, there will be greater improvement after expanding the training data.

5.3 Decision-Makers with Different Preferences
The advantage of the inverse model is that it can provide specific solutions for any group of decision-makers. To visualize the solutions obtained by different decision-makers, we tested the solutions obtained by IM and UAIM on the DTLZ2, DTLZ5, and DTLZ7 problems under about 1800 uniform preferences. As shown in Fig. 6, the shape of the solution set provided by IM is smooth in DTLZ2, but for some preferences on the edge of the Pareto front, e.g. (0.05, 0.05, 0.9), IM cannot provide corresponding solutions. The archived inverse model (trained using the archive) can improve the estimation accuracy for each decision maker’s preferences. Therefore, the archived inverse model can perform better than IM in DTLZ2. The solution set provided by UAIM can also cover the entire Pareto front for different decision-makers. In the second DTLZ5 problem, IM covers most of the region on the Pareto front by one type of preference (red dots), which shows that IM does not have excellent discrimination ability in different preferences. The archived inverse model can better distinguish different preferences and return appropriate solutions. UAIM combines solutions in the archive to further improve the quality of the suggested solution set. In the last DTLZ7 problem, some preference vectors do not intersect with the Pareto front. IM tends to provide dominated solutions, which is terrible for those decision-makers. For any preference vector, UAIM gives non-dominated solutions near the Pareto front.


6 Conclusion and Future Work
In this paper, we proposed an unbounded archive-based inverse model to improve the performance of the original inverse model for decision-making. UAIM has made two improvements. On the one hand, UAIM uses an archive to train the inverse model instead of the final population. Secondly, UAIM contains a replacement mechanism. Specifically, when the solution suggested by the model is worse than the solution in the archive, we use a better solution in the archive instead. Through these two aspects, UAIM improves the quality of solutions for decision-makers. Besides, two new indicators are designed to evaluate the algorithm’s performance. We demonstrate in extensive experiments that the proposed method significantly outperforms the original inverse model.
This paper mainly focuses on the amount of training data for the inverse model and a replacement mechanism. Future research on using the inverse model can be considered as follows: 	1.
The impact of training data quality on the inverse model. In some problems, the training data collected may contain noise, or the data distribution is unbalanced (i.e., the data shifts toward a preference for a specific objective).

 

	2.
We can further consider using the inverse model to improve the performance of multi-objective evolutionary algorithms. For example, in many-objective optimization problems, it is challenging to find the entire Pareto front. We can use the inverse model to explore those sparse areas. As a result, we can improve the quality of the solution set obtained by multi-objective evolutionary algorithms.
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Abstract
In multi-objective optimization, set-based quality indicators are a cornerstone of benchmarking and performance assessment. They capture the quality of a set of trade-off solutions by reducing it to a scalar number. One of the most commonly used set-based metrics is the R2 indicator, which describes the expected utility of a solution set to a decision-maker under a distribution of utility functions. Typically, this indicator is applied by discretizing this distribution of utility functions, yielding a weakly Pareto-compliant indicator. In consequence, adding a nondominated or dominating solution to a solution set may – but does not have to – improve the indicator’s value.
In this paper, we reinvestigate the R2 indicator under the premise that we have a continuous, uniform distribution of (Tchebycheff) utility functions. We analyze its properties in detail, demonstrating that this continuous variant is indeed Pareto-compliant – that is, any beneficial solution will improve the metric’s value. Additionally, we provide an efficient computational procedure to compute this metric for bi-objective problems in [image: $$\mathcal O (N \log N)$$]. As a result, this work contributes to the state-of-the-art Pareto-compliant unary performance metrics, such as the hypervolume indicator, offering an efficient and promising alternative.
Keywords
Performance assessmentMulti-objective optimizationR2 indicatorBenchmarkingUtility functionsPareto compliance
1 Introduction
When optimizing any system, there is often not just one objective, but multiple criteria required to assess the quality of a solution. Rather than aggregating these different optimization objectives into one, e.g., by means of a linear combination of the individual objectives, the domain of multi-objective (MO) optimization aims to find a set of (Pareto-)optimal trade-off solutions to present to a decision-maker [13]. However, to benchmark MO optimizers and facilitate algorithm design, parameter tuning, and automated algorithm selection, quantifying the quality of trade-off solutions in a unary set-based performance indicator is often necessary.
To be reasonably interpretable, it is recommended that a MO performance indicator fulfills a property that is known as Pareto compliance [8]. More precisely, a set-based performance indicator is called Pareto-compliant, if and only if its indicator value for set A is better than for set B when set A dominates set B. In addition, an indicator is called weakly Pareto-compliant if its value for set A is not worse than for set B.
Up to now, the hypervolume (HV) indicator, and variants thereof, are the only set-based performance indicators that are recognized as truly Pareto-compliant [2, 9, 17]. The HV indicator computes the m-dimensional hypervolume dominated by the solution set w.r.t. to a user-specified anti-optimal reference point.
In contrast, there are multiple families of weakly Pareto-compliant indicators. Exemplary and widely used representatives are the IGD+ indicator [11], requiring an (approximated or known) reference Pareto front, or the R2 indicator [5, 10], requiring an ideal/utopian reference point as well as a sample of aggregation (or: utility) functions.
The R2 indicator, in particular, may be an attractive choice as it requires an ideal rather than an anti-optimal reference point. In many problems, the ideal point is easier to find, e.g., in multi-objective machine learning problems where optimal, but not always anti-optimal, values for loss functions are available. Also, solutions that do not dominate a chosen reference point may not contribute to the dominated hypervolume, and a reference point far away from the Pareto front (PF) tends to put a high weight on solutions at the PF’s boundary, which is also often undesirable. Another benefit arises when constructing test problems from objectives with known single-objective optima, which lack a natural upper bound for the reference point or a clear “region of interest”.
While the unary R2 indicator was initially defined as an integral over a continuum of utility functions by [10], it is usually only discussed and applied in an approximate manner for which the distribution of utility functions is discretized [5, 14]. The latter comes with the benefit of being flexible regarding the involved utility functions. It also provides a convenient way to compute the indicator as an average of multiple utility functions, however, sacrificing Pareto compliance in the process. In this paper, we consider the most common R2 indicator definition with a uniform distribution of Tchebycheff utility functions [5, 10]. Our main contribution is the methodology to compute this indicator exactly for a set of solutions in the bi-objective case, thereby preserving its Pareto compliance. We achieve this by shifting perspective away from averaging over predefined utility functions towards computing the R2 indicator contributions of each individual nondominated point, thereby eliminating weaknesses in the R2 indicator’s properties. Additionally, we demonstrate the exact R2 indicator values for individual points and linear Pareto fronts, as well as the approximate nature of the discretization-based approach commonly used so far.
This paper is structured as follows: We introduce multi-objective optimization and set-based performance assessment in Sect. 2. Then, in Sect. 3, we derive the methodology for computing exact R2 indicator values, first for a single solution and then for a set of solutions. Section 4 presents some exemplary results regarding characteristics of the exact R2 indicator, and Sect. 5 concludes the paper with an outlook on future research avenues.

2 Background
We begin by introducing some fundamental aspects of multi-objective optimization and dominance relationships of multi-objective solutions. Then, we will cover core aspects of set-based performance assessment in multi-objective optimization and its best known representative, the hypervolume indicator. Finally, we introduce the R2 indicator with its most important properties for the discretized and the exact variant.
2.1 Multi-objective Optimization
In multi-objective (MO) optimization, we aim to (w.l.o.g.) minimize multiple conflicting objectives. Commonly, a MO optimization problem (MOP) with m objectives is given by an objective function [image: $$F: \mathcal X \mapsto \mathbb R^m$$] where [image: $$\mathcal X$$] represents the decision space. The individual objectives are denoted as [image: $$f_i: \mathcal X \mapsto \mathbb R, i=1,\dots ,m$$] in this work. Further, we are primarily considering the bi-objective setting ([image: $$m=2$$]). Depending on the particular problem and decision space, there may be further constraints on admissible solutions.
A particular challenge posed by MOPs pertains to solution comparison. While in single-objective optimization, solutions can be compared directly (either they have identical objective values or one is better than another), such immediate comparisons are not possible for all solutions of a MOP. To solve this, we need the concept of dominance. A solution x dominates another solution y ([image: $$x \prec y$$]), iff [image: $$f_i(x) \le f_i(y)$$] for all i and [image: $$f_i(x) &lt; f_i(y)$$] for at least one i. A solution x strongly dominates another solution y if the stronger condition [image: $$f_i(x) &lt; f_i(y)$$] holds for all i. A solution that dominates, but does not strongly dominate, another solution is also called weakly dominant. Finally, two solutions can be incomparable, that is, mutually nondominated, if either fulfills some objective better than the other.
Definitions of dominance can also be extended to sets of solutions. A set of solutions A (weakly) dominates another set B, if each member of B is (weakly) dominated by a solution in A, written as [image: $$A \preceq B$$] and [image: $$A \prec B$$], respectively [8, 18].
The set of all nondominated solutions [image: $$P = \{x \in \mathcal X ~ | ~ \not \exists y \in \mathcal X: y \prec x\}$$] is known as the Pareto set, and its image under F is known as the Pareto front. The Pareto set contains the optimal trade-off solutions regarding the objectives, and aiming to obtain a close approximation to it is the prevalent approach of solving MOPs when no further constraints or preferences on the objectives are known, i.e., under black-box assumptions. Evolutionary algorithms are the most widespread approach for finding good Pareto set approximations in these conditions.
Finally, we call the vector of the optimal, individual function values ideal point, and refer to the best vector dominated by all Pareto optimal points as nadir point. Often, before computing indicator values and if the ideal and nadir points are available, the region between them is normalized to the [image: $$[0,1]^m$$] box in objective space as a normalization technique.

2.2 Set-Based Performance Assessment
As the Pareto set generally contains more than one solution, set-based performance measures are the norm in assessing the overall quality of an archive of evaluated points. This need to quantify Pareto set approximations has led to numerous performance measures being introduced. For a recent survey on MO performance indicators, we refer to [1].
The most prominent set-based performance measure is the dominated hypervolume (HV) indicator (or: S-metric) that measures the space dominated by the set of solutions w.r.t. an anti-optimal reference point [2, 9, 17]. An illustration of the HV indicator for two objectives is given in Fig. 1.[image: ]
Fig. 1.Left: Illustration of the HV indicator. Right: If no point dominating the HV is found, the minimal distance to the region of interest (dotted) can be used as an additional indicator. The combined indicator is, however, not Pareto-compliant anymore.



An important property of a set-based performance measure [image: $$I: \mathbb R^m \rightarrow \mathbb R$$] is Pareto compliance: If [image: $$A \preceq B$$] and [image: $$B \npreceq A$$], then [image: $$I(A) &lt; I(B)$$] [18]. That is, a performance measure should improve if new non-dominated or (weakly) dominating solutions are added to a set of solutions. If only [image: $$I(A) \le I(B)$$] can be guaranteed under the same circumstances, I is called weakly Pareto-compliant. Only the HV indicator and other indicators based on it are established to be Pareto-compliant [9]. The selection of weakly Pareto-compliant indicators is somewhat larger, including, for example, the (discretized) R2 [5] and the IGD+ [11] measures.
The necessity of the anti-optimal reference point can, however, be a hindrance to achieving Pareto compliance in practice. Setting the reference point so far back that it is dominated by every feasible solution introduces a bias towards the edges of the PF, while a reference point close to the nadir point fails to consider all solutions outside of such a defined region of interest, cf. Figure 1.

2.3 The R2 Indicator
In contrast to the HV indicator, the unary R2 indicator is ordinarily defined as the expected utility of the point set w.r.t. a distribution of utility functions U [10]. In the most general case, for a set of solutions Y of a MOP, we can define it as follows:[image: $$ R2(Y) := \int _{u \in U} \min _{y \in Y} u(y) du. $$]



The most common choice of a utility function is a Tchebycheff aggregation, which allows to reach all Pareto-optimal points depending on the chosen parametrization. For a weight vector [image: $$w \in [0,1]^m$$] with [image: $$\sum _{i=1}^m w_i = 1$$] and a utopian vector [image: $$y^*$$], it is given by[image: $$\begin{aligned} u_w(y) &amp;= \max _{i = 1,\dots ,m}{w_i (y_i - y_i^*)} \\ &amp;= \max _{i = 1,\dots ,m}{w_i y'_i} \end{aligned}$$]



using [image: $$y'_i = y_i - y_i^*$$] to shift the utopian point w.l.o.g. to the origin. The distribution of utility functions is then usually chosen as uniform on the weight simplex.
In the bi-objective case, where [image: $$w_2 = w_1 - 1$$] holds, this yields the following formula for R2:[image: $$\begin{aligned} R2(Y) &amp;= \int _0^1 \min _{y \in Y} u_w(Y) dw \\ &amp;= \int _0^1 \min _{y \in Y} \{\max (w y'_1, (1 - w) y'_2)\} dw. \end{aligned}$$]



As there is no apparent way to calculate this property directly, it is generally approximated in a discrete manner by discretizing U using [image: $$n = |W|$$] weight vectors [image: $$w \in W$$]:[image: $$\begin{aligned} R2(Y) \approx \frac{1}{|W|} \sum _{w \in W} \min _{y \in Y} u_w(y). \end{aligned}$$]



As an example, the uniform weight distribution with size n for the bi-objective case is given by [5][image: $$ W = \left\{ (0, 1), \left( \frac{1}{n-1}, \frac{n-2}{n-1}\right) , \dots , \left( \frac{n-2}{n-1},\frac{1}{n-1}\right) , \left( 1, 0\right) \right\} . $$]



The discretization is simultaneously a blessing and a curse: On the one hand, it provides an effective method of approximating the underlying exact R2 value with high precision. On the other hand, this weakens the indicators’ properties. To optimize the discretized R2 indicator, one can consider at most |W| points on the Pareto front, which optimize [image: $$u_w$$] for each [image: $$w \in W$$], respectively. Additional nondominated solutions cannot contribute to the indicator value. Further, an individual utility function [image: $$u_w$$] may be optimized by a point that is only weakly Pareto optimal, but has the same utility (for this set of weights) as another, Pareto optimal point. See, for example, the top left image of Fig. 2, where each point along the vertical lines would have identical utility values. This places the discretized R2 indicator among the weakly Pareto-compliant indicators.
A final property of the R2 indicator is that each solution y from a nondominated set of solutions Y is optimal in terms of utility compared to all other solutions from Y for a particular weight [image: $$(w^*, 1 - w^*)$$] such that [5][image: $$\begin{aligned} w^* y'_1 &amp;= (1 - w^*) y'_2 \\ \Rightarrow w^* &amp;= \frac{y'_2}{y'_1 + y'_2}. \end{aligned}$$]



Discussions around the R2 indicator and its application focus (almost) exclusively on its discrete variant [5, 16] rather than on the original continuous definition of R2 [10]. The remainder of this paper is dedicated to a better understanding of this original definition, analyzing its properties, and detailing methods for computing it.


3 The R2 Indicator for Continuous Utility Distributions
In this section, we derive how the R2 indicator can be computed under the assumption of a continuous distribution of Tchebycheff utility functions for bi-objective problems. We will start by analyzing the scenario for a single solution point before extending the analysis to sets of solutions. At last, we derive the computational complexity of the presented approach.[image: ]
Fig. 2.Illustration of level sets of the Tchebycheff utility for five different weight vectors w. The utility value [image: $$u_w(y)$$] is determined by the surface that the level set touches first: At vertical surfaces (see left and center image in the top row), the [image: $$u_w(y)$$] is determined by the [image: $$f_1$$] value while at horizontal surfaces (see bottom row) [image: $$u_w(y)$$] depends on the [image: $$f_2$$] value of y. At y (the top right figure) both [image: $$w_1 y_1$$] and [image: $$w_2 y_2$$] are identical. Note: Weight vectors are illustrated to point towards their equilibrium between both objectives, i.e., [image: $$w_1 f_1 = w_2 f_2$$].



3.1 R2 for a Single Solution
Without loss of generality, let [image: $$y^* = (0,0)$$] be the utopian point and [image: $$Y = \{y\}$$] be the set containing only one solution [image: $$y = (y_1, y_2) &gt; (0,0)$$]. Further, let [image: $$w = (w^*, 1 - w^*)$$] be the weight vector such that [image: $$w^* y_1 = (1 - w^*) y_2$$]. Then, for [image: $$w_1 &lt; w^*$$], [image: $$w_1 y_1 &lt; (1 - w_1) y_2$$] and for [image: $$w_1 &gt; w^*$$], [image: $$w_1 y_1 &gt; (1 - w_1) y_2$$]. Based on this observation, we can compute the exact R2 indicator of Y for a uniform distribution of Tchebycheff utility functions by splitting the integral along [image: $$w^*$$]:[image: $$\begin{aligned} R2(Y) &amp;= \int _0^1 \max (y_1 w, y_2 (1 - w)) dw \\ &amp;= \int _0^{w^*} y_2 (1 - w) dw + \int _{w^*}^1 y_1 w dw \\ &amp;= \left[ - \frac{1}{2} y_2 (1 - w)^2\right] _0^{w^*} + \left[ \frac{1}{2} y_1 w^2\right] _{w^*}^1 \\ &amp;= \frac{1}{2} y_2 \left( 1 - (1 - w^*)^2\right) + \frac{1}{2} y_1 \left( 1 - (w^*)^2\right) . \end{aligned}$$]



This simple case demonstrates that computing the exact R2 indicator for a set of solutions consists of the following steps: First, we need to identify areas in which the utility value does not vary w.r.t. y and is only sensitive to w. Then, we compute the contribution of each of these areas to the final R2 value using the corresponding integral and finally sum everything up.
We can build on these observations to derive a general procedure to compute R2(Y) for arbitrary solution sets.[image: ]
Fig. 3.Schematic illustration of the integration ranges of a solution [image: $$y^{(n)}$$]. [image: $$y^{(n-1)}$$], [image: $$y^{(n)}$$], and [image: $$y^{(n+1)}$$] are consecutive points in the solution set. [image: $$y^{(n-)}$$] and [image: $$y^{(n+)}$$] correspond to the corners in the PF that are adjacent to [image: $$y^{(n)}$$]. Their corresponding weight vectors [image: $$w^{(n-)}$$] and [image: $$w^{(n+)}$$] indicate the boundaries in which [image: $$y^{(n)}$$] locally determines the PF. At [image: $$w^{(n)}$$], the objective switches between the [image: $$f_1$$]- (vertical PF segment) and [image: $$f_2$$]-values (horizontal PF segment) of solution [image: $$y^{(n)}$$].




3.2 R2 for a Set of Solutions
Let us now consider what happens when our solution set contains [image: $$N &gt; 1$$] solutions. Let [image: $$Y = \{y^{(1)}, \dots , y^{(N)}\}$$] be the set of nondominated solutions ordered by ascending [image: $$y_1$$] value. Analogous to [image: $$w^*$$] above, let [image: $$w^{(n)} = (w^{(n)}_1, 1 - w^{(n)}_1)$$] be the weight vector such that [image: $$w^{(n)}_1 y^{(n)}_1 = (1 - w^{(n)}_1) y^{(n)}_2$$] for all [image: $$n = 1, \ldots , N$$].
The weights [image: $$w^{(n)}$$] indicate when the utility of solution [image: $$y^{(n)}$$] is optimal and identical w.r.t. both individual objectives. Slightly increasing (decreasing) [image: $$w_1^{(n)}$$] lets the term of the first (second) objective dominate, i.e., the [image: $$w^{(n)}$$] values indicate a switch in the relevant objective.
In addition, we need to identify the weight ranges for which the utility value is determined by a given solution [image: $$y^{(n)}$$] rather than by one of its adjacent nondominated solutions, [image: $$y^{(n-1)}$$] or [image: $$y^{(n + 1)}$$]. As a visual aid for the following explanations, Fig. 3 provides a sketch of the involved solutions, weight vectors, and their relationships. For this purpose, let [image: $$w^{(n+)}$$] be the weight vector such that [image: $$w^{(n+)}_1 y^{(n+1)}_1 = (1 - w^{(n+)}_1) y^{(n)}_2$$]. [image: $$w^{(n+)}$$] represents the weight vector pointing to the intersection between [image: $$y^{(n)}$$] and [image: $$y^{(n+1)}$$], marked as [image: $$y^{(n+)}$$] in Fig. 3, where the relevant solution switches between the two solution vectors. On the other side, [image: $$w^{(n-)}$$] analogously defines the boundary between [image: $$y^{(n-1)}$$] and [image: $$y^{(n)}$$], which is indicated by [image: $$y^{(n-)}$$] in Fig. 3. Given these definitions, a solution [image: $$y^{(n)} = (y_1^{(n)}, y_2^{(n)})$$] determines the Tchebycheff utility in the interval [image: $$[w^{(n-)}_1, w^{(n+)}_1]$$] for [image: $$w_1$$], with the subinterval [image: $$[w^{(n-)}_1, w^{(n)}_1]$$] being dependent on the [image: $$y_2$$]-value and [image: $$[w^{(n)}_1, w^{(n+)}_1]$$] depending on its [image: $$y_1$$]-value.
Note also that, similarly to the HV indicator, the solution [image: $$y^{(n)}$$] has an exclusive contribution corresponding to the box spanned by it with [image: $$y^{(n-)}$$] and [image: $$y^{(n+)}$$]: The utilities [image: $$u_{w^{(n-)}}$$] to [image: $$u_{w^{(n+)}}$$] would worsen if [image: $$y^{(n)}$$] was removed. This will still be true if we consider the case that [image: $$y^{(n)}$$] would only weakly dominate one of its neighbors in the set, re-establishing Pareto compliance for the R2 indicator as it was described in its original publication [10].
Now we can compute the partial R2 contribution of [image: $$y^{(n)}$$] in a similar way to the single solution set by splitting along [image: $$w_1^{(n)}$$]. It only differs by replacing the overall integration boundaries by [image: $$y^{(n)}$$]’s relevant weight range, [image: $$w_1^{(n-)}$$] and [image: $$w_1^{(n+)}$$], which gives:[image: $$\begin{aligned} R2(y^{(n)}) =&amp; \int _{w^{(n-)}_1}^{w^{(n+)}_1} \max (y^{(n)}_1 w, y^{(n)}_2 (1 - w)) dw \\ =&amp; \int _{w^{(n-)}_1}^{w^{(n)}_1} y^{(n)}_2 (1 - w) dw + \int _{w^{(n)}_1}^{w^{(n+)}_1} y^{(n)}_1 w dw \\ =&amp; \left[ - \frac{1}{2} y^{(n)}_2 (1 - w)^2\right] _{w^{(n-)}_1}^{w^{(n)}_1} + \left[ \frac{1}{2} y^{(n)}_1 w^2\right] _{w^{(n)}_1}^{w^{(n+)}_1} \\ =&amp; \frac{1}{2} y^{(n)}_2 \left( (1 - w^{(n-)}_1)^2 - (1 - w^{(n)}_1)^2 \right) + \frac{1}{2} y^{(n)}_1 \left( (w^{(n+)}_1)^2 - (w^{(n)}_1)^2 \right) . \end{aligned}$$]



For the special cases that [image: $$n=1$$] or [image: $$n=N$$], where there is no neighbor in one direction, we can define [image: $$w_1^{(1-)} = 0$$] and [image: $$w_1^{(N+)} = 1$$], respectively.
Given the individual contributions [image: $$R2(y^{(n)})$$] for all [image: $$n = 1, \dots N$$], we can construct the exact R2 value of the whole solution set Y simply as their sum:[image: $$\begin{aligned} R2(Y) &amp;= \sum _{n = 1}^N R2(y^{(n)}). \end{aligned}$$]



In consequence, computing the exact R2 indicator for two objectives can essentially be achieved with a single pass along the N solutions from Y, as will be described next.

3.3 Computational Complexity
The computational complexity of this approach is determined mostly by the condition that we require Y to contain only nondominated solutions and be sorted by [image: $$y_1$$]. For this, we can first sort an archive of solutions (including dominated points) by [image: $$y_1$$] and pass over this list once, removing any dominated points and duplicates. This takes [image: $$\mathcal O(N \log N)$$] time with standard sorting algorithms.
The computation of the indicator itself is then just a matter of another pass over the sorted list of nondominated points, which requires linear time: All required w and y values can be obtained on the fly based on any given point [image: $$y^{(n)}$$] and its immediate neighbors. To summarize, the computation of the exact R2 indicator on an archive of N points in bi-objective space requires a complexity of [image: $$\mathcal O(N \log N)$$]. This improves upon the [image: $$\mathcal O (N |W|)$$] complexity of the discretized R2 for precise indicator values and large sets of solutions, i.e., large |W| and N values.


4 Properties of the Exact R2 Indicator
In this section, we present some empirical and theoretical results on our proposed exact R2 indicator. We start by demonstrating the approximation behaviour of the discrete R2 in relation to the exact computation described in the previous sections. Then, we will calculate the optimal R2 indicator values for simple front shapes and demonstrate the convergence behaviour of the indicator w.r.t. increasingly large nondominated sets.
We implemented the exact R2 indicator in the statistical software R. For computations of the discrete R2 indicator, we utilize the unary_r2_indicator function from the emoa package [12]. The scripts to reproduce these experimental results are published at https://​github.​com/​schaepermeier/​r2-revisited.[image: ]
Fig. 4.Comparison of the approximated R2 indicator values using |W| weight vectors and the exact R2 indicator value computed by our methodology. Left: The exact value is shown by the dashed line. Right: The corresponding approximation error of the discretized approach. The test set of solutions is given by [image: $$10^5$$] randomly evaluated points on a bi-sphere problem from the bi-objective BBOB [4] with parameters {FID: 1, IID: 1, DIM: 2}.



4.1 Comparison of Discrete and Exact R2 Values
We start by comparing the exact R2 indicator as computed using our method (see Sect. 3) with the discretized version found throughout the literature. As a basis for the comparison, we rely on the nondominated points found by evaluating [image: $$10^5$$] solutions on a bi-sphere problem from the bi-objective BBOB [4]. We evaluated the discretized R2 with uniformly distributed weights, and the number of weights (|W|) ranging from one to one million. The value of the discretized indicator as well as the approximation error are visualized in Fig. 4.
We can see that, in this example, the R2 indicator seems sufficiently well approximated at around [image: $$1,\!000$$] weights. Still, more weights yield a more accurate approximation: Empirically, there seems to be an exponential relationship between the number of weights chosen and the approximation error. This reflects analyses by [5] on the behavior of the discrete R2 with an increasing number of weights, albeit missing the exact R2 values for comparison.

4.2 Exact R2 Indicator Values
For the exact R2 indicator, we can provide the optimal indicator values for simple solution sets and corresponding test functions. This contributes to a better understanding of the R2 indicator values, as a geometric interpretation like with the hypervolume indicator is not possible.
Nadir and Ideal Points. Assuming we have normalized the objective space ((0, 0) being the ideal point and (1, 1) being the nadir point), we can compute the R2 indicator for the worst possible solution within the region of interest [image: $$[0,1] \times [0,1]$$] by inserting the nadir point (1, 1) into the equation. According to the previous results, and with [image: $$w^*=0.5$$] to fulfill [image: $$w^* y_1 = (1 - w^*) y_2$$], we can compute this value as follows:[image: $$\begin{aligned} R2(\{(1,1)\}) &amp;= \frac{1}{2} y_2 (1 - (1 - w^*)^2) + \frac{1}{2} y_1 (1 - (w^*)^2) \\ &amp; = 0.5 \cdot 1 (1 - (1 - 0.5)^2) + 0.5 \cdot 1 (1 - 0.5^2) \\ &amp;= 0.5 \cdot 0.75 + 0.5 \cdot 0.75 \ \mathbf {= 0.75}. \end{aligned}$$]



This result is independent of the particular problem or PF, as it is only dependent on the normalized nadir and ideal points. Analogously, we can derive the R2 value for the ideal point as [image: $$R2(\{(0,0)\}) \ \mathbf {= 0}$$], as all utilities equal zero at the ideal point. For comparison, the HV w.r.t. the nadir point as the reference point is [image: $$HV(\{(1, 1)\}) = 0$$], while the HV of the ideal point is [image: $$HV(\{(0, 0)\}) = 1$$] in this situation.
Linear Front. Let us now consider a linear PF where [image: $$y_2 = 1 - y_1$$] and [image: $$y_1 \in [0,1]$$] with ideal point (0, 0). When computing R2, for each weight vector w, we can find the optimal solution y on the PF, which we can derive as follows:[image: $$\begin{aligned} w_1 y_1 = w_2 y_2 &amp; \Rightarrow w_1 y_1 = (1 - w_1) (1 - y_1) \Leftrightarrow y_1 = 1 - w_1. \end{aligned}$$]



Note that when we use this, it does not matter which of the objectives we consider in the R2 computation, as they will always yield the same utility value. Integrating over the weights for this set [image: $$Y_\texttt {lin}$$], we get:[image: $$\begin{aligned} R2(Y_\texttt {lin}) &amp;= \int _0^1 \min _{y \in Y_\texttt {lin}} \{\max (w y_1, (1 - w) y_2)\} dw \\ &amp;= \int _0^1 w y_1 dw = \int _0^1 w (1 - w) dw = \int _0^1 (w - w^2) dw \\ &amp;= \left[ \frac{1}{2} w^2 - \frac{1}{3} w^3 \right] ^1_0 \\ &amp;= \frac{1}{2} - \frac{1}{3} \ \mathbf {= \frac{1}{6} \approx 0.1667}. \end{aligned}$$]



Based on this result, we can derive that the optimal R2 indicator value for the DTLZ1 problem [7], which possesses a linear PF with ideal point (0, 0) and nadir point (0.5, 0.5), is [image: $$\frac{1}{12} \approx 0.0833$$].
Convex and Concave Fronts.
Additionally, we can derive value ranges for general concave and convex PFs: A concave front [image: $$Y_\texttt {conc}$$] will always achieve worse utility values than a linear function, and a convex front [image: $$Y_\texttt {conv}$$] will always have better utility. Again considering the normalized objective space, a general concave front has an ideal R2 value between the value of the linear front and the nadir point’s value, i.e., [image: $$\frac{1}{6} &lt; R2(Y_\texttt {conc}) &lt; \frac{3}{4}$$]. Analogously, a convex front [image: $$Y_\texttt {conv}$$] will always fall between the R2 values of the ideal point and the linear front, i.e., [image: $$0 &lt; R2(Y_\texttt {conv}) &lt; \frac{1}{6}$$]. All cases are illustrated in Fig. 5. If none of the discussed conditions apply, the ideal R2 indicator value of the normalized objective space may lie anywhere between 0 and 0.75.[image: ]
Fig. 5.Schematic illustration of a concave ([image: $$\frac{3}{4} &lt; R2 &lt; \frac{1}{6}$$]), linear ([image: $$R2 = \frac{1}{6}$$]), and convex ([image: $$0 &lt; R2 &lt; \frac{1}{6}$$]) PF, respectively. The ideal point at the origin is denoted by +, and the gray area indicates the dominated area.



As shown above, exact R2 indicator values can be derived for certain analytical PF shapes. Following the same pattern, that is, resolving [image: $$w_1 y_1 = (1 - w_1) y_2$$] and integrating the utility function, we can compute the exact indicator values also for more complex PF shapes, albeit in a less straightforward manner. We limit ourselves to reporting the results for simple quadratic PF functions, which correspond to the PFs in Fig. 5:	Convex PF with [image: $$y_2 = (1 - \sqrt{y_1})^2$$]: [image: $$\frac{3 \pi - 8}{16} \approx 0.0890$$]

	Concave PF with [image: $$y_2 = \sqrt{1 - y_1^2}$$]: [image: $$\frac{1}{8} \left( 3 \sqrt{2} \sinh ^{-1}{(1)} - 2\right) \approx 0.2174$$]





The result for the convex PF applies, e.g., for the classical bi-sphere problem, while the concave PF corresponds to DTLZ2 [7].
To summarize, we can compute exact R2 indicator values for different simple front shapes and individual points. While these values do not seem to have an intuitive (geometric) interpretation, they are rather given meaning by the expected utility to a decision-maker.


5 Conclusion
In this paper, we introduce a procedure to compute the exact R2 indicator value for a given solution set. In contrast to its widely-known and commonly used discrete counterpart, the exact R2 indicator is not just weakly Pareto-compliant, but a proper Pareto-compliant indicator. This is achieved by foregoing the discretization of the distribution of utility functions usually performed in the calculation of the indicator and taking a continuous, uniform distribution of Tchebycheff utility functions as the basis. Pareto compliance of the R2 indicator with this utility distribution was already described when it was introduced by [10], but missing instructions for its exact calculation. Further, we show how this indicator is implemented efficiently with a running time of [image: $$\mathcal O(N \log N)$$] for bi-objective solution sets of size N. This positions the exact R2 indicator as a promising Pareto-compliant alternative to the hypervolume indicator, especially when a utopian rather than an anti-optimal reference point is naturally available.
We demonstrate the approximation behaviour of the commonly used, discretized R2 indicator in comparison with the exact computation, and provide optimal R2 indicator values for the ideal and nadir points, as well as a linear front in normalized objective space. From this, we derive R2 indicator value ranges for general convex and concave PFs as well.
We expect that the exact R2 indicator offers multiple directions for further theoretical and empirical research. So far, we have only demonstrated how the R2 indicator is computed for bi-objective problems. A natural further research direction pertains to the computation of the indicator for more than two objectives. We do not expect that the R2 indicator will provide a runtime advantage over the hypervolume indicator, however, schemes to approximate it are until now the state-of-the-art in its computation and therefore very accessible compared to HV approximations. We also believe that an incremental variant of the indicator can be designed, which would make it ideal for benchmarking applications, where an indicator should be computed iteratively for the whole archive of solutions.
From a theoretical point of view, we see potential in analyzing the approximation quality of the discretized R2 depending on the number of weights used. This could be particularly interesting for giving quality guarantees for R2 in higher-dimensional objective spaces, where exact indicator computations may become computationally intractable. A deeper theoretically supported analysis of its properties, along the lines of [5], would also be interesting. Further, the effects of different utility functions as well as the integration of (decision-maker) preferences can be examined, as both directions have been studied in detail for the discretized R2 indicator [15]. Finally, connections between the R2 indicator and the integrated preference functional [3, 6], a parallel development of an indicator very similar to R2 in the operations research community, should be further investigated, and could yield improvements in understanding the R2 indicator’s properties and computation.
Differences and similarities in the preferred distributions between the exact R2 indicator and the hypervolume indicator when applying them in a benchmarking context could present a promising research direction. Likewise, integrating the exact R2 in optimization heuristics, similar to R2-EMOA [14], may be the subject of future studies.
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Abstract

The Influence Maximization (IM) problem is a well-known NP-hard combinatorial problem over graphs whose goal is to find the seed set of nodes in a network that spreads influence at most. Among the various methods for solving the IM problem, evolutionary algorithms (EAs) have been shown to be particularly effective. While the literature on the topic is particularly ample, only a few attempts have been made at solving the IM problem over higher-order networks, namely extensions of standard graphs that can capture interactions that involve more than two nodes. Hypergraphs are a valuable tool for modeling complex interaction networks in various domains; however, they require rethinking of several graph-based problems, including IM. In this work, we propose a multi-objective EA for the IM problem over hypergraphs, aiming at minimizing the seed set size while maximizing influence. Smart initialization and hypergraph-aware mutation operators are utilized to facilitate algorithm convergence. While the existing methods rely on greedy or heuristic methods, to our best knowledge this is the first attempt at applying EAs to this problem. Our results over nine real-world datasets and three propagation models, compared with five baseline algorithms, reveal that our method achieves in most cases state-of-the-art results in terms of hypervolume and solution diversity.
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1 Introduction
Networks provide a valuable framework to model and analyze systems of interacting unities. Networks are typically represented as a graph, namely, a collection of nodes (the units of the system) connected via edges (the interactions between those units). Given their flexibility, networks have found applications in several domains, from the study of human behavior and cellular interactions to the assessment of the resilience and efficiency of technological systems [12]. However, conventional graph models may fail at capturing the full complexity and heterogeneity characterizing real-world networks. In fact, while empirical interactions can be described by many complex features (e.g., direction, weight, temporality, etc.), standard graphs usually associate only one feature with each edge. Moreover, graphs can only encode pairwise interactions, oversimplifying systems characterized by higher-order interactions, i.e., group interactions among three or more units [7, 8]. Examples of such systems are scientific collaborations [52], people’s face-to-face encounters [18], and the brain [54]. In order to model such higher-order interactions, hypergraphs [11], rather than standard graphs, are needed. Hypergraphs are a generalization of graphs in which interactions are encoded into sets of arbitrary size, i.e., the hyperedges.
At the interplay between network structure and dynamics, a popular problem over graphs is the so-called Influence Maximization (IM). In this problem, the aim is to select a set of nodes from which the influence can be spread at most over the network [36]. Solving this problem exactly has been proven to be NP-hard. IM has been mainly studied in single-objective formulation, i.e., given a predefined number of nodes to be picked as starting seeds, the only objective is to maximize the spread (i.e., the number of influenced nodes). On the other hand, recent works [14, 25] deviated from this formulation, showing that setting the seed set size cardinality a priori inherently restricts the solution space explored by the optimization process, therefore proposing multi-objective settings in which the seed size has to be minimized while maximizing influence propagation.
IM has been extensively studied in the context of standard graphs, yet, its application to higher-order networks is still limited. In hypergraphs, influence can spread through groups, impacting multiple units simultaneously and leading to non-linear behaviors. Hence, dynamical processes on hypergraphs are a more accurate model for many complex real-world dynamics, such as social influence in groups of friends, that are oversimplified by graph representations [5, 8]. However, the expressive power of hypergraphs comes at the cost of having to generalize traditional graph problems and algorithms to the higher-order case. In this direction, solving the IM problem in hypergraphs would allow the analysis of data that inherently represent a hypergraph (e.g., scientific collaborations), for which propagation models are directly defined as higher-order, and that cannot be run on top of standard graphs. Moreover, IM on hypergraphs would also allow for better modeling systems previously studied with graph approximation of higher-order dynamics, aiming for better identification of influential nodes.
In this work, we propose a Higher-Order Network Multi-Objective Evolutionary Algorithm (in short, hn-moea), the first algorithm that employs Evolutionary Computation to solve the IM problem over higher-order networks. We also increase the problem complexity by designing a bi-objective formulation where the influence spread (to maximize) and the number of nodes in the starting seed set (to minimize) are jointly optimized. We design our method by adapting, for higher-order networks, a state-of-the-art Evolutionary Algorithm (EA) for IM [15, 24], also including IM-specific techniques such as smart initialization [37] and graph-aware mutations [24] to further boost the evolutionary process. We compare hn-moea w.r.t. the most recent baselines for IM on higher-order networks over three different propagation models, showing how our proposed method always shows comparable or better performance both in terms of hypervolume and solution diversity. In summary:	We propose hn-moea, a multi-objective EA designed to solve the IM problem over higher-order networks;

	We adapt smart initialization and hypergraph-aware mutations usually designed for standard graphs to be hypergraph-dependent;

	We test our approach w.r.t. to two standard (i.e., non-hypergraph-specific) baseline methods as well as three recent IM algorithms specifically designed for higher-order networks, over three propagation models;

	We show how our approach not only provides, in general, higher hypervolumes, but also finds sets of non-dominated solutions that are inherently more diverse than those found by the compared methods.






2 Background
Recently, there has been a growing interest in characterizing hypergraphs, from micro-scale patterns [39, 46, 47], to core-periphery organization [60], community structure [21, 48, 56], backboning [49], and centrality measures [9]. This is mainly motivated by the fact that hypergraphs can encode, without losing information, systems that display higher-order interactions, thus providing new insights into those systems’ behavior. Formally, a hypergraph is an ordered pair H(V, E), where [image: $$V=\{v_1,\ldots ,v_n\}$$] is the set of nodes and [image: $$E=\{e_1,\ldots ,e_m\}$$] is the set of hyperedges. Each hyperedge [image: $$e \in E$$] is a set of nodes with a cardinality of at least 2, i.e., [image: $$e \subseteq V$$] and [image: $$|e| \ge 2$$]. For any given node [image: $$v\in V$$], the set [image: $$E(v) \in E$$] refers to the collection of hyperedges containing v. Additionally, a node u belongs to the set of neighbors [image: $$\mathcal {N}(v)$$] of a node v if there exists at least one [image: $$e \in E$$] such that e contains both v and u ([image: $$E(v) \cap E(u) \ne \emptyset $$]). The degree d of a node v corresponds to the cardinality of its set of neighbors, expressed as [image: $$d(v)=|\mathcal {N}(v)|$$]. Whereas, the hyperdegree [image: $$d^H$$] of a node v is the number of hyperedges to which v belongs.
2.1 Propagation Models
Higher-order interactions in complex systems can significantly alter propagation dynamics [7, 8]. Therefore, understanding how higher-order interactions affect different dynamical processes (e.g., contagion [20, 34] or synchronization [29]) previously studied in the traditional graph setting is attracting interest. In this work, our focus is on influence propagation.
In standard graphs, influence propagation is typically modeled as an iterative process in which, given a graph (V, E), at each iteration (timestep t), each node in V can be either active (i.e., it has been influenced) or inactive. The influence spread starts at [image: $$t_0$$] from a set of seed nodes [image: $$S \subseteq V$$], which are all active, while all the other nodes in the graph are not. Then, at each timestep, each of the active nodes can influence one or more of its neighbors, according to different logics (e.g., based on a certain probability) that depend on the given propagation model. It is typically assumed that, once a node becomes active, it cannot become inactive anymore. Hence, the set of active nodes in V increases monotonously over the timesteps, until the spreading process ends.
This general propagation process applies also to the case of hypergraphs of the form H(V, E): what changes, is only the propagation model under which such process occurs. However, while propagation models devised for standard graphs are well-established, the literature on propagation models in higher-order networks is still limited. Developing propagation models tailored for hypergraphs that account for the complexity of hyperedges is nevertheless crucial for understanding and predicting influence propagation in diverse real-world scenarios that would be oversimplified with a traditional network representation and lower-order dynamics [7, 8].
In our experiments, we consider three different propagation models, namely the Weighted Cascade (WC) [36], a model commonly adopted in the case of standard graphs and generalized to the higher-order domain in [69], as well as two recently-introduced hypergraph-specific models, referred to as Susceptible-Infected Contact Process (SICP) [63] and Linear Threshold (LT) [67].

[image: ] Weighted Cascade (WC). At each timestep [image: $$t \ge 1$$], each node n active at time [image: $$t-1$$] may activate some of its inactive neighbors m with non-uniform probability inversely proportional to the number of neighbors of m, i.e., the probability of [image: $$a \rightarrow b$$] is given by [image: $$\frac{1}{d(b)}$$].

[image: ] Susceptible-Infected Contact Process (SICP). At each timestep t, for each active node n, we consider all the hyperedges [image: $$E_i=\{e_{i1}, e_{i2}, \ldots e_{iq}\}$$] in which node n participates. At this point, a hyperedge e is sampled from [image: $$E_i$$] uniformly at random. Then, each of the inactive nodes in e is influenced by node n with probability p, i.e., the probability of [image: $$a \rightarrow b$$] is given by p.

[image: ] Linear Threshold (LT). Let us consider a hyperedge e with A be the set of nodes in active state. In this scenario, a hyperedge e becomes activated if the fraction of activated nodes [image: $$\frac{|A|}{|e|}$$] is greater than or equal to the configured threshold value [image: $$\theta \in (0,1)$$]. Upon activation of e, all nodes v belonging to e also transition to an active state in the subsequent step of the propagation process. For instance, let [image: $$e_i=\{v_{i1}, v_{i2}, v_{i3}, v_{i4}\}$$] denote a hyperedge comprising four nodes. Suppose that, at time t, the set [image: $$A_t$$] includes [image: $$v_{i1}, v_{i3}$$]. Then, at time [image: $$t+1$$], if the fraction of active nodes in [image: $$e_i$$] exceeds [image: $$\theta $$], [image: $$e_i$$] will be activated. Consequently, all currently inactive vertices of [image: $$e_i$$], namely [image: $$v_{i2}$$] and [image: $$v_{i4}$$], will also become active.
We illustrate the considered propagation models in Fig. 1. In all these models, the propagation of influence terminates either upon reaching convergence, indicated by no further nodes being activated in the last timestep, or upon reaching a specified maximum number of timesteps [image: $$\tau $$] (maximum number of hops). Due to the stochasticity that characterizes the WC and SICP propagation models, the influence propagation is computed through multiple Monte Carlo simulations. On the other hand, the LT model has been designed to provide a deterministic execution [67], without requiring multiple simulations.[image: ]
Fig. 1.Graphical representation of the WC, SICP, and LT models. Each colored polygon indicates a hyperedge. The first row represents the hypergraph at time [image: $$t_0$$], where only the nodes of the seed set (
[image: ]) are activated. The second row shows the nodes that are activated at timestep [image: $$t_1$$] (
[image: ]), while the bottom row depicts the nodes that are activated at timestep [image: $$t_2$$] (
[image: ]). The second column displays the hyperedges that SICP randomly selects to spread the influence (
[image: ]). The third column highlights the activation of hyperedges based on the LT propagation model, assuming a threshold value of 0.5 (
[image: ]). (Color figure online)




2.2 Influence Maximization Problem
Given a seed set S, its influence, denoted as [image: $$\sigma (S)$$], is the (expected, in the case of stochastic propagation models) size of the set of active nodes at the end of the influence propagation process. Introduced in [27] and further formalized as a combinatorial optimization problem in [36], the IM problem aims to identify the seed set of nodes S in the network that maximizes the number of influenced nodes, i.e., [image: $$S = argmax_S\{\sigma (S)\}$$]. In the traditional formulation, the number of nodes |S| in the seed set is predefined. As detailed in Sect. 4, in this work we highlight the importance of including |S| as an additional objective of the optimization problem, to direct the search towards valuable trade-offs between effort (number of seed nodes) and effect (final influence over the whole network). Of note, such bi-objective formulation also leads to higher solution diversity among different seed set sizes, as we will demonstrate in the Results section.


3 Related Work
The existing literature on IM is mainly focused on standard graphs [32, 43, 50, 55]. Over the years, researchers have explored various algorithms to address this problem [6, 41, 42, 53]. Among the proposed solutions, EAs and other forms of metaheuristics [23, 28, 38, 44, 59, 66] have demonstrated remarkable effectiveness in tackling this kind of combinatorial optimization problem [1]. For instance, [31] proposed the local influence estimation (LIE) function, which considers the influence within the 2-hop neighborhood of seed nodes, and optimized it using the Discrete Particle Swarm Optimization (DPSO) algorithm. In [35], the authors introduced the expected diffusion value (EDV) evaluation function and utilized Simulated Annealing (SA) to identify the most influential nodes. Other works have showcased the efficacy of single-objective [13] and multi-objective EAs [14, 15] in outperforming alternative approaches both in terms of quality and execution times [25]. Lastly, [24] proposed a many-objective formulation aimed at maximizing the influence spread while minimizing the size of the seed set, along with other objectives such as the propagation time, the influence fairness, or the cost of propagation.
While the IM problem has been extensively studied in the context of lower-order interactions, IM in the higher-order case remains relatively unexplored. In principle, the IM problem in higher-order networks can be solved by applying existing IM algorithms designed for standard graphs on the hypergraph’s clique-expanded graph, i.e., a graph representation in which edges connect vertices that are part of the same hyperedge in the original hypergraph. Although executing an IM algorithm on clique-expanded graphs is a viable strategy for identifying influential sources, it is important to recognize that this process inevitably sacrifices several crucial topological features of the original hypergraph data structure [62]. In more depth, in a higher-order network, multiple interactions could potentially be shared by two neighboring nodes. On the other hand, in its low-order graph counterpart, each pair of nodes can only have one pairwise interaction. This distinction significantly impacts the spread of the influence across the network [8]. Moreover, the insofar proposed propagation models for hypergraphs are specifically tailored for higher-order networks, and may not perform well when applied to networks with only dyadic interactions.
Given that IM is NP-hard also on higher-order networks [69], existing works rely on greedy [5, 61, 68] or heuristic strategies [64, 67] to explore the search space within reasonable computational time. Overall, these methods evaluate the suitability of each node as a source of influence spread by assigning it a score, and incrementally add nodes with the highest marginal benefit to the seed set. These techniques have effectively addressed the IM problem across various real-world higher-order network datasets. However, as we will show in our experiments, they are characterized by limited exploration capabilities and resulting solution diversity. In contrast to standard graphs, no prior work has yet explored the resolution of the IM problem in hypergraphs using EAs, which instead can provide better exploration and diversity.

4 Methodology
In agreement with the methodology originally suggested in [14], our formulation of the IM problem does not enforce any a priori constraint on the cardinality of the seed set. Instead, the multi-objective formulation in this study aims to maximize the influence spread while minimizing the size of the seed set |S|. Following this methodology, given an input hypergraph H(V, E), the genotype of an individual x generated throughout the evolutionary process encodes a set of nodes [image: $$S \subseteq V$$] of variable size in [image: $$\{1, 2, \dots , k\}$$], representing the seeds of influence in the network. Each node is indicated by its id, i.e., an integer in [image: $$\{0,1, \dots ,|V|-1\}$$]. The fitness of a candidate solution x is a tuple containing: (i) the influence [image: $$\sigma (x)$$] of the seed set, calculated as described in Sect. 2.2, to be maximized [image: $$\uparrow $$]; (ii) the size k of the seed set S, to be minimized [image: $$\downarrow $$]. Both values are normalized w.r.t. the network size, to allow comparisons between networks of different sizes.
The multi-objective EA of choice in this work is NSGA-II [26], which has been proven to be successful on the IM problem in standard graphs, outperforming in most cases the alternative heuristics [25]. Moreover, this method can be easily extended to incorporate additional objective functions into the optimization process, as shown in [24]. We also use the smart initialization strategies proposed in [19, 24, 37], aiming at accelerating algorithm execution and guiding population convergence towards prominent regions of the solution space. In line with the strategy adopted in [14, 15, 25], parent solutions are selected with fixed-size tournament and elitism. The offspring solutions are generated by standard one-point crossover, while for mutation we took inspiration from the graph-based mutation presented in [24, 37]. For individual replacement, we rely on the standard NSGA-II replacement mechanism consisting of non-dominated sorting followed by crowding distance preference.
Smart Initialization. Generating an initial population situated within prominent regions of the solution space is a practice commonly adopted in Evolutionary Computation [16, 17, 33] in order to facilitate convergence towards profitable fitness landscape regions. This approach has been proven to be effective also on the IM problem over standard graphs [24, 37]. Hence, we decided to adopt the same approach also on the hypergraphs handled in this paper. The rationale behind this approach is rooted in the observation that nodes characterized by high centrality are likely to be effective sources of influence spread.
Our smart initialization over higher-order networks works as follows: initially, given a hypergraph H(V, E), we sort the nodes in the set V based on their degree. Subsequently, we select the top [image: $$\lambda $$] percentage of nodes with the highest degree, hence obtaining a filtered set of nodes [image: $$\bar{V}$$] (with [image: $$\lambda $$] being a hyperparameter). Half of the initial population consists of a set of nodes sampled from the filtered set [image: $$\bar{V}$$], with probabilities proportional to their degrees. In order to favor diversity in the population, the other half comprises seed sets of nodes chosen uniformly at random from the entire node set V. To further promote diversity, each individual’s genotype in the initial population is initialized with a randomly selected number of nodes, ranging from [image: $$k_{\text {min}}$$] to [image: $$k_{\text {max}}$$] (both are hyperparameters).
Hypergraph-Aware Mutation. While the use of random mutation and one-point crossover leads to remarkable performance on the IM problem [15, 25], introducing hypergraph-aware mutation operators can guide the evolutionary process towards even better results [24, 37]. Hence, we rely on a combination of stochastic and hypergraph-aware mutation operators with complementary effects, in order to strike a balance between exploration and exploitation (as found in preliminary experiments not reported for brevity). Each individual is mutated according to one of the two mutation operators, selected uniformly at random.

[image: ] Stochastic mutation. Given an individual x (i.e., a seed set), with a genotype consisting of l genes, this mutation performs either: (1) node replacement, which generates a new individual [image: $$x'$$] by randomly replacing one of the genes of x with a node [image: $$n \notin x$$]; (2) node insertion, which generates a new individual [image: $$x'$$] with [image: $$l+1$$] genes by adding to x a new node [image: $$n \notin x$$]; or (3) node removal, which generates a new individual [image: $$x'$$] with [image: $$l-1$$] genes, by randomly removing from x a node [image: $$n \in x$$]. The three strategies are chosen at random with uniform probability.

[image: ] Hypergraph-aware mutation. This mutation leverages the intrinsic characteristics of nodes. In this case, we only consider node replacement. Given again an individual x of size l, first, we select the gene to be replaced with a probability inversely proportional to its corresponding node degree. Then, we choose (with equal probability) the new node [image: $$n \notin x$$] either from the entire collection of nodes V, or from the neighbors of the gene selected for replacement. In both cases, the new node is chosen with probability proportional to its degree.

5 Experimental Setup
In this section, we provide an overview of the experimental design employed to evaluate the efficacy of hn-moea, as well as the tested baselines.
Computational Setup. We performed our experiments on two Ubuntu 20.04 workstations, respectively with a 28-core Intel i9-7940X CPU @ 3.10 GHz and 64 GB RAM, and a 36-core Intel i9-10980XE CPU @ 3.00 GHz and 128 GB RAM. The total execution time of our experiments was in the order of (approximately) 400 CPU core hours. The code implementing our methods is completely written in Python and is made publicly available1. Furthermore, it has been integrated into the Hypergraphx library [45].
Datasets. In order to evaluate the effectiveness of our proposed method, and to allow for a direct comparison with other methods for IM on hypergraphs, we performed an experimental analysis on nine publicly available real-world higher-order networks2 used in related works. The selected datasets represent empirical hypergraphs from three heterogeneous domain categories spanning social networks, online reviews, and email communication. These datasets cover a wide range of different topological properties, i.e., number of nodes, number of hyperedges, and density. Each dataset has been properly pre-processed to remove duplicated hyperedges, duplicated nodes within the same higher-order interaction, and relations populated by less than two entities. Summary statistics of the datasets, after pre-processing, are available in Table 1.Table 1.Datasets tested in our experimental setup, divided by category: social (Algebra, Geometry, MAG-10), online reviews (Restaurant, Music, Bars), and email communication (Email-eu, Email-enron, Email-w3c).


	Dataset
	Nodes
	Hyperedges
	Hyperdegree
	Degree
	Source

	Avg.
	Std.
	Max.
	Avg.
	Std.
	Max.

	Algebra
	423
	980
	17.52
	29.93
	328
	78.89
	68.38
	303
	 [4]

	Geometry
	580
	888
	19.90
	32.69
	227
	164.79
	121.62
	474
	 [4]

	MAG-10
	80198
	51889
	2.25
	4.56
	187
	5.91
	9.19
	335
	 [3, 58]

	Restaurant
	565
	594
	8.11
	7.17
	59
	79.75
	59.82
	310
	 [4]

	Music
	1106
	686
	9.47
	10.72
	127
	167.87
	107.92
	865
	 [51]

	Bars
	1234
	1188
	9.60
	7.36
	146
	174.30
	145.02
	818
	 [4]

	Email-eu
	1000
	78919
	259.12
	340.84
	2386
	280.44
	217.53
	755
	 [10, 40, 65]

	Email-enron
	4423
	5734
	6.80
	32.05
	1139
	25.34
	43.96
	934
	 [10]

	Email-w3c
	14317
	19821
	3.07
	23.90
	958
	4.06
	23.98
	959
	 [2, 22]





Baselines. We compare our proposed hn-moea with five other algorithms for IM in higher-order networks. It is important to remark that: (1) no other multi-objective approaches exist for this problem, and (2) the only existing baselines are inherently single-objective and, by construction, cannot be turned into multi-objective. Among our baselines, two are non-hypergraph-specific (random and high-degree), while the other three (hdd, hci-1, and hci-2) are specific for hypergraphs. Furthermore, four of the compared methods are deterministic (high-degree, hdd, hci-1, and hci-2) while random is stochastic. In the following, we consider a hypergraph H(V, E) and a maximum seed set size [image: $$k_{\text {max}}$$].
The random algorithm simply generates [image: $$k_{\text {max}}$$] seed sets, with sizes ranging from [image: $$k_{\text {min}}$$] to [image: $$k_{\text {max}}$$], by iteratively adding a node randomly sampled from V.
In the high-degree approach [63], nodes in V are sorted according to their degree. The output Pareto Front (i.e., the set of non-dominated solutions) comprises candidate seed sets [image: $$S_1, \ldots , S_{k_{\text {max}}}$$] of increasing sizes from [image: $$k_{\text {min}}$$] to [image: $$k_{\text {max}}$$]. For each set size i, the top [image: $$k_i$$] nodes with the highest degree are selected ([image: $$S_i = argmax_{S' \subseteq V, |S'|=k_i}\sum _{v \in S'}d(v)$$]).
Along with these two non-hypergraph-specific baselines, we include in our experiments three of the most recent IM algorithms for hypergraphs proposed in the literature. Specifically, we consider hdd, proposed in [63], as well as the hci-1 and hci-2 algorithms introduced in [67]. As said, all these methods are meant for single-objective optimization. Hence, to compare them with hn-moea we executed them for every value of seed set size k within the interval [image: $$[k_{\text {min}}, k_{\text {max}}]$$].
Hyperparameter Setting. To strike a balance between computational efficiency and accurately capturing the influence spread dynamics, we set the maximum number of hops within which influence is propagated to [image: $$\tau =5$$] as in [24, 30], which reflects a fair compromise between the commonly adopted 2-hop approximation and an unbounded spread process (i.e., [image: $$\tau =\infty $$]).
To limit the hyperparameter dependency for the SICP model, rather than relying on a constant value for the probability p, we sample p at each timestep uniformly at random within [0.005, 0.02] (values commonly used in [63]). Regarding the LT propagation model, the spread of influence is extremely sensitive to the threshold [image: $$\theta $$] and it is not feasible to identify a value for this parameter that is suitable for every dataset. Therefore, we opted for a different threshold for each network. Specifically, we adopted the values utilized in [67]: [image: $$\theta =0.8$$] for Algebra and Geometry, [image: $$\theta =0.5$$] for MAG-10, [image: $$\theta =0.6$$] for Music and Bars. For the remaining datasets, we employed the approach outlined in [67], wherein the parameter [image: $$\theta $$] is tailored to the specific characteristics of each dataset. Following this strategy, through empirical investigation, we determined [image: $$\theta =0.7$$] for Restaurant and Email-enron, [image: $$\theta =0.6$$] for Email-w3c, and [image: $$\theta =0.8$$] for Email-eu.
Concerning the EA parameters, as proposed in [15, 24] we set the minimum and the maximum seed set size of an individual to [image: $$k_{\text {min}}=1$$] and [image: $$k_{\text {max}}=100$$] respectively. The parameter [image: $$\lambda $$] used in our smart initialization strategy has been set to [image: $$\lambda =30\%$$]. For all the experiments, the evolutionary hyperparameters have been kept fixed, setting the population size to 100, number of offspring to 100, number of elites to 2, tournament size to 5, and generations to 100 (as in [24]). When evaluating the fitness of the hn-moea solutions w.r.t. WC and SICP, we conduct 100 Monte Carlo simulations of the propagation model, while the LT model [67] being deterministic does not require multiple evaluations. To deal with the inherent stochasticity of hn-moea and the random baseline, the results presented below for these two algorithms have been aggregated from 5 independent runs, providing a more robust and reliable assessment of outcomes. Conversely, due to their deterministic nature, the results for the other baselines (high-degree, hdd, hci-1, hci-2) are based on a single execution.
The hyperparameters of the hci-1 and hci-2 algorithms [67] have been carefully fine-tuned. Indeed, due to the specific characteristics of hci-1 and hci-2, the selection of certain parameters significantly impacts their ability to identify seed sets for different values of k within the range of interest, namely [1, 100]. In more depth, we adjusted the hyperedge threshold parameter in their source code to 0.85, which ensures fair results across all datasets analyzed in our study.

6 Results
We analyze the performance of hn-moea w.r.t. the compared algorithms for IM both in terms of hypervolume and solution diversity.
Performance in Terms of Hypervolume. We compare our proposed approach and the baselines both qualitatively and quantitatively. Figure 2 displays a qualitative representation of the performance attained by the evaluated IM algorithms on two selected datasets, considering all three influence propagation models examined in this study. Remarkably, in most cases the Pareto Fronts generated by hn-moea demonstrate superior performance compared to the solutions obtained by other algorithms, achieving more favorable trade-offs between seed set size and percentage of influenced nodes. However, in consonance with the observations from [14], for some datasets, NSGA-II struggles in populating the Pareto Front for solutions with node counts approaching the upper bound of the seed set size. This might be due to the fact that, while for larger k there exist less possible combinations, finding them becomes harder.[image: ]
Fig. 2.Results obtained by the compared IM algorithms on the Email-w3c and Bars datasets, using WC, SICP, and LT as influence propagation models.



Table 2 provides a quantitative comparison of the algorithmic solutions by computing the hypervolume [57] (i.e., the area under the curve of the Pareto Front found by the various methods on each dataset and propagation model). Here, it can be seen that hn-moea excels particularly within propagation models tailored for the higher-order domain (SICP and LT), often outperforming competitors by a significant margin. On the other hand, in the case of a propagation model initially intended for standard graphs (WC), our algorithm’s performance does not exhibit a notable enhancement compared to the evaluated baselines. Nevertheless, in these instances, the quality of the solutions proposed by our method aligns closely with that of other algorithms. These observations hold considerable importance in practical applications, as real-world scenarios often encompass diverse influence propagation patterns. Consequently, it is essential to develop algorithmic solutions capable of producing valuable outcomes across a wide range of propagation models. Furthermore, hn-moea demonstrates remarkable versatility not only with respect to the propagation model but also across the diverse datasets analyzed in this work, being able to effectively converge towards profitable solutions regardless of the peculiarities inherent to the different network domains. However, it is worth noting that its performance on the MAG-10 dataset is slightly less satisfactory. This can be attributed to the large number of nodes and hyperedges present in this dataset, resulting in a significantly expanded solution space. Using more generations or larger population sizes could potentially yield better outcomes.Table 2.Hypervolumes achieved by the compared algorithms. Results for random and hn-moea are cross 5 independent runs (mean ± std. dev.). The boldface indicates the highest hypervolume per dataset and propagation model. We highlight the cases where our method achieves the highest hypervolume.


[image: ]



Performance in Terms of Solution Diversity. As introduced before, the bi-formulation of IM problem leads to avoiding having an incremental Pareto Front (as usual in single-objective formulation), providing more diversity in the solution seed sets of the final Pareto Front. Hence, we further enhance our analysis by comparing the characteristics of the nodes comprising the seed sets proposed by the IM algorithms under investigation. In this regard, Fig. 3 highlights the topological diversity in terms of the degree distribution of the nodes included in solutions found by each algorithm on three selected datasets (one per category). In the case of hn-moea, we report the results for each of the three propagation models, while for the baselines the results do not depend on the propagation model as the seed set is built only based on the properties of the hypergraph. Upon examining the figure, we notice that hn-moea incorporates nodes spanning a wide spectrum of degree values, which suggests that the EA benefits from the ability to explore the solution space without rigid adherence to specific greedy properties, as done in some of the compared heuristics. This usually leads to better results, although the effectiveness of node properties can vary depending on the peculiarities of the network at hand. In this regard, a node metric that works well as an indicator of a promising influence source in one dataset or region of a hypergraph may perform poorly in other contexts. For instance, high centrality does not invariably denote optimal influence propagation sources. As an example, bridge nodes linking distinct communities might have few neighbors, yet they are crucial for propagating influence.[image: ]
Fig. 3.Violin plot w.r.t the Pareto Front of hn-moea and baselines. The dotted red lines correspond to the avg. degree of the hypergraph. Red lines inside the violin plots correspond to the avg. degree of the solutions in the Pareto Front. (Color figure online)



In addition, Table 3 reports the population diversity and node diversity within the solutions in the Pareto Front found by each algorithm. Note again that the solutions obtained by the baselines do not depend on the propagation model and as such they are all characterized by the same diversity. Hence, a single value is sufficient to represent all the baselines.
Population diversity refers to the extent to which individuals in the Pareto Front exhibit distinct genotypes. In our context, achieving a high level of population diversity relates to having minimal overlap between the seed sets of different individuals. Given a Pareto Front [image: $$\mathcal {P}$$], where each individual [image: $$x_i \in \mathcal {P}$$] is a seed set [image: $$x_i=\{v_1, v_2, \ldots , v_{|x|}\}$$], the population diversity [image: $$D: \mathcal {P} \rightarrow \mathcal {R}$$] is computed as:[image: $$\begin{aligned} D(\mathcal {P})=1-\frac{1}{|\mathcal {P}|(|\mathcal {P}|-1)} \sum _{x_i \in \mathcal {P}} \sum _{x_j \in \mathcal {P}, i \ne j} \frac{|x_i \cap x_j|}{|x_i|}. \end{aligned}$$]

 (1)


Node diversity, instead, measures the percentage of unique nodes within the seed sets in the Pareto Front. A high node diversity indicates that the Pareto Front does not comprise nodes confined to a few regions of the network; rather, the proposed solutions represent a wide array of possible spread sources from various hypergraph locations. The node diversity [image: $$ND: \mathcal {P} \rightarrow \mathcal {R}$$] is calculated as:[image: $$\begin{aligned} ND(\mathcal {P})=\frac{\left| \bigcup _{x_i \in \mathcal {P}}x_i\right| }{\sum _{x_i \in \mathcal {P}} |x_i|} \end{aligned}$$]

 (2)


As shown in the table, the inherent superior ability of hn-moea to effectively explore the complex search space leads to a Pareto Front that not only encompasses nodes with heterogeneous topological features but also demonstrates higher population and node diversity compared to the solutions obtained by algorithms that construct seed sets by iteratively adding nodes.Table 3.Population and node diversity achieved by the compared algorithms. Algorithms that incrementally construct seed sets by adding nodes to maximize a specific objective function inherently generate Pareto Fronts that exhibit the same values of node and population diversity. The boldface indicates the highest population and node diversity per dataset and propagation model.


	Dataset
	Diversity
	hn-moea- LT
	hn-moea- WC
	hn-moea- SICP
	Baselines

	Algebra
	Population
	[image: $$\mathbf {5.10\textrm{e}{-01} \pm 4.00\textrm{e}{-02}}$$]
	[image: $$3.43\textrm{e}{-01} \pm 9.59\textrm{e}{-03}$$]
	[image: $$3.89\textrm{e}{-01} \pm 5.06\textrm{e}{-03}$$]
	[image: $$2.50\textrm{e}{-01}$$]

	Node
	[image: $$\mathbf {9.30\textrm{e}{-02} \pm 2.66\textrm{e}{-03}}$$]
	[image: $$4.39\textrm{e}{-02} \pm 1.39\textrm{e}{-03}$$]
	[image: $$4.79\textrm{e}{-02} \pm 1.08\textrm{e}{-03}$$]
	[image: $$2.00\textrm{e}{-02}$$]

	Geometry
	Population
	[image: $$\mathbf {5.54\textrm{e}{-01} \pm 3.50\textrm{e}{-02}}$$]
	[image: $$3.74\textrm{e}{-01} \pm 9.62\textrm{e}{-03}$$]
	[image: $$3.68\textrm{e}{-01} \pm 1.10\textrm{e}{-02}$$]
	[image: $$2.50\textrm{e}{-01}$$]

	Node
	[image: $$\mathbf {9.78\textrm{e}{-02} \pm 1.60\textrm{e}{-02}}$$]
	[image: $$4.71\textrm{e}{-02} \pm 3.13\textrm{e}{-03}$$]
	[image: $$5.59\textrm{e}{-02} \pm 4.78\textrm{e}{-03}$$]
	[image: $$2.00\textrm{e}{-02}$$]

	MAG-10
	Population
	[image: $$3.50\textrm{e}{-01} \pm 2.45\textrm{e}{-02}$$]
	[image: $$3.36\textrm{e}{-01} \pm 1.64\textrm{e}{-02}$$]
	[image: $$\mathbf {3.99\textrm{e}{-01} \pm 5.23\textrm{e}{-03}}$$]
	[image: $$2.50\textrm{e}{-01}$$]

	Node
	[image: $$\mathbf {9.41\textrm{e}{-02} \pm 7.18\textrm{e}{-03}}$$]
	[image: $$7.99\textrm{e}{-02} \pm 4.81\textrm{e}{-03}$$]
	[image: $$5.80\textrm{e}{-02} \pm 6.23\textrm{e}{-03}$$]
	[image: $$2.00\textrm{e}{-02}$$]

	Restaurant
	Population
	[image: $$\mathbf {5.16\textrm{e}{-01} \pm 3.71\textrm{e}{-02}}$$]
	[image: $$3.48\textrm{e}{-01} \pm 2.53\textrm{e}{-03}$$]
	[image: $$4.43\textrm{e}{-01} \pm 1.85\textrm{e}{-02}$$]
	[image: $$2.50\textrm{e}{-01}$$]

	Node
	[image: $$\mathbf {9.11\textrm{e}{-02} \pm 7.34\textrm{e}{-03}}$$]
	[image: $$5.40\textrm{e}{-02} \pm 3.86\textrm{e}{-03}$$]
	[image: $$4.77\textrm{e}{-02} \pm 3.33\textrm{e}{-03}$$]
	[image: $$2.00\textrm{e}{-02}$$]

	Music
	Population
	[image: $$\mathbf {5.79\textrm{e}{-01} \pm 3.93\textrm{e}{-02}}$$]
	[image: $$3.61\textrm{e}{-01} \pm 5.58\textrm{e}{-03}$$]
	[image: $$4.52\textrm{e}{-01} \pm 3.87\textrm{e}{-02}$$]
	[image: $$2.50\textrm{e}{-01}$$]

	Node
	[image: $$\mathbf {1.47\textrm{e}{-01} \pm 1.90\textrm{e}{-02}}$$]
	[image: $$5.61\textrm{e}{-02} \pm 4.44\textrm{e}{-03}$$]
	[image: $$5.04\textrm{e}{-02} \pm 4.56\textrm{e}{-03}$$]
	[image: $$2.00\textrm{e}{-02}$$]

	Bars
	Population
	[image: $$\mathbf {5.66\textrm{e}{-01} \pm 2.80\textrm{e}{-02}}$$]
	[image: $$3.85\textrm{e}{-01} \pm 1.42\textrm{e}{-02}$$]
	[image: $$5.20\textrm{e}{-01} \pm 1.70\textrm{e}{-02}$$]
	[image: $$2.50\textrm{e}{-01}$$]

	Node
	[image: $$\mathbf {1.61\textrm{e}{-01} \pm 4.58\textrm{e}{-02}}$$]
	[image: $$6.90\textrm{e}{-02} \pm 2.84\textrm{e}{-03}$$]
	[image: $$6.02\textrm{e}{-02} \pm 4.83\textrm{e}{-03}$$]
	[image: $$2.00\textrm{e}{-02}$$]

	Email-eu
	Population
	[image: $$\mathbf {6.32\textrm{e}{-01} \pm 6.14\textrm{e}{-02}}$$]
	[image: $$4.41\textrm{e}{-01} \pm 1.36\textrm{e}{-02}$$]
	[image: $$4.75\textrm{e}{-01} \pm 1.63\textrm{e}{-02}$$]
	[image: $$2.50\textrm{e}{-01}$$]

	Node
	[image: $$\mathbf {2.58\textrm{e}{-01} \pm 3.60\textrm{e}{-02}}$$]
	[image: $$5.21\textrm{e}{-02} \pm 3.13\textrm{e}{-03}$$]
	[image: $$5.89\textrm{e}{-02} \pm 4.36\textrm{e}{-03}$$]
	[image: $$2.00\textrm{e}{-02}$$]

	Email-enron
	Population
	[image: $$\mathbf {4.72\textrm{e}{-01} \pm 1.90\textrm{e}{-02}}$$]
	[image: $$3.11\textrm{e}{-01} \pm 7.30\textrm{e}{-03}$$]
	[image: $$4.57\textrm{e}{-01} \pm 2.11\textrm{e}{-02}$$]
	[image: $$2.50\textrm{e}{-01}$$]

	Node
	[image: $$\mathbf {1.37\textrm{e}{-01} \pm 1.78\textrm{e}{-02}}$$]
	[image: $$7.83\textrm{e}{-02} \pm 9.24\textrm{e}{-03}$$]
	[image: $$5.59\textrm{e}{-02} \pm 2.61\textrm{e}{-03}$$]
	[image: $$2.00\textrm{e}{-02}$$]

	Email-w3c
	Population
	[image: $$\mathbf {4.30\textrm{e}{-01} \pm 1.87\textrm{e}{-02}}$$]
	[image: $$2.87\textrm{e}{-01} \pm 1.06\textrm{e}{-02}$$]
	[image: $$3.94\textrm{e}{-01} \pm 2.10\textrm{e}{-02}$$]
	[image: $$2.50\textrm{e}{-01}$$]

	Node
	[image: $$\mathbf {1.25\textrm{e}{-01} \pm 2.97\textrm{e}{-02}}$$]
	[image: $$7.95\textrm{e}{-02} \pm 4.50\textrm{e}{-03}$$]
	[image: $$5.02\textrm{e}{-02} \pm 1.71\textrm{e}{-03}$$]
	[image: $$2.00\textrm{e}{-02}$$]






7 Conclusions
In this paper, we presented hn-moea, a multi-objective EA for IM in higher-order networks. To the best of our knowledge, this work marks the first attempt at employing EAs in this domain. Our method aims to minimize the seed set size |S| while maximizing the expected influence, and includes smart initialization and hypergraph-aware mutations to improve convergence and performance.
The method has been evaluated on nine different real-world datasets characterized by heterogeneous properties, with three different propagation models. Our experimental analysis demonstrates that hn-moea overall outperforms current state-of-the-art algorithms for IM in higher-order networks. In line with previous findings [14, 15, 25], these results confirm that EAs are particularly well-suited for solving discrete optimization problems of this nature.
One notable advantage of hn-moea lies in its flexibility to maximize influence across various propagation models. Moreover, in contrast to other heuristic methods, hn-moea explores the solution space without any bias towards specific node metrics and greedy properties. As a result, the evolutionary process better explores the search space that characterizes the IM problem. Because of the bi-objective formulation, the resulting population also exhibits higher individual diversity, with candidate solutions comprising nodes of varied properties.
Future research could focus on many-objective IM, as recently done in [24] in the context of standard graphs. Moreover, in this study, we employed hypergraph-aware mutations chosen at random. However, the selection of the optimal mutation operator may vary depending on the characteristics of the dataset and the evolutionary stage. Hence, future research could investigate the use of adaptive mutation operators to select the most suitable mutation operator based on feedback from the search process.
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Abstract
Subset selection with cost constraints aims to select a subset from a ground set to maximize a monotone objective function without exceeding a given budget, which has various applications such as influence maximization and maximum coverage. In real-world scenarios, the budget, representing available resources, may change over time, which requires that algorithms must adapt quickly to new budgets. However, in this dynamic environment, previous algorithms either lack theoretical guarantees or require a long running time. The state-of-the-art algorithm, POMC, is a Pareto optimization approach designed for static problems, lacking consideration for dynamic problems. In this paper, we propose BPODC, enhancing POMC with biased selection and warm-up strategies tailored for dynamic environments. We focus on the ability of BPODC to leverage existing computational results while adapting to budget changes. We prove that BPODC can maintain the best known [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation guarantee when the budget changes. Experiments on influence maximization and maximum coverage show that BPODC adapts more effectively and rapidly to budget changes, with a running time that is less than that of the static greedy algorithm.
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1 Introduction
The subset selection problem is a general NP-hard problem, which has a wide range of applications, such as influence maximization [12], maximum coverage [8] and sensor placement [13], to name a few. The goal is to select a subset X from a ground set V to optimize a given function f, subject to a cost constraint. Specifically, the cost of the subset X must not exceed a given budget B. This can be formally expressed as follows:[image: $$\begin{aligned} \mathop {\arg \max }\limits _{X \subseteq V} f(X) \quad \text {s.t.} \quad c(X) \le B, \end{aligned}$$]

 (1)


where the objective function [image: $$f: 2^V \!\rightarrow \! \mathbb {R}$$] and the cost function [image: $$c: 2^V \!\rightarrow \! \mathbb {R}$$] are both monotone, meaning they do not decrease with the addition of elements to the set X. However, these functions are not necessarily submodular; a set function f is submodular if [image: $$\forall X \subseteq Y, v \notin Y: f(X \cup \{v\})\!-\!f(X) \ge f(Y \cup \{v\})\! -\! f(Y),$$] implying the diminishing returns property [15]. We will introduce two applications of this problem in the next section. For the general constraint presented in Eq. (1), the Generalized Greedy Algorithm (GGA) iteratively selects an item with the largest ratio of marginal gain on f and cost c, achieving the best known [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio [21, 31], where [image: $$\alpha _f$$] measures the degree to which f is nearly submodular.
In real-world scenarios, the resource budget B in Eq. (1) for subset selection problems may vary over time. For example, in influence maximization, the market investment budget changes based on company outcomes and strategies, leading to a dynamic cost constraint. After each change of the budget B, it is feasible to treat the problem as a static problem with the new budget, and run static algorithms (e.g., GGA) from scratch, which, however, may lead to a long running time. When problem constraints change frequently, static algorithms might not be able to provide new solutions in time. For subset selection with dynamic cost constraints, Roostapour et al. [28] proposed an Adaptive Generalized Greedy Algorithm named AGGA, adjusting the current solution to fit the new budget. If the budget is reduced, it removes items with smallest ratio of the marginal gain on f and cost c. Conversely, if the budget increases, it adds items like the static GGA. However, AGGA cannot maintain an [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation for the new budget and may even perform arbitrarily poorly [28].
Unlike memoryless deterministic greedy algorithms, Evolutionary Algorithms (EAs) are capable of leveraging existing computational results while adapting to changes in the budget B. EAs can continually search for new solutions by using the genetic information from the parent individuals in the population. Qian et al. [21] proposed a Pareto Optimization approach for maximizing a Monotone function with a monotone Cost constraint, called POMC [9, 26]. It reformulates the original subset selection problem as a bi-objective optimization problem, which maximizes the objective f and minimizes the cost c simultaneously, and then employs a multi-objective EA to solve it. For the static setting of a fixed budget B, POMC achieves the best known [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio using at most [image: $$O(nBP_{max}/\delta _{\widehat{c}})$$] expected running time1, where n is the size of the ground set V, [image: $$P_{max}$$] is the largest size of population during the run of POMC, [image: $$\widehat{c}$$] is an approximation of the cost function c in case the exact computation of c is impractical in real-world scenarios, and [image: $$\delta _{\widehat{c}}=\min \{\widehat{c}(X\cup v)-\widehat{c}(X)|X\subseteq V, v\notin X\}$$]. When the budget B decreases, POMC has already achieved the [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio; when the budget B increases to [image: $$B'$$], POMC can regain the [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio using at most [image: $$O(n\varDelta _BP_{max}/\delta _{\widehat{c}})$$] expected running time [28], where [image: $$\varDelta _B=B'-B$$]. However, the running time of POMC may not be polynomial because the population size [image: $$P_{max}$$] can grow exponentially [28]. Bian et al. [2] proposed a single-objective EA for maximizing a Monotone function with a monotone Cost constraint, called EAMC, which maximizes a surrogate objective [image: $$g(X) = f(X)/(1 - e^{-\alpha _f \widehat{c}(X) / B})$$], and maintains at most two solutions for each possible size in the population. For the static setting, EAMC ensures the best known approximation ratio using at most [image: $$O(n^3)$$] expected running time, which is polynomial. However, the surrogate objective g of EAMC changes with the budget B, rendering previous solutions potentially ineffective for the new B. Bian et al. [3] then proposed the Fast Pareto Optimization algorithm for maximizing a Monotone function with a monotone Cost constraint, called FPOMC, which is modified from POMC by introducing a greedy selection strategy and estimating the goodness of a solution to be selected. For the static setting, FPOMC obtains the best known [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio using at most [image: $$O(n^2K_{B})$$] expected running time, which is also polynomial, where [image: $$K_{B}$$] denotes the largest size of a subset satisfying the constraint [image: $$c(X)\le B$$]. If the budget decreases, FPOMC maintains the best known approximation ratio; if the budget increases to [image: $$B'$$], FPOMC can regain the same ratio within an expected running time of [image: $$O(n K_{B'}(K_{B'}-K_{B}))$$], where [image: $$K_{B'}$$] is the maximum subset size satisfying the new budget constraint [image: $$c(X)\le B'$$]. We summarize the related works in Table 1.
Among the algorithms suitable for dynamic environments (AGGA, POMC, EAMC and FPOMC), POMC empirically performs the best [28]. However, it was originally designed for static problems and lacks considerations for dynamic environments. A natural question is whether it is possible to design a more advanced algorithm for dynamic environments that can quickly adapt its solutions when the budget B changes. If so, how fast can this algorithm adapt, and can it surpass the speed of the static GGA?Table 1.Summary of algorithms with approximation guarantees and running time for the subset selection problem with static and dynamic cost constraints. The results obtained in this paper are highlighted in boldface. A “-” denotes the algorithm is not suitable for the corresponding case, while a “✗” means the algorithm is applicable but its performance is unknown.


	Algorithm
	Static
	Dynamic

	Guarantee
	Running time
	Guarantee
	Running time

	GGA [31]
	[image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]
	[image: $$O(n^2)$$]
	-
	-

	AGGA [28]
	-
	-
	✗
	[image: $$O(n^2)$$]

	POMC [21, 28]
	[image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]
	[image: $$O(nBP_{max}/\delta _{\widehat{c}})$$]
	[image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]
	[image: $$O(n\varDelta _BP_{max}/\delta _{\widehat{c}})$$]

	EAMC [2]
	[image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]
	[image: $$O(n^3)$$]
	✗
	✗

	FPOMC [3]
	[image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]
	[image: $$O(n^2 K_{B})$$]
	[image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]
	[image: $$O(n K_{B'}(K_{B'}-K_{B}))$$]

	BPODC
	[image: $$\boldsymbol{(\alpha _f/2)(1-e^{-\alpha _f})}$$]
	[image: $$\boldsymbol{O(nB/(p_{min}\delta _{\widehat{c}}))}$$]
	[image: $$\boldsymbol{(\alpha _f/2)(1-e^{-\alpha _f})}$$]
	[image: $$\boldsymbol{O(n\varDelta _B/(p_{min}\delta _{\widehat{c}}))}$$]





In this paper, we introduce BPODC based on Biased Pareto Optimization for maximizing a monotone function under Dynamic Cost constraints. BPODC is a modification of the POMC algorithm, enhanced with a biased selection mechanism and a warm-up strategy. POMC selects a solution uniformly at random from the population, often resulting in the choice of an “unnecessary” solution and leading to inefficiency. In contrast, BPODC employs a biased selection strategy that favors solutions with cost values closer to the current budget B, which are selected with a higher probability. During the initial phase of one run, BPODC employs uniform selection temporarily as a warm-up to obtain a diverse population, which will lead the biased selection strategy to be more efficient. As in [5, 7], we focus on the ability of BPODC to leverage existing computational results while adapting to budget changes. We prove that BPODC maintains the best-known [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio when the budget B decreases. When the budget increases to [image: $$B'$$], BPODC can regain the same ratio within an expected running time of [image: $$O(n\varDelta _B/(p_{min}\delta _{\widehat{c}}))$$], where [image: $$\varDelta _B = B' - B$$], and [image: $$p_{min}$$] is the minimum probability of selecting a solution during the run of BPODC. Through empirical evaluation on the applications of influence maximization and maximum coverage, we show that BPODC can find better solutions than previous algorithms while requiring less running time than the static greedy algorithm GGA, offering an alternative for solving subset selection problems with dynamic cost constraints.

2 Subset Selection with Cost Constraints
Let [image: $$\mathbb {R}$$] and [image: $$\mathbb {R}^+$$] denote the set of reals and non-negative reals, respectively. The set [image: $$V=\{v_1,v_2,\ldots ,v_n\}$$] denotes a ground set. A set function [image: $$f:2^V \rightarrow \mathbb {R}$$] is monotone if [image: $$\forall X \subseteq Y: f(X) \le f(Y)$$]. A set function f is submodular if [image: $$\forall X \subseteq Y, v \notin Y: f(X \cup \{v\})-f(X) \ge f(Y \cup \{v\}) - f(Y)$$], which intuitively represents the diminishing returns property [15], i.e., adding an item to a set X gives a larger benefit than adding the same item to a superset Y of X. The submodularity ratio in Definition 1 characterizes how close a set function is to submodularity. When f satisfies the monotone property, we have [image: $$0 \le \alpha _f \le 1$$], and f is submodular iff [image: $$\alpha _f=1$$].
Definition 1
(Submodularity Ratio [24, 31]). The submodularity ratio of a non-negative set function f is defined as [image: $$\alpha _f=\min _{X \subseteq Y,v \notin Y} \frac{f(X \cup \{v\})-f(X)}{f(Y \cup \{v\})-f(Y)}.$$]

As presented in Definition 2, the subset selection problem with static cost constraints is to maximize a monotone objective function f such that a monotone cost function c is no larger than a budget B. We assume w.l.o.g. that monotone functions are normalized, i.e., [image: $$f(\emptyset )=0$$] and [image: $$c(\emptyset )=0$$]. Since the exact computation of c(X) may be unsolvable in polynomial time in some real-world applications [21, 31], we assume that only an [image: $$\psi (n)$$]-approximation [image: $$\widehat{c}$$] can be obtained, where [image: $$\forall X \subseteq V: c(X) \le \widehat{c}(X) \le \psi (n) \cdot c(X)$$]. If [image: $$\psi (n)=1$$], [image: $$\widehat{c}(X)=c(X)$$].
Definition 2
(Subset Selection with Static Cost Constraints). Given a monotone objective function [image: $$f: 2^V \rightarrow \mathbb {R}^+$$], a monotone cost function [image: $$c: 2^V \rightarrow \mathbb {R}^+$$] and a budget B, to find[image: $$\begin{aligned} \mathop {\arg \max }\nolimits _{X \subseteq V} f(X) \quad \text {s.t.}\quad c(X)\le B . \end{aligned}$$]

 (2)





The static problem in Definition 2 assumes that the budget B is fixed. However, in real-world scenarios, the resources often change over time, and thus the budget B may change dynamically. For example, in influence maximization, the market investment budget changes based on company outcomes and strategies, leading to dynamic cost constraints, that is, the budget B in Eq. (2) may change over time. In this paper, we focus on the subset selection problem with dynamic cost constraints, given in Definition 3. Whenever the budget B changes, the problem can be treated as a new static problem using the updated budget, and static algorithms can be applied from the beginning. However, this may lead to a long running time.
Definition 3
(Subset Selection with Dynamic Cost Constraints). Given a monotone objective function [image: $$f: 2^V \!\rightarrow \! \mathbb {R}^+$$], a monotone cost function [image: $$c: 2^V \!\rightarrow \! \mathbb {R}^+$$], and a sequence of changes on the budget B, to find a subset optimizing Eq. (2) for each new B.

Influence Maximization. Influence maximization in Definition 4 is to identify a set of influential users in social networks [12]. A social network can be represented by a directed graph [image: $$G=(V,E)$$], where each node represents a user and each edge [image: $$(u,v) \in E$$] has a probability [image: $$p_{u,v}$$] representing the influence strength from user u to v. Given a budget B, influence maximization is to find a subset X of V such that the expected number of nodes activated by propagating from X is maximized, while not violating the cost constraint [image: $$c(X) \le B$$]. Here we use the fundamental propagation model called Independence Cascade (IC). Starting from a seed set X, it uses a set [image: $$A_t$$] to record the nodes activated at time t, and at time [image: $$t+1$$], each inactive neighbor v of [image: $$u\in A_t$$] becomes active with probability [image: $$p_{u,v}$$]; this process is repeated until no nodes get activated at some time. The set of nodes activated by propagating from X is denoted as IC(X), which is a random variable. The objective [image: $$\mathbb {E}[IC(X)]$$] denotes the expected number of nodes activated by propagating from X, which is monotone and submodular.
Definition 4
(Influence Maximization). Given a directed graph [image: $$G=(V,E)$$], edge probabilities [image: $$p_{u,v}$$] where [image: $$(u,v) \!\in \! E$$], a monotone cost function [image: $$c:2^V \rightarrow \mathbb {R}^+$$] and a budget B, to find[image: $$\begin{aligned} \mathop {\arg \max }\nolimits _{X \subseteq V} \mathbb {E}[|IC(X)|] \quad \text {s.t.}\quad c(X)\le B. \end{aligned}$$]






Maximum Coverage. Given a family of sets that cover a universe of elements, maximum coverage as presented in Definition 5 is to select some sets whose union is maximal under a cost budget. It is easy to verify that f is monotone and submodular.
Definition 5
(Maximum Coverage). Given a set U of elements, a collection [image: $$V=\{S_1,S_2,\ldots ,S_n\}$$] of subsets of U, a monotone cost function [image: $$c: 2^V\rightarrow \mathbb {R}^+$$] and a budget B, to find[image: $$\begin{aligned} \mathop {\arg \max }\nolimits _{X \subseteq V} f(X)=|\bigcup \nolimits _{S_i\in X} S_i| \quad \text { s.t. } \quad c(X)\le B. \end{aligned}$$]






2.1 Previous Algorithms
We now introduce five algorithms capable of solving the subset selection problem with dynamic cost constraints in Definition 3.
GGA. The Generalized Greedy Algorithm (GGA) proposed in [31] selects one item maximizing the ratio of the marginal gain on f and [image: $$\widehat{c}$$] in each iteration. After examining all items, the found subset is compared with the best single item (i.e., [image: $$v^*\in \arg \max _{v\in V: \widehat{c}(\{v\})\le B} f(\{v\})$$]), and the better one is returned. Let[image: $$\begin{aligned} f(\widetilde{X})=\max \left\{ f(X) \mid c(X) \le B\cdot \frac{\alpha _{\widehat{c}}(1 + \alpha ^2_{c}(K_B - 1)(1 - \kappa _c))}{\psi (n)K_B}\right\} , \end{aligned}$$]

 (3)


where [image: $$\alpha _c$$] and [image: $$\alpha _{\widehat{c}}$$] are the submodularity ratios of the cost function c and its approximation [image: $$\widehat{c}$$], respectively, [image: $$\kappa _c=1-\min _{v \in V: c(\{v\})&gt;0} \frac{c(V)-c(V \backslash \{v\})}{c(\{v\})}$$] is the total curvature of c, and [image: $$K_B=\max \{|X| \mid c(X) \le B\}$$], i.e., the largest size of a subset satisfying the constraint. As [image: $$1-\kappa _c\le 1/\alpha _c$$], [image: $$0 \le \alpha _{\widehat{c}}, \alpha _{c} \le 1$$] and [image: $$\psi (n) \ge 1$$], it holds that[image: $$\frac{\alpha _{\widehat{c}}(1 + \alpha ^2_{c}(K_B - 1)(1 - \kappa _c))}{\psi (n)K_B} \le 1.$$]



Thus, [image: $$\widetilde{X}$$] is actually an optimal solution of Eq. (2) with a slightly smaller budget constraint. GGA can solve only the static problem in Definition 2. Qian et al. [21] proved that GGA can obtain a subset X satisfying [image: $$f(X) \ge (\alpha _f/2)\cdot (1-e^{-\alpha _f})\cdot f(\widetilde{X})$$]. The dynamic problem in Definition 3 can be viewed as a series of static problems, each with a different budget B. After the budget changes, GGA can be applied to solve the subsequent static problem with the updated budget from scratch.
AGGA. To face the dynamic changes of B, Roostapour et al. [28] introduced a natural Adaptive version of the static GGA, named AGGA. When B increases, AGGA continues to iteratively add an item with the largest ratio of the marginal gain on f and cost c to the current solution, just like GGA; when B decreases, it iteratively deletes one item with the smallest ratio of the marginal gain on f and cost c, until the solution no longer violates the new budget. However, AGGA cannot maintain an approximation for the new budget and may even perform arbitrarily badly [28].
POMC. Qian et al. [21] proposed POMC, a Pareto Optimization method for maximizing a Monotone function with a monotone Cost constraint, which reformulates the original problem Eq. (2) as a bi-objective maximization problem that maximizes the objective function f and minimizes the approximate cost function [image: $$\widehat{c}$$] simultaneously [9, 26]. To solve the bi-objective problem, POMC employs a simple multi-objective EA, i.e., GSEMO [14, 25], which uses uniform selection and bit-wise mutation to generate an offspring solution and keeps the non-dominated solutions generated-so-far in the population. After terminated, it returns the best feasible solution with the largest f value in the population. For the static setting of a fixed budget B, POMC can achieve the best known [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio, and also regain this approximation ratio at most [image: $$O(n\varDelta _BP_{max}/\delta _{\widehat{c}})$$] expected running time when the budget changes [21, 28].
EAMC. Bian et al. [2] proposed a single-objective EA for maximizing a Monotone function with a monotone Cost constraint, called EAMC. It tries to maximize a surrogate objective g which considers both the original objective f and the cost [image: $$\widehat{c}$$]. For [image: $$|X|\ge 1$$], [image: $$g(X)=f(X)/(1-e^{-\alpha _f \widehat{c}(X)/B})$$], while for [image: $$|X| = 0$$], [image: $$g(X) = f(X)$$]. The submodularity ratio [image: $$\alpha _f$$], used to calculate the surrogate objective g, may require exponential time to compute accurately, so a lower bound on [image: $$\alpha _f$$] is often used instead. EAMC also applies uniform selection and bit-wise mutation to generate an offspring solution as POMC. For each subset size i, EAMC contains the solutions with the largest g or f values, bounding the maximum population size. After terminated, EAMC returns the feasible solution with the largest f value in the population. EAMC can achieve the best-known [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation in a static setting. However, in a dynamic setting, the g function, based on the old budget, cannot characterize the new problem well, potentially leading to poor performance with the new budget.
FPOMC. Bian et al. [3] then proposed the Fast Pareto Optimization algorithm for maximizing a Monotone function with a monotone Cost constraint, called FPOMC, which is modified from POMC. The main difference between FPOMC and POMC is that FPOMC applies a greedy selection strategy, while POMC applies uniform selection. The greedy selection strategy uses a function [image: $$h_{Z}(X)$$] to estimate the goodness of a solution X w.r.t. a reference point Z, which is defined as[image: $$\begin{aligned} h_{Z}(X)=\left\{ \begin{array}{ll} (f(X)-f(Z))/(\widehat{c}(X)-\widehat{c}(Z)) &amp;  \quad \widehat{c}(X)&gt;\widehat{c}(Z), \\ (f(X)-f(Z)) \cdot C +\widehat{c}(Z)- \widehat{c}(X) &amp;  \quad \widehat{c}(X) \le \widehat{c}(Z), \end{array}\right. \end{aligned}$$]



where C is a large enough number. Intuitively, [image: $$h_{Z}(X)$$] measures the goodness of X by the marginal gain on f and c w.r.t. a reference point Z, and the solution with the largest h value is selected with a high probability. For more detailed design of FPOMC, please refer to [3]. For the static setting, FPOMC can obtain the best known [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio, and also regain the same approximation ratio at most [image: $$O(n K_{B'}(K_{B'}-K_{B}))$$] expected running time for the new budget.
AGGA and the static GGA are greedy algorithms. POMC, EAMC and FPOMC are anytime algorithms that can find better solutions using more time. Among them, POMC performs the best empirically in dynamic environments [28]; however, it was initially designed for static settings and lacks considerations for dynamic environments. This work focuses on designing an advanced algorithm tailored for dynamic environments, aiming to quickly adapt its solutions to budget changes and potentially exceed the speed of the static GGA.


3 The BPODC Algorithm
In this section, we propose an algorithm based on Biased Pareto Optimization [4, 7, 9, 16–20, 22, 23, 25–28, 32] for maximizing a monotone function with Dynamic Cost constraints, called BPODC, which can quickly adapt its solutions when budget changes. It represents a subset [image: $$X \subseteq V$$] by a Boolean vector [image: $$\boldsymbol{x} \in \{0,1\}^n$$], where the i-th bit [image: $$x_i\!=\!1$$] iff [image: $$v_i \in X$$]. We will not distinguish [image: $$\boldsymbol{x} \in \{0,1\}^n$$] and its corresponding subset [image: $$\{v_i\in V | x_i = 1\}$$] for notational convenience. BPODC reformulates the original problem Eq. (2) as a bi-objective maximization problem[image: $$\begin{aligned} \arg \max \nolimits _{\boldsymbol{x} \in \{0,1\}^n}&amp; \; \big (f_1(\boldsymbol{x}),\;f_2(\boldsymbol{x})\big ), \end{aligned}$$]

 (4)



[image: $$\begin{aligned} \text {where } \begin{aligned} f_1(\boldsymbol{x}) = {\left\{ \begin{array}{ll} -\infty , &amp;  \widehat{c}(\boldsymbol{x})&gt; B+1\\ f(\boldsymbol{x}), &amp; \text {otherwise} \end{array}\right. },\quad f_2(\boldsymbol{x}) =-\widehat{c}(\boldsymbol{x}). \end{aligned} \end{aligned}$$]



That is, BPODC maximizes the objective function f and the negative of the approximate cost function [image: $$\widehat{c}$$] simultaneously. Solutions with cost values over [image: $$B+1$$] (i.e., [image: $$\widehat{c}(\boldsymbol{x}) &gt; B+1$$]) are excluded by setting their [image: $$f_1$$] values to [image: $$-\infty $$]. We use the value [image: $$B+1$$] to give the algorithm a slight look ahead for larger constraint bounds without making the population size too large. The introduction of the second objective [image: $$f_2$$] can naturally bring a diverse population, which may lead to better optimization performance.
Note that the objective vector [image: $$(f_1(\boldsymbol{x}), f_2(\boldsymbol{x}))$$] is calculated only when the solution [image: $$\boldsymbol{x}$$] is generated. This means that any subsequent changes to B do not trigger an update of the objective vector. Thus, solutions exceeding cost [image: $$B'+1$$] for a new budget [image: $$B'$$] are still retained in the population. However, for any new solutions exceeding [image: $$B'+1$$], the [image: $$f_1$$] value is set to [image: $$-\infty $$]. As the two objectives may be conflicting, the domination relationship in Definition 6 is often used for comparing two solutions. A solution is Pareto optimal if no other solution dominates it. The collection of objective vectors of all Pareto optimal solutions is called the Pareto front.
Definition 6
(Domination). For two solutions [image: $$\boldsymbol{x}$$] and [image: $$\boldsymbol{x}'$$],	[image: $$\boldsymbol{x}$$] weakly dominates [image: $$\boldsymbol{x}'$$], denoted as [image: $$\boldsymbol{x} \succeq \boldsymbol{x}'$$], if [image: $$f_1(\boldsymbol{x}) \ge f_1(\boldsymbol{x}') \wedge f_2(\boldsymbol{x}) \ge f_2(\boldsymbol{x}')$$];

	[image: $$\boldsymbol{x}$$] dominates [image: $$\boldsymbol{x}'$$], denoted as [image: $$\boldsymbol{x} \succ \boldsymbol{x}'$$], if [image: $${\boldsymbol{x}} \succeq \boldsymbol{x}'$$] and either [image: $$f_1({\boldsymbol{x}}) &gt; f_1(\boldsymbol{x}')$$] or [image: $$f_2(\boldsymbol{x}) &gt; f_2(\boldsymbol{x}')$$];

	they are incomparable if neither [image: $$\boldsymbol{x} \succeq \boldsymbol{x}'$$] nor [image: $$\boldsymbol{x}' \succeq \boldsymbol{x}$$].






[image: ]
Algorithm 1. BPODC Algorithm



After constructing the bi-objective problem in Eq. (4), BPODC solves it by a process of multi-objective EAs, as described in Algorithm 1. EAs, inspired by Darwin’s theory of evolution are general-purpose randomized heuristic optimization algorithms [1, 33], mimicking variational reproduction and natural selection, which have become the most popular tool for multi-objective optimization [6, 11, 30]. It starts from the empty set [image: $$0^{n}$$] (line 1), and repeatedly improves the quality of solutions in population P (lines 2–12). At the start of the process, BPODC applies uniform selection to select a parent solution [image: $$\boldsymbol{x}$$] for a period of time, which is referred to the warm-up stage (lines 3–4). Our aim is to uniformly explore the [image: $$(0, B+1]$$] area initially to obtain a population with good diversity. After the warm-up stage, BPODC selects a parent solution [image: $$\boldsymbol{x}$$] in P according to the Biased Selection subroutine in Algorithm 2 (line 6). Then, a solution [image: $$\boldsymbol{x}'$$] is generated by applying bit-wise mutation on [image: $$\boldsymbol{x}$$] (line 8), which is used to update the population P (line 9–10). If [image: $$\boldsymbol{x}'$$] is not dominated by any solution in P (line 9), it will be added into P, and meanwhile, those solutions weakly dominated by [image: $$\boldsymbol{x}'$$] will be deleted (line 10). This updating procedure makes the population P always contain incomparable solutions. After running a number of iterations, the best feasible solution with the largest f value in the population P is output (line 13). Note that the aim of BPODC is to find a good solution of the original problem in Definition 3, rather than the Pareto front of the reformulated bi-objective problem in Eq. (4). That is, the bi-objective reformulation is an intermediate process.
[image: ]
Algorithm 2. Biased Selection(P, B): Subroutine of BPODC



The Biased Selection subroutine in Algorithm 2 first computes a selection probability of each solution [image: $$\boldsymbol{x}\in P$$] iteratively, which is inversely proportional to the difference between the cost value [image: $$c(\boldsymbol{x})$$] and the given budget B (lines 2–5). The [image: $$\epsilon $$] is added to avoid division by zero (line 4). The subroutine then normalizes the probabilities, and selects a solution [image: $$\boldsymbol{x}$$] from P based on these normalized probabilities (lines 6–7). Algorithm 2 exhibits a bias whereby solutions with cost values close to the budget B have a higher probability of selection. This enables BPODC to quickly regain high-quality solutions upon budget changes, thereby meeting the demands of dynamic environments.
Note that BPODC uses the warm-up strategy only for the initial budget, starting from the zero solution; if the budget changes, it continues from the current population using biased selection.

4 Theoretical Analysis
In this section, we prove the general approximation bound of BPODC in Theorem 1, implying that BPODC can achieve the best known [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation guarantee for the static problem in Definition 2. When facing a dynamic budget change, BPODC still can regain the [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio (Theorem 2).
Let [image: $$p_{min}$$] denote the minimum probability of selecting a solution from the population during the run of BPODC and [image: $$\delta _{\widehat{c}}=\min \{\widehat{c}(X\cup v)-\widehat{c}(X) | X\subseteq V, v\notin X\}$$]. We assume that [image: $$\delta _{\widehat{c}}&gt;0$$]. The proof of Theorem 1 is based on the approach used in Theorem 2 of [21], mainly analyzing the expected number of iterations of BPODC required to obtain an [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation solution.
Theorem 1
For the static problem in Definition 2, BPODC using at most [image: $$O(nB/(p_{min}\cdot \delta _{\widehat{c}}))$$] expected number of iterations finds a subset [image: $$X\subseteq V$$] with[image: $$ f(X)\ge (\alpha _f/2)\cdot (1-e^{-\alpha _f})\cdot f(\widetilde{X}), $$]



where [image: $$f(\widetilde{X})$$] is defined in Eq. (3).

Proof
We follow the proof of POMC in Theorem 2 of [21], which analyzes the increase of a quantity [image: $$J_{max}$$] during the process of POMC, where [image: $$J_{max}=\max \{j\in [0,B) | \exists \boldsymbol{x}\in P, \widehat{c}(\boldsymbol{x})\le j \wedge f(\boldsymbol{x})\ge (1-(1-\alpha _f\frac{j}{Bk})^k)\cdot f(\widetilde{X}) \text { for some } k\}$$]. Let [image: $$\boldsymbol{x}\in P$$] be a solution corresponding to the current value of [image: $$J_{max}$$]. It is pointed out that [image: $$J_{max}$$] can increase at least [image: $$\delta _{\widehat{c}}$$] by adding a specific item to [image: $$\boldsymbol{x}$$]. Furthermore, they proved that POMC can find a solution with the f value at least[image: $$\max \{f(\boldsymbol{p}),f(\boldsymbol{q})\}\ge (\alpha _f/2)\cdot (1-e^{-\alpha _f})\cdot f(\widetilde{X}),$$]



where [image: $$\boldsymbol{p}$$] is the solution that results from increasing [image: $$J_{max}$$] at least [image: $$B/\delta _{\widehat{c}}$$] times starting from [image: $$J_{max}=0$$], and [image: $$\boldsymbol{q}$$] is defined as [image: $$\boldsymbol{q}=\arg \max _{v\in V: \widehat{c}(\boldsymbol{q})\le B} f(v)$$].
Our proof finishes by analyzing the expected number of iterations until BPODC contains two solutions [image: $$\boldsymbol{p}$$] and [image: $$\boldsymbol{q}$$]. We first analyze the expected number of iterations of BPODC to generate the solution [image: $$\boldsymbol{p}$$]. The initial value of [image: $$J_{max}$$] is 0 as BPODC starts from [image: $$\{0\}^n$$]. Assume the current value of [image: $$J_{max}$$] is i, and [image: $$\boldsymbol{x}\in P$$] is a corresponding solution. According to the population update mechanism described in lines 9-10 of Algorithm 1, [image: $$J_{max}$$] cannot decrease because [image: $$\boldsymbol{x}$$] can be deleted from P (line 10) only when the newly included solution [image: $$\boldsymbol{x}'$$] weakly dominates [image: $$\boldsymbol{x}$$], i.e., [image: $$f(\boldsymbol{x}')\ge f(\boldsymbol{x})$$] and [image: $$\widehat{c}(\boldsymbol{x}') \le \widehat{c}(\boldsymbol{x})$$], which makes [image: $$J_{max}\ge i$$]. As mentioned above, to increase [image: $$J_{max}$$] from i to at least [image: $$i+\delta _{\widehat{c}}$$], we can add a specific item to [image: $$\boldsymbol{x}$$] to generate a new solution [image: $$\boldsymbol{x}'$$]. Upon generating [image: $$\boldsymbol{x}'$$], it will be included into P; otherwise, [image: $$\boldsymbol{x}'$$] must be dominated by one solution in P (line 9 of Algorithm 1), and this implies that [image: $$J_{max}$$] has already been larger than i, which contradicts with the assumption [image: $$J_{max}=i$$]. In each iteration, the probability of successfully increasing [image: $$J_{max}$$] is at least [image: $$p_{min}\cdot \frac{1}{n}\cdot (1-\frac{1}{n})^{n-1}\ge \frac{p_{min}}{en}$$], where [image: $$p_{min}$$] is a lower bound on the probability of selecting [image: $$\boldsymbol{x}$$] in line 4 or line 6 of Algorithm 1 and [image: $$\frac{1}{n}\cdot (1-\frac{1}{n})^{n-1}$$] is the probability of flipping a specific bit of [image: $$\boldsymbol{x}$$] while keeping other bits unchanged in line 8. Then, it needs at most [image: $$en/p_{min}$$] expected number of iterations to increase [image: $$J_{max}$$] by at least [image: $$\delta _{\widehat{c}}$$]. After at most [image: $$enB/(p_{min}\cdot \delta _{\widehat{c}}) $$] expected number of iterations, [image: $$\boldsymbol{p}$$] will be generated and included into P; otherwise, P has already contained a solution [image: $$\boldsymbol{z} \succeq \boldsymbol{p}$$], i.e., [image: $$\widehat{c}(\boldsymbol{z})\le \widehat{c}(\boldsymbol{p})\le B$$] and [image: $$f(\boldsymbol{z})\ge f(\boldsymbol{p})$$].
We now analyze the expected number of iterations to generate and contain the solution [image: $$\boldsymbol{q}$$]. Since [image: $$\{0\}^n$$] has the largest [image: $$f_2$$] value (i.e., the smallest [image: $$\widehat{c}$$] value), no other solution can dominate it, ensuring that [image: $$\{0\}^n$$] will always be included in P. Thus, [image: $$\boldsymbol{q}$$] can be generated in one iteration by selecting [image: $$\{0\}^n$$] in line 4 or 6 of Algorithm 1 and flipping only the corresponding 0-bit in line 8, whose probability is at least [image: $$p_{min}/en$$]. That is, [image: $$\boldsymbol{q}$$] will be generated using at most [image: $$en/p_{min}$$] expected number of iterations.
Taking the expected number of iterations for generating [image: $$\boldsymbol{p}$$] and [image: $$\boldsymbol{q}$$] together, BPODC using at most [image: $$O(nB/(p_{min}\cdot \delta _{\widehat{c}}))$$] expected number of iterations finds a solution with the f value at least [image: $$\max \{f(\boldsymbol{p}),f(\boldsymbol{q})\}\ge (\alpha _f/2)\cdot (1-e^{-\alpha _f})\cdot f(\widetilde{X})$$].    [image: $$\square $$]

Theorem 2
For the dynamic problem in Definition 3, assume that BPODC has achieved an [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio for the current budget B after running at most [image: $$O(nBP_{max}/\delta _{\widehat{c}})$$] expected number of iterations: 	(1)
when B decreases to [image: $$B'$$], BPODC has already achieved the [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation ratio for the new budget;

 

	(2)
when B increases to [image: $$B'$$], BPODC using at most [image: $$O(n(B'-B)/(p_{min}\cdot \delta _{\widehat{c}}))$$] expected number of iterations, can regain the [image: $$(\alpha _f/2) (1-e^{-\alpha _f})$$]-approximation ratio.

 






Proof
By analyzing the increasing process of [image: $$J_{max}$$] from 0 to B as shown in the proof of Theorem 1, BPODC using [image: $$O(nB/(p_{min}\cdot \delta _{\widehat{c}}))$$] expected number of iterations has achieved an [image: $$(\alpha _f/2)\cdot (1-e^{-\alpha _f})$$]-approximation ratio for the problem with any budget [image: $$B'\le B$$]. When the budget B increases to [image: $$B'$$], in order to achieve the desired approximation guarantee, it is sufficient to continuously increase [image: $$J_{\max }$$] from B to [image: $$B'$$]. The expected number of iterations required for the increase is [image: $$O(n(B'-B)/(p_{min}\cdot \delta _{\widehat{c}}))$$].    [image: $$\square $$]


5 Empirical Study
In this section, we empirically examine the performance of BPODC on dynamic variants of subset selection problems, specifically focusing on influence maximization and maximum coverage tasks where the cost constraint varies over time. We compare BPODC with several competitive algorithms: the static greedy algorithm GGA, the dynamic greedy algorithm AGGA, and the EA-based methods, POMC, EAMC, and FPOMC.
POMC and FPOMC use the same bi-objective as BPODC, as shown in Eq. (4), which is calculated only when the solution [image: $$\boldsymbol{x}$$] is generated, and any subsequent changes to the budget B do not trigger an update, that is, algorithms do not delete solutions from the population that become infeasible under a new budget. For EAMC, a budget change influences the value of surrogate function [image: $$g(X)=f(X)/(1-e^{-\alpha _f \widehat{c}(X)/B})$$]. Thus, the value of function g for solutions in the population is updated after each dynamic change. Note that the parameter [image: $$\alpha _f$$] equals 1 because the objective functions of influence maximization and maximum coverage are submodular. The static greedy algorithm GGA requires [image: $$n(n+1)/2$$] objective evaluations, denoted as [image: $$T_{G}$$]. For each budget change, the number of objective evaluations for EAs (BPODC, POMC, EAMC, and FPOMC) is set to [image: $$t = \{ 0.25T_{G},0.5T_{G}\}$$], which is less than that required by GGA. Note that for the t evaluations of the initial budget, BPODC uses the warm-up strategy to create a diverse population; for subsequent t evaluations of a changed budget, it employs biased selection on the current population without a warm-up. For randomized algorithms (BPODC, POMC, EAMC and FPOMC), we independently run 30 times and report the average results. The source code is available at https://​github.​com/​lamda-bbo/​BPODC.
The experiments are mainly to answer two questions: Can BPODC perform the best among all algorithms under dynamic environments? Can BPODC adapt its solution within a shorter running time than the static GGA?[image: ]
Fig. 1.The cumulative budget changes relative to the initial budget.


[image: ]
Fig. 2.The average value ± std for influence maximization under each budget change.



Influence Maximization. We use the same two datasets as social networks in influence maximization as in [2], called graph100 (100 vertices, 3,465 edges) and graph200 (200 vertices, 9,950 edges), respectively. The probability of each edge is set to 0.05. Besides, we use a larger real-world dataset, frb35-17-1 (595 vertices, 27,856 edges), with each edge’s probability 0.01. We consider the linear cost constraint, where [image: $$c(X)=\sum _{v\in X}c_v$$]. The cost of each item is calculated based on its out-degree d(v), i.e., [image: $$c_v=1+(1+|\xi |)\cdot d(v)$$], where [image: $$\xi $$] is a random number drawn from the normal distribution [image: $$\mathcal {N}(0,0.5^2)$$]. The original budget is set to 300, and stays within the interval [100, 500]. We consider a sequence of 100 budget changes obtained by randomly changing the current budget B by a value of [image: $$[-10,10]$$]. The cumulative changes relative to the initial budget are depicted in Fig. 1(a). The current budget at each time is calculated by adding the y-value at that point to the initial budget. To calculate [image: $$\mathbb {E}[|IC(X)|]$$] in our experiments, we simulate the random propagation process starting from the solution X for 500 times independently, and use the average as an estimation. Due to time constraints, we limit the number of objective evaluations of EAs (BPODC, POMC, EAMC, and FPOMC) on the frb35-17-1 dataset, i.e., [image: $$t_0 = 0.5T_{G}$$] evaluations for the initial budget and [image: $$t = \{ 0.05T_{G},0.1T_{G}\}$$] evaluations for upcoming budgets. This setting is to ensure that the study could be completed within the available timeframe while still providing meaningful insights into the algorithm’s performance trends. Since the behavior of the greedy algorithm GGA or AGGA is randomized under noise, we also repeat its run 30 times independently and report the average results. The curves of average results over each time of change are plotted in Fig. 2, where the shaded areas indicate the standard deviation around the mean.[image: ]
Fig. 3.The average value ± std for maximum coverage under each budget change.



Figure 2(a)-(d) clearly shows that BPODC, POMC and EAMC consistently outperform GGA and AGGA and are more stable, exhibiting a smaller std. FPOMC initially obtains a lower value during the first few changes, and then exceeds GGA and AGGA. These observations highlight the superior ability of EAs to leverage existing computational results while adapting to changes in budget constraints. Among all the algorithms, BPODC performs the best, regardless of the settings at [image: $$t=0.25T_G$$] or [image: $$t=0.5T_G$$]. In Fig. 2(e)-(f), we set the running time allowed for EAs after each dynamic change to be much shorter, specifically [image: $$0.05T_G$$] and [image: $$0.1T_G$$], respectively. BPODC is the first to surpass GGA and AGGA and continues to consistently perform the best. Note that the curve of FPOMC is plotted on the secondary y-axis due to its poor performance.
Maximum Coverage. We use three real-world graph datasets for maximum coverage: frb30-15-1 (450 vertices, 17,827 edges) and frb35-17-1 (595 vertices, 27,856 edges), both used in [2, 28], and aves (202 vertices, 4,658 edges) [29]. For each vertex, we generate a set which contains the vertex itself and its adjacent vertices. We still use the linear cost constraint [image: $$c(X)=\sum _{v\in X}c_v$$]. The cost of each vertex is [image: $$c_v=1+\max \{d(v)-q,0\}$$] as in [10], where d(v) is the out-degree of vertex v and q is a constant (which is set to 6 in our experiment). For datasets frb30-15-1 and frb35-17-1, the original budget is set to 500 and ranges from 300 to 700; for dataset aves, it is set to 50 and ranges from 100 to 300. The sequence of 100 budget changes, randomly varying the current budget B by [image: $$[-40,40]$$], is shown in Fig. 1(b) relative to the initial budget. The curves of average results over each time of change are plotted in Fig. 3.[image: ]
Fig. 4.Additional results for influence maximization under dynamic environment.



Figure 3 shows that BPODC consistently performs the best across three datasets, although POMC sometimes matches its performance. However, the performance of other algorithms is less stable, for example, FPOMC performs moderately on frb30-15-1 (Fig. 3(a)-(b)) but poorly on aves (Fig. 3(e)-(f)). EAMC underperforms GGA at both [image: $$t=0.25T_G$$] and [image: $$t=0.5T_G$$].
Ablation Study. As mentioned in Sect. 3, the warm-up stage of BPODC initially applies uniform selection for a period, enhancing the effectiveness of subsequent biased selection. We test this by running BPODC-cold on the graph100 dataset with [image: $$t=0.25T_G$$], using only biased selection without a warm-up. Figure 4(a) shows that BPODC-cold has a performance gap compared to BPODC during the first 20 changes, yet achieves similar performance afterward. Despite solely using biased selection, BPODC-cold still outperforms POMC. This implies the effectiveness of both biased selection and warm-up.
Next, we conduct experiments on the dataset frb35-17-1 for influence maximization in an extreme scenario. The number of objective evaluations for BPODC, POMC, EAMC, and FPOMC is set to 1000, including for the warm-up stage of BPODC. The results are plotted in Fig. 4(b). As expected, the EAs do not surpass GGA, given that the available time resources are extremely limited-merely 0.006 times that of the greedy algorithm GGA. However, BPODC demonstrates a significantly faster adaptation speed compared to other EAs and maintains a performance level similar to GGA in the later stages (at 80th-100th changes).

6 Conclusion
This paper proposes BPODC, an enhancement of POMC that uses biased selection and warm-up strategies for subset selection with dynamic cost constraints. We prove that BPODC can maintain the best known [image: $$(\alpha _f/2)(1-e^{-\alpha _f})$$]-approximation guarantee when the budget changes. Experiments on influence maximization and maximum coverage show that BPODC adapts faster and more effectively to budget changes, utilizing a running time that is less than that of the greedy algorithm GGA. BPODC always achieves the best performance empirically. In the future, it is interesting to examine the performance of BPODC in more applications.
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Footnotes
1The expected running time refers to the expected number of evaluations of the objective function, as evaluations are usually the most expensive part of the process.
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Abstract
Generating Pareto Front Approximations with good convergence, uniformity, and spread regardless of the geometry of the Pareto Front remains as an open problem. Many Multi-Objective Evolutionary Algorithms (MOEAs) have been proposed for this aim achieving remarkable results. However, the utilization of Swarm Intelligence algorithms such as Multi-Objective Ant Colony Optimization Algorithms (MOACOs) has been scarcely studied. In this paper, we propose a Geometric-Invariant [image: $$\text {MOACO}_\mathbb {R}$$] ([image: $$\text {GI-MOACO}_\mathbb {R}$$]) designed to tackle multi-objective optimization problems with a continuous decision space. According to our experimental results, [image: $$\text {GI-MOACO}_\mathbb {R}$$] outperforms the existing MOACOs for continuous search spaces and it is competitive with respect to state-of-the-art MOEAs on several test suites with regular and irregular Pareto Front geometries. To the best of the author’s knowledge, [image: $$\text {GI-MOACO}_\mathbb {R}$$] is the first Pareto-Front-Shape invariant MOACO.
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1 Introduction
A Pareto Front (PF) is the image of the solution to a Multi-Objective Optimization Problem (MOP). A PF is a manifold of dimension at most [image: $$m-1$$] that represents the trade-offs among the [image: $$m\ge 2$$] conflicting objectives [image: $$f_i:\varOmega \subseteq \mathbb {R}^n \rightarrow \mathbb {R}$$] [22]. In benchmark problems and real-world applications, the geometric characteristics of a PF may drastically change. In other words, a PF could be convex, linear, concave, disconnected, degenerate, or mixed. Hence, Multi-Objective Evolutionary Algorithms (MOEAs), which are metaheuristic methods to approximate the solution to a MOP, should be capable of generating an accurate and finite representation of a PF, regardless of its geometry [2]. However, Ishibuchi et al. pointed out that the performance of some MOEAs depends on the PF geometry [16].
In recent years, two main design strategies have been proposed to alleviate the performance dependence of MOEAs. On the one hand, MOEAs with adaptive reference point sets transform a set of objective vectors throughout the evolutionary process, aiming to generate a Pareto Front Approximation (PFA) that properly represents the PF [19–21, 24]. On the other hand, Multi-Indicator MOEAs leverage the strengths of multiple Quality Indicators1 (QIs) to construct selection mechanisms that increase the selection pressure towards the PF, exhibiting a specific distribution of points [10, 11, 14, 17]. All these MOEAs have shown promising results when tackling MOPs with different PF shapes [15, 16, 26]. However, Swarm Intelligence metaheuristics, such as Multi-Objective Ant Colony Optimization algorithms (MOACOs) [12], have been scarcely studied with the aim of a PF shape invariance behavior.
[image: $$\text {MOACO}_\mathbb {R}$$] [13] and the Indicator-based [image: $$\text {MOACO}_\mathbb {R}$$] ([image: $$\text {iMOACO}_\mathbb {R}$$]) [7] were proposed to tackle MOPs with a continuous decision space. They have obtained competitive results against MOEAs at tackling MOPs with degenerate and disconnected PF shapes [7, 13]. Hence, there may be specific MOPs where MOACOs can potentially discover and exploit complex relations among the variables that are difficult to MOEAs [7, 13]. It is worth noting that both algorithms use the mechanisms of [image: $$\text {ACO}_\mathbb {R}$$] to explore the decision space and to create new solutions [23]. Furthermore, [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$] use an archive with k decision vectors as a pheromone matrix to model the decision space using n Gaussian-kernel Probability Density Functions (GKPDFs). Both MOACOs differ in the selection mechanisms adopted to update the pheromone matrix. On the one hand, [image: $$\text {MOACO}_\mathbb {R}$$] uses the selection mechanisms of NSGA-II, thus, it loses selection pressure in high-dimensional objective spaces [3]. On the other hand, [image: $$\text {iMOACO}_\mathbb {R}$$] replaces the selection operators of NSGA-II by a survival selection mechanism based on the R2 indicator [1, 14]. Unlike [image: $$\text {MOACO}_\mathbb {R}$$], [image: $$\text {iMOACO}_\mathbb {R}$$] can solve MOPs with more than three objectives and it generates uniform PFAs if the geometry of the PF is correlated with an m-dimensional simplex. Thus, the performance of [image: $$\text {iMOACO}_\mathbb {R}$$] depends on the PF shape.
In addition to the issues mentioned above of [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$], the use of [image: $$\text {ACO}_\mathbb {R}$$] raises other problems. [image: $$\text {ACO}_\mathbb {R}$$] shows a strong dependence on a parameter [image: $$\xi &gt; 0$$] that controls the evaporation of the pheromones and, thus, the convergence behavior. As a result, [image: $$\text {ACO}_\mathbb {R}$$] has shown an extremely poor performance on multi-modal single-objective optimization problems. However, if [image: $$\xi $$] could take large values without reducing its convergence capability, solutions with high diversity would be reached. Addressing these issues would enhance the performance of [image: $$\text {ACO}_\mathbb {R}$$] and, possibly, that of [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$].
In this paper, we enhance [image: $$\text {ACO}_\mathbb {R}$$] to improve its exploration capabilities. Then, we propose the Geometric-Invariant [image: $$\text {MOACO}_\mathbb {R}$$] that uses the enhanced [image: $$\text {ACO}_\mathbb {R}$$] and a diversity-preserving mechanism based on pair-potential energy [6] to deal with MOPs regardless of their PF geometry. We tested [image: $$\text {GI-MOACO}_\mathbb {R}$$] on several test suites with regular and irregular PF shapes on multiple QIs. Our experimental results indicate that [image: $$\text {GI-MOACO}_\mathbb {R}$$] outperforms [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$], and it is competitive with state-of-the-art MOEAs designed to tackle MOPs with regular and irregular PF geometries. Thus, to the authors’ best knowledge, [image: $$\text {GI-MOACO}_\mathbb {R}$$] is the first PF-shape-invariant MOACO, highlighting that this work shows that Swarm Intelligence-based algorithms can have this property.
The structure of this paper is organized as follows. Section 2 presents the background to make the paper self-contained. Section 3 outlines our proposed [image: $$\text {GI-MOACO}_\mathbb {R}$$]. Section 4 describes our experimental settings and Sect. 5 discusses the results. Finally, Sect. 6 provides our main conclusions as well as some possible paths for future research.

2 Background
In this section, we first describe [image: $$\text {ACO}_\mathbb {R}$$] which is the search engine of [image: $$\text {GI-MOACO}_\mathbb {R}$$]. Then, we defined a MOP and some terms important in Multi-Objective Optimization. Finally, we briefly introduce Pair-Potential Energy.
2.1 [image: $$\text {ACO}_\mathbb {R}$$]
[image: $$\text {ACO}_\mathbb {R}$$] is an ACO for continuous search spaces proposed in 2008 [23]. A distinctive characteristic of [image: $$\text {ACO}_\mathbb {R}$$] is the utilization of a pheromone matrix [image: $$\mathcal {T}$$] that stores the best k solutions sorted in ascending order by the objective function. Hence, each solution [image: $$\vec {x}_l \in \mathcal {T}$$] has a rank l according to its position in the ordering. For each dimension [image: $$i=1,\dots ,n$$] of [image: $$\varOmega $$], where [image: $$\varOmega \subseteq \mathbb {R}^n$$] is the decision space2, [image: $$\text {ACO}_\mathbb {R}$$] models the promising search region with a Gaussian-kernel Probability Density Function ([image: $$G^{i}(z)$$]), using the solutions in [image: $$\mathcal {T}$$]. Thus, the promising region is defined as [image: $$G^{i}(z) = \sum _{l=1}^{k}{w_{l}g_{l}^{i}(z, \mu _l^i, \sigma _l^i)}$$], where [image: $$w_l\ge 0$$] is a weight factor and [image: $$g_{l}^{i}(z, \mu _l^i, \sigma _l^i)$$] is a Gaussian function with mean [image: $$\mu _l^i = x_{li}$$] (the [image: $$i^\text {th}$$] decision variable of [image: $$\vec {x}_l$$]) and the standard deviation [image: $$\sigma _l^i$$] is defined as follows:[image: $$\begin{aligned} \sigma _l^{i} = \xi \sum _{r = 1}^{k} \frac{\left| x_{ri} - x_{li} \right| }{k-1}, \end{aligned}$$]

 (1)


where [image: $$\xi \ge 0$$], known as evaporation rate, is a user-defined parameter that controls convergence. Small values of [image: $$\xi $$] increase the convergence behavior of [image: $$\text {ACO}_\mathbb {R}$$]. To generate a new candidate solution ([image: $$\vec {x}_{\text {new}}$$]), each [image: $$\text {ant}_j \in \mathcal {C}=\{\text {ant}_1, \dots , \text {ant}_M\}$$] first selects a guiding pheromone [image: $$\vec {x}_l \in \mathcal {T}$$] with probability [image: $$p_l$$]. Then, [image: $$\text {ant}_j$$] samples all [image: $$G_{l}^{i}(z), i = 1,\dots ,n$$] to construct a new candidate solution. The probability [image: $$p_l$$] of selecting [image: $$\vec {x}_l$$] is directly proportional to its weight [image: $$w_l$$] that is defined as follows:[image: $$\begin{aligned} w_l = \frac{1}{qk\sqrt{2\pi }}\cdot e^{-\frac{(l-1)^{2}}{2q^2k^2}}, \end{aligned}$$]

 (2)


where [image: $$q \ge 0$$] is a user-defined parameter that controls the diversification process of the search, where large values of q promote a higher degree of elitism.

2.2 Multi-objective Optimization
In this paper, we solve unconstrained MOPs3 assuming, without loss of generality, the minimization of all the objectives:[image: $$\begin{aligned} \min _{\vec {x} \in \varOmega } \left\{ f{({\vec {x}})} := [ f_1(\vec {x}),f_2(\vec {x}),...,f_m(\vec {x}) ]^\textsf{T} \right\} , \end{aligned}$$]

 (3)


where [image: $$\vec {x} = [x_1,x_2,...,x_n]^\textsf{T} $$] is an n-dimensional decision vector and [image: $$\Lambda = f(\varOmega ) \subseteq \mathbb {R}^m$$] is the objective space. [image: $$f: \varOmega \rightarrow \Lambda $$] is a vector-valued function based on [image: $$m (\ge 2)$$] objectives [image: $$f_i:\varOmega \rightarrow \mathbb {R}, i=1,2,\dots ,m$$]. In MOPs, the definition of optimality is commonly based on the Pareto dominance relation. Given [image: $$\vec {x}, \vec {y} \in \varOmega $$], we say that [image: $$\vec {x}$$] dominates [image: $$\vec {y}$$] (denoted as [image: $$\vec {x} \prec \vec {y}$$]) if [image: $$\forall i = 1, 2,\dots , m, f_i(\vec {x}) \le f_i(\vec {y})$$] and there exists at least an index [image: $$j \in \{1,2\dots ,m\}$$] such that [image: $$f_j(\vec {x} &lt; f_j(\vec {y})$$]. Then, [image: $$\vec {x}_* \in \varOmega $$] is Pareto optimal if there is no other [image: $$\vec {x} \in \varOmega $$] such that [image: $$\vec {x} \prec \vec {x}_*$$]. The solution to a MOP is the Pareto Set [image: $$\text {PS} = \{\vec {x}_* \in \varOmega \, | \, \vec {x}_* \text { is Pareto optimal}\}$$] and its image [image: $$f(\text {PS})$$] is the Pareto Front. A PFA is a set of solutions that approximate a PF where the solutions are mutually non-dominated, i.e., given [image: $$\vec {x},\vec {y} \in \mathcal {A}$$], [image: $$\vec {x} \not \prec \vec {y}$$] and [image: $$\vec {y} \not \prec \vec {x}$$].

2.3 Potential Energy
A Pair-Potential Energy function (PPF), denoted as [image: $$\mathcal {K}$$], measures the interaction between particles at positions [image: $$\vec {u}, \vec {v} \in \mathbb {R}^m$$]. In physics, there is a wide range of PPFs but just a few of them have been utilized in EMOO [8]. Two representative PPFs are the Coulomb’s law [image: $$\mathcal {K}^{\text {COU}}(\vec {u}, \vec {v}) = \frac{q_1q_2}{4\pi \epsilon _0}\cdot \left\Vert \vec {u} - \vec {v}\right\Vert ^{-2}$$], where [image: $$\frac{1}{4 \pi \epsilon _0}$$] is the Coulomb’s constant, being [image: $$\epsilon _0 \approx 8.8542 \times 10^{-12} [\text {F}/\text {m}]$$] the vacuum permittivity, and the Riesz s-kernel, [image: $$\mathcal {K}^{\text {RSE}}(\vec {u}, \vec {v}) = \left\Vert \vec {u} - \vec {v}\right\Vert ^{-s}$$], where [image: $$s &gt; 0$$]. In the context of EMOO, Falcón-Cardona et al. [8] proposed to set [image: $$q_1=\left\Vert \vec {u}\right\Vert $$] and [image: $$q_2=\left\Vert \vec {v}\right\Vert $$]. Given [image: $$\mathcal {K} : \mathbb {R}^m \times \mathbb {R}^m \rightarrow \mathbb {R}$$], the total potential energy (U) of an N-point set [image: $$\mathcal {A}=\{\vec {a}_1, \vec {a}_2,\dots , \vec {a}_N\}$$], with [image: $$N\ge 2$$], where the lower the U of [image: $$\mathcal {A}$$] the higher the diversity of the set [8], is given by:[image: ]

 (4)


In recent years, U has been used in MOEAs to increase the diversity of PFAs, regardless of the PF geometry. MOEAs use selection mechanisms based on heuristic algorithms to approximate [image: $$\mathcal {A}^* = \mathop {\mathrm {arg\,min}}\limits _{\begin{array}{c} \mathcal {A} \subset \mathcal {S} \\ |\mathcal {A}| = N \end{array}} U(\mathcal {A})$$], where [image: $$N &lt;&lt; |\mathcal {S}|$$]. These selection mechanisms have been used as pruning policies in external archives [9], density estimators [14], and for the generation of reference point sets [6]. Mainly, these selection mechanisms are based on a fast greedy removal algorithm that iteratively deletes from [image: $$\mathcal {S}$$] the point [image: $$\vec {a}_{\text {worst}} = \mathop {\mathrm {arg\,max}}\limits _{\vec {a} \in \mathcal {S}} \varDelta (\mathcal {S}, \vec {a})$$], where [image: $$\varDelta (\mathcal {S}, \vec {a}) = U(\mathcal {S}) - U(\mathcal {S} \setminus \{\vec {a}\})$$] is the so-called contribution to U [6].


3 Our Proposal: [image: $$\text {GI-MOACO}_\mathbb {R}$$]
This section describes our proposed [image: $$\text {GI-MOACO}_\mathbb {R}$$], which aims to tackle regular and irregular MOPs. [image: $$\text {GI-MOACO}_\mathbb {R}$$] utilizes an enhanced version of [image: $$\text {ACO}_\mathbb {R}$$] that solves the dependency to [image: $$\xi $$] and the lack of diversification when selecting solutions from the pheromone matrix. [image: $$\text {GI-MOACO}_\mathbb {R}$$] also employs a PPF-based selection mechanism to promote diversity regardless of the PF geometry by performing a subset selection on [image: $$\mathcal {T}$$]. In the following sections, we describe three mechanisms (namely, Classification, Construction, and Diversification) to improve the performance of [image: $$\text {ACO}_\mathbb {R}$$]. Finally, we introduce our proposed [image: $$\text {GI-MOACO}_\mathbb {R}$$].
[image: ]
Algorithm 1. Classification



3.1 Detection of Stagnated Variables
In [image: $$\text {ACO}_\mathbb {R}$$], each [image: $$\text {ant}_j \in \mathcal {C}$$] selects a guiding pheromone [image: $$\vec {x}_l \in \mathcal {T}$$] to generate a new candidate solution ([image: $$\vec {x}_{\text {new}}$$]) by sampling [image: $$g_l^i(z), i=1\dots ,n$$]. The sampling is done without dispersion information of each dimension in the pheromone matrix. For some problems, especially multi-modal ones, pheromones in [image: $$\mathcal {T}$$] may converge to a single solution. Consequently, [image: $$\sigma _l^i \approx 0$$] for all [image: $$l=1,\dots ,k$$] and [image: $$i=1,\dots ,n$$] which causes a lack of exploration. To improve the exploration ability of [image: $$\text {ACO}_\mathbb {R}$$], we propose a mechanism (see Algorithm 1) to classify the decision variables in [image: $$\mathcal {T}$$] into stagnated or not. This mechanism requires a threshold [image: $$\overline{\sigma } \in (0,1)$$] that indicates the minimum permissible deviation value. Line 1 initializes the sets [image: $$\texttt {CHOICES}$$] and [image: $$\texttt {STAGNATED}$$]. For each dimension i, we calculate the standard deviation ([image: $$\sigma _{x_i}$$]) of the [image: $$i^{\text {th}}$$] decision variable in [image: $$\mathcal {T}$$] and we normalize it using the lower and upper bounds, [image: $$l_i$$] and [image: $$u_i$$], respectively, of this decision variable. In case that [image: $$\sigma '_{x_i} \ge \overline{\sigma }$$], the dimension i is assigned to [image: $$\texttt {CHOICES}$$], otherwise i is assigned to [image: $$\texttt {STAGNATED}$$]. Hence, [image: $$\texttt {STAGNATED}$$] will contain the stagnated decision variables and [image: $$\texttt {CHOICES}$$] the rest. The smaller the value of [image: $$\overline{\sigma }$$], the stricter is the constraint to consider a variable as stagnated. According to our experimental observations, well-spread values have [image: $$0.2 \le \sigma '_{x_i} \le 0.4$$]. Hence, we recommend setting [image: $$\overline{\sigma } \le 0.15$$], as larger values might prematurely assign non-stagnated decision variables to set [image: $$\texttt {STAGNATED}$$], compromising convergence.

3.2 Constructing New Candidate Solutions
To improve the exploration and exploitation ability of our approach, we propose here a new method to construct a candidate solution [image: $$\vec {x}_{\text {new}} \in \varOmega $$]. To this aim, [image: $$\text {ant}_j$$] needs to provide as input a guiding pheromone [image: $$\vec {x}_l$$]. In contrast to the original [image: $$\text {ACO}_\mathbb {R}$$] where an ant samples each [image: $$g_l^i(z, \mu _l^i, \sigma _l^i)$$], in our proposal only [image: $$\overline{n}$$] decision variables from [image: $$\texttt {CHOICES}$$] are selected to construct [image: $$\vec {x}_{\text {new}}$$]. Algorithm 2 sets the value of [image: $$\overline{n}$$] by iteratively calculating [image: $$\overline{n} = \min (\overline{n}, \sim \mathcal {U}_{\mathbb {N}}[1, |\texttt {CHOICES}|])$$], where [image: $$\sim \mathcal {U}_{\mathbb {N}}[1, |\texttt {CHOICES}|]$$] generates a random natural number in the range [image: $$[1, |\texttt {CHOICES}|$$]. Then, in line 5, [image: $$\overline{n}$$] random and distinct variables from [image: $$\texttt {CHOICES}$$] are assigned to [image: $$\mathcal {I}$$]. To construct [image: $$\vec {x}_{\text {new}} \in \varOmega $$], the Gaussian kernels associated with each [image: $$i \in \mathcal {I}$$] are sampled. The remaining variables4 are copied directly from the guiding pheromone [image: $$\vec {x}_l$$]. It is worth emphasizing that modifying fewer decision variables allows the use of larger values of [image: $$\xi $$]. As a result, it maintains convergence while increasing diversity. In consequence, this reduces the dependency of [image: $$\text {ACO}_\mathbb {R}$$] to [image: $$\xi $$].
[image: ]
Algorithm 2. Construction




3.3 Avoiding Stagnation of Decision Variables
The original [image: $$\text {ACO}_\mathbb {R}$$] suffers from stagnation because the best solutions are stored in the pheromone matrix. When the solutions in [image: $$\mathcal {T}$$] are similar, [image: $$\sigma _l^i \approx 0$$] (see Eq. (1)) for all [image: $$l=1,\dots ,k$$] and [image: $$i=1,\dots ,n$$]. In consequence, an ant cannot explore more regions of [image: $$\varOmega $$]. Algorithm 3 avoids stagnation by increasing the diversity of solutions in [image: $$\mathcal {T}$$], using an external archive [image: $$\mathcal {M}$$]. First, if [image: $$\mathcal {M}$$] has more than [image: $$k=|\mathcal {T}|$$] solutions, the content of [image: $$\mathcal {T}$$] is replaced by a subset of k solutions from [image: $$\mathcal {M}$$] using a PPF-based subset selection as in [6]. Otherwise, [image: $$k-|\mathcal {M}|$$] solutions are randomly selected from [image: $$\mathcal {M}$$] to be inserted in [image: $$\mathcal {T}$$]. Lines 8 and 9 randomly permute the pheromones of [image: $$\mathcal {T}$$] and randomly select a decision variable i from [image: $$\texttt {STAGNATED}$$]. Finally, [image: $$\lceil k \times \alpha \rceil $$] solutions [image: $$\in \mathcal {T}$$] are perturbed by assigning a random real number [image: $$\sim \mathcal {U}_{\mathbb {R}}[l_i, u_i]$$] to the [image: $$i^{\text {th}}$$] component of the solutions. Thus, this injection of randomness aims to increase the exploration ability and diversification of [image: $$\text {ACO}_\mathbb {R}$$]. As a result, the [image: $$i^{\text {th}}$$] component of [image: $$\mathcal {T}$$] will be added to the set [image: $$\texttt {CHOICES}$$] by Algorithm 1.
[image: ]
Algorithm 3. Diversification




3.4 [image: $$\text {GI-MOACO}_\mathbb {R}$$]
Algorithm 4 outlines the main loop of [image: $$\text {GI-MOACO}_\mathbb {R}$$], which uses a bounded external archive [image: $$\mathcal {M}$$] of maximum size [image: $$3\mu $$] to store non-dominated solutions found during the search process. The size of the set [image: $$\mathcal {M}$$] is limited because larger sizes require more computational and time resources to update, with a complexity of [image: $$\mathcal {O}(|\mathcal {M}|^{2})$$] [3]. Additionally, previous experimentation has shown that performance is not compromised once the size reaches [image: $$3\mu $$]. In case that [image: $$\mathcal {M}$$] has more than [image: $$3\mu $$] solutions, we apply a [image: $$U^\mathcal {K}$$]-based subset selection using the algorithm provided in [6]. Lines 7 to 24 sketch the main loop of [image: $$\text {GI-MOACO}_\mathbb {R}$$]. First, Algorithm 1 classifies the decision variables into [image: $$\texttt {CHOICES}$$] and [image: $$\texttt {STAGNATED}$$]. Then, each [image: $$\text {ant}_j \in \mathcal {C}, j=1,\dots ,k$$] generates a new candidate solution using Algorithm 2, adding it to [image: $$\mathcal {T}$$]. In line 14, [image: $$\mathcal {M}$$] and [image: $$\mathcal {T}$$] are joined and, then, [image: $$\mathcal {T}$$] is sorted with the Non-Dominated Sorting Algorithm [3] and pruned if necessary. In line 17, we ensure that [image: $$\mathcal {M}$$] has at most [image: $$3\mu $$] solutions. Since applying Algorithm 3 at each iteration may produce a lack of convergence, we execute it every [image: $$T_w$$] iterations only if [image: $$|\texttt {STAGNATED}|&gt;0$$]. Finally, [image: $$\xi $$] is updated if 80% of the search process has been completed to encourage an exploitation behavior. [image: $$\text {GI-MOACO}_\mathbb {R}$$] returns a subset of [image: $$\mu $$] solutions from [image: $$\mathcal {M}$$] using the [image: $$U^\mathcal {K}$$]-based subset selection.
[image: ]
Algorithm 4. [image: $$\text {GI-MOACO}_\mathbb {R}$$]





4 Experimental Settings
This section is devoted to test the performance of [image: $$\text {GI-MOACO}_\mathbb {R}$$]5. We compared our proposal against [image: $$\text {MOACO}_\mathbb {R}$$] [13] and [image: $$\text {iMOACO}_\mathbb {R}$$]6 [7], and five state-of-the-art MOEAs7 (designed to tackle both regular and irregular PF shapes): AdaW [19], AR-MOEA [24], SPEA2+SDE [17], RVEA-iGNG [20], and Two[image: $$\_$$]Arch2 [28]. We performed 30 independent executions of each algorithm per test instance.
4.1 Benchmark Problems
We adopted the test suites Deb-Thiele-Laumanns-Zitzler (DTLZ) [4], Walking-Fish-Group (WFG) [15], their inverted versions [image: $$\text {DTLZ}^{-1}$$] and [image: $$\text {WFG}^{-1}$$] [16], respectively, with 2, 3, 5, and 7 objectives. Additionally, we employed the Irregular MOPs (IMOP) [26] and the Viennet problems (VIE) [27]. We selected these test suites because they cover a wide range of PF geometries and search difficulties.
Table 1 presents the main characteristics of the PF geometries of the selected MOPs, indicating if the geometry correlates with the simplex shape. For DTLZ and [image: $$\text {DTLZ}^{-1}$$] problems, the number of variables was set to [image: $$n = m + K - 1$$], where m denotes the number of objectives, [image: $$K=5$$] for DTLZ1, [image: $$K=10$$] for DTLZ2-DTLZ6, and [image: $$K=20$$] for DTLZ7. The inverted versions share the same values of K. Regarding WFG problems, we set the tuples [image: $$(n, m, k_{\text {position}})$$], where [image: $$k_{\text {position}}$$] is the number of position-related parameters, to (24, 2, 4), (26, 3, 4), (30, 5, 8), and (34, 7, 12). For the IMOP test suite, the parameters [image: $$K, L, a_1, a_2,$$] and [image: $$a_3$$] are set to 5, 5, 0.05, 0.05, and 10 as indicated by its authors [26].Table 1.Characteristics of the PF geometries of the selected MOPs and the reference point for the HV calculation.


	MOP
	PF geometry
	Simplex-like
	Reference point (HV)

	DTLZ1
	Triangular (linear)
	Yes
	[image: $$(1,\dots ,1)$$]

	DTLZ2 - DTLZ4
	Concave
	Yes
	[image: $$(2,\dots ,2)$$]

	DTLZ5 & DTLZ6
	Concave ([image: $$m = 2$$])
Degenerate ([image: $$m = 3$$])
Unknown ([image: $$m &gt; 3$$])
	Yes
No
No
	[image: $$(2,\dots ,2)$$]

	DTLZ7
	Disconnected
	No
	[image: $$(1,\dots ,1,21)$$]

	[image: $$\text {DTLZ1}^{-1}$$]
	Inverted triangular
	No
	[image: $$(1,\dots ,1)$$]

	[image: $$\text {DTLZ2}^{-1}$$] - [image: $$\text {DTLZ6}^{-1}$$]
	Convex
	No
	[image: $$(1,\dots ,1)$$]

	[image: $$\text {DTLZ7}^{-1}$$]
	Disconnected
	No
	[image: $$(0.1,\dots ,0.1,-10)$$]

	WFG1
	Mixed
	Yes
	[image: $$(3,5,7,\dots ,2m+1)$$]

	WFG2
	Disconnected
	Yes
	[image: $$(3,5,7,\dots ,2m+1)$$]

	WFG3
	Linear ([image: $$m = 2$$])
Degenerate ([image: $$m \ge 3$$])
	Yes
No
	[image: $$(3,5,7,\dots ,2m+1)$$]

	WFG4 - WFG9
	Concave
	Yes
	[image: $$(3,5,7,\dots ,2m+1)$$]

	[image: $$\text {WFG1}^{-1}$$]
	Mixed
	No
	[image: $$(1,\dots ,1)$$]

	[image: $$\text {WFG2}^{-1}$$], [image: $$\text {WFG4}^{-1}$$] - [image: $$\text {WFG9}^{-1}$$]
	Convex
	No
	[image: $$(1,\dots ,1)$$]

	[image: $$\text {WFG3}^{-1}$$]
	Inverted triangular
	No
	[image: $$(1,\dots ,1)$$]

	VIE1
	Convex
	No
	(4, 5, 4)

	VIE2
	Mixed
	No
	[image: $$(5,-15,-11)$$]

	VIE3
	Mixed
	No
	(10, 18, 1)

	IMOP1
	Convex
	Yes
	(1.2, 1.2)

	IMOP2
	Concave
	Yes
	(1.2, 1.2)

	IMOP3
	Disconnected
	No
	(1.5, 1.2)

	IMOP4
	Degenerate
	No
	(1.2, 1.2, 1.2)

	IMOP5
	Disconnected
	No
	(1, 1, 2)

	IMOP6
	Degenerate
	No
	(1.2, 1.2, 1.2)

	IMOP7
	Concave
	No
	(1.2, 1.2, 1.2)

	IMOP8
	Degenerate
	No
	(1.2, 1.2, 3.2)






4.2 Parameter Settings
For a fair comparison, all the algorithms use the same population size ([image: $$\mu $$]) and they consume the same number of function evaluations ([image: $$\text {FE}_{\text {max}}$$]). Hence, we set [image: $$(\mu , m, \text {FE}_{\text {max}})$$] to [image: $$(120, 2, 40\times 10^3)$$], [image: $$(120, 3, 50\times 10^3)$$], [image: $$(126, 5, 70\times 10^3)$$], and [image: $$(210, 7, 90\times 10^3)$$]. These values are selected as they are standard values utilized in the EMOO literature [5]. Regarding [image: $$\text {GI-MOACO}_\mathbb {R}$$], the parameters [image: $$\xi _0$$], q, [image: $$\overline{\sigma }$$], [image: $$\alpha $$], and [image: $$T_{w}$$], are set to 1.8, 0.5, 0.1, 0.5, and 4, respectively. The selection of values is based on previous experimentation. Additionally, [image: $$\mathcal {K}$$] is set to [image: $$\mathcal {K}^{\text {COU}}$$] for all the processes to ensure convergence and diversity as suggested by Falcón-Cardona et al. [6], except on Algorithm 3, where is set to [image: $$\mathcal {K}^{\text {RSE}}$$] to take advantage of its theoretical properties. In [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$] the parameters q and [image: $$\xi $$] are set to 0.1 and 0.5, respectively, as suggested by their authors [7, 13]. In [image: $$\text {MOACO}_\mathbb {R}$$], the number of ants is set to 2. For all the selected MOEAs, the parameter values are set to their default values as in the PlatEMO platform [25]. The crossover and mutation probabilities are set to 1.0 and 1/n, respectively, while both crossover and mutation distribution indexes are set to 20.

4.3 Quality Indicators
We adopted the Hypervolume indicator (HV) and the Inverted Generational Distance plus ([image: $$\text {IGD}^+$$]) to assess convergence towards the PF [18]. To measure the diversity of the PFAs, we used the Riesz s-energy [image: $$E_s = U^{\mathcal {K}^{\text {RSE}}}$$] (see Eq. 4), where [image: $$s&gt;0$$] is a user-supplied parameter. Table 1 lists the reference points used to calculate HV for each test problem. The calculation of [image: $$\text {IGD}^{+}$$] requires a reference point set, constructed by merging all the PFAs generated by all algorithms for a given test instance and filtering out the non-dominated solutions. Then, we performed an [image: $$E_s$$]-based subset selection to obtain [image: $$100\times m$$] solutions with [image: $$s=m+1$$] [6]. For [image: $$E_s$$] assessment, we set [image: $$s=m+1$$] to evaluate the normalized PFAs.


5 Discussion of Results
The main goal of this Section is to present the numerical comparison of [image: $$\text {GI-MOACO}_\mathbb {R}$$] based on HV, [image: $$\text {IGD}^+$$], and [image: $$E_s$$]. However, we first show how Algorithms 2 and 3 help to enhance the performance of the original [image: $$\text {ACO}_\mathbb {R}$$]. Then, we discuss here the comparison of [image: $$\text {GI-MOACO}_\mathbb {R}$$] with [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$]. Then, we focus on comparing [image: $$\text {GI-MOACO}_\mathbb {R}$$] with the selected MOEAs. Due to space constraints, the complete numerical results for HV are provided in Tables SM-1 to SM-6 of the Supplementary Material (SM) available at https://​github.​com/​Humberto-Tamayo/​GI-MOACOR.​git. Tables SM-7 to SM-12 show the results for [image: $$\text {IGD}^{+}$$], and Tables SM-13 to SM-18 show the results for [image: $$\text {E}_{s}$$]. Table 2 presents a summary of HV-based results in Tables SM-1 to SM-6 from the SM. Additionally, Fig. 2 shows PFAs according to the first, second, third, and last rank in the comparison from Tables SM-1 to SM-6.[image: ]
Fig. 1.Effect of Construction and Diversification algorithms in [image: $$\text {ACO}_\mathbb {R}$$] on the Rastrigin Function. (a) Original [image: $$\text {ACO}_\mathbb {R}$$], (b) Construction on and Diversification off, (c) Construction off and Diversification on, (d) Construction On and Diversification off.



5.1 Discussion of the Enhanced [image: $$\text {ACO}_\mathbb {R}$$]
To show the effect of Algorithms 1 and 3 in [image: $$\text {ACO}_\mathbb {R}$$], we measured the performance of [image: $$\text {ACO}_\mathbb {R}$$] when turning on and off these algorithms. Moreover, we used [image: $$\xi = 0.55, 1.85, 2.35$$] to identify its effect. We tested the algorithm with the multi-modal Rastrigin Function with 20 decision variables with 35 thousand function evaluations. Figure 1(a) shows the performance of the original [image: $$\text {ACO}_\mathbb {R}$$] when Algorithms 2 and 3 are turned off8. This illustrates that [image: $$\text {ACO}_\mathbb {R}$$] fails to converge with high values of [image: $$\xi $$] and gets stuck with [image: $$\xi = 0.55$$]. The effect of Algorithm 2 is shown in Fig. 1(b) for [image: $$\xi = {0.55, 1.85, 2.25}$$]. In this case, all the algorithms have a similar behavior, showing a clear reduction in the dependency on [image: $$\xi $$]. On the other hand, the effect of Algorithm 3 is illustrated in Fig. 1(c) for [image: $$\xi = 0.55$$], obtaining better results than in Fig. 1(a). Finally, Fig. 1(d) shows the effectiveness of combining Algorithms 2 and 3, outperforming the original [image: $$\text {ACO}_\mathbb {R}$$]. The enhancements of [image: $$\text {ACO}_\mathbb {R}$$] increase convergence and reduce the dependency to [image: $$\xi $$], thus improving diversity which is beneficial for MaOPs.Table 2.Mean and standard deviation (in parentheses) of HV values. The two best values are highlighted in gray scale, where the darker tone corresponds to the best one. The rank in the comparison for each value is shown in parentheses. The symbol # is placed where the best-ranked algorithm performs statistically better according to a one-tailed Wilcoxon rank-sum test using a significance level of 0.05.
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Fig. 2.PFAs generated by [image: $$\text {GI-MOACO}_\mathbb {R}$$] and the selected MOACOs and MOEAs.




5.2 Comparison Against MOACOs
Table 2 shows that [image: $$\text {GI-MOACO}_\mathbb {R}$$] outperforms [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$] at tackling multi-frontal MOPs such as DTLZ1 and WFG4. Additionally, the results associated with DTLZ4 and WFG8 show that [image: $$\text {GI-MOACO}_\mathbb {R}$$] performs competitively against [image: $$\text {iMOACO}_\mathbb {R}$$] in regular MOPs and MaOPs. In this regard, Tables SM-3, SM-5, SM-9, and SM-11 indicate that [image: $$\text {GI-MOACO}_\mathbb {R}$$] outperforms [image: $$\text {iMOACO}_\mathbb {R}$$] in most regular MaOPs from the DTLZ and WFG test suites. According to HV and [image: $$\text {IGD}^{+}$$], [image: $$\text {GI-MOACO}_\mathbb {R}$$] obtained better approximations in 17 out of 26 regular MaOPs with 5 and 7 objectives.
Figure 3 shows a set of heat maps comparing [image: $$\text {GI-MOACO}_\mathbb {R}$$] with the selected MOACOs and MOEAs. The heat maps show the number of times an algorithm is ranked first or second in the comparison based on HV, [image: $$\text {IGD}^+$$], and [image: $$E_s$$], based on Tables SM-1 to SM-18. On the one hand, Fig. 3(a) shows that the PFAs generated by [image: $$\text {GI-MOACO}_\mathbb {R}$$] are the best compared to [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$] according to HV, [image: $$\text {IGD}^{+}$$], and [image: $$\text {E}_{s}$$] in most of the adopted MOPs and MaOPs. [image: $$\text {GI-MOACO}_\mathbb {R}$$] obtains the first rank in 80.89% of the MOPs and 89.58% of the MaOPs9. Additionally, Fig. 2 shows several irregular MOPs such as [image: $$\text {WFG3}^-1$$] [image: $$\text {DTLZ2}^-1$$], [image: $$\text {DTLZ7}^-1$$], and VIE2, where [image: $$\text {GI-MOACO}_\mathbb {R}$$] outperformed [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$], according to HV. For [image: $$\text {DTLZ2}^-1$$], [image: $$\text {DTLZ7}^-1$$], and VIE2, [image: $$\text {iMOACO}_\mathbb {R}$$] shows difficulties to converge. These results indicate that [image: $$\text {GI-MOACO}_\mathbb {R}$$] outperforms [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$].[image: ]
Fig. 3.(a) Heat map that shows the number of times a MOACO was ranked first according to HV, [image: $$\text {IGD}^{+}$$], and [image: $$\text {E}_{s}$$]. (b) Heat map that shows the number of times [image: $$\text {GI-MOACO}_\mathbb {R}$$] or a MOEA was ranked first or second according to the three selected QIs.




5.3 Comparison Against State-of-the-Art MOEAs
The goals of comparing [image: $$\text {GI-MOACO}_\mathbb {R}$$] with state-of-the-art MOEAs are threefold: 1) determining if [image: $$\text {GI-MOACO}_\mathbb {R}$$] is competitive against MOEAs designed to tackle regular and irregular PF geometries, 2) identifying if [image: $$\text {GI-MOACO}_\mathbb {R}$$] outperforms these MOEAs in MOPs with specific properties, and 3) pointing out improvement areas for [image: $$\text {GI-MOACO}_\mathbb {R}$$].
Table 2 and Fig. 2 show that [image: $$\text {GI-MOACO}_\mathbb {R}$$] is competitive with the selected MOEAs in multiple irregular MOPs such as [image: $$\text {DTLZ2}^{-1}$$], [image: $$\text {DTLZ7}^{-1}$$], VIE3, [image: $$\text {WFG7}^{-1}$$] for 4 objectives, DTLZ6 for 7 objectives, and DTLZ7 regardless of the number of objectives, according to HV. Additionally, Tables SM-5 and SM-11 indicate that [image: $$\text {GI-MOACO}_\mathbb {R}$$] obtains competitive results according to HV and [image: $$\text {IGD}^{+}$$] in WFG2, WFG6, WFG7, and WFG9 for 5 and 7 objectives. These MaOPs are non-separable and simplex-like. These results show that [image: $$\text {GI-MOACO}_\mathbb {R}$$] does not have a preference for specific PF geometries. However, it has a good performance on disconnected, non-separable, and deceptive problems. We believe that this behavior is due to the probabilistic mechanisms of [image: $$\text {ACO}_\mathbb {R}$$]. In contrast to MOEAs where crossover might not easily generate offspring that jump across disconnected regions, or in deceptive landscapes, [image: $$\text {ACO}_\mathbb {R}$$] is less constrained by the need for solutions to be adjacent or directly related in the search space.
Figure 3(b) compares [image: $$\text {GI-MOACO}_\mathbb {R}$$] with selected MOEAs. GI-MOACO[image: $$\mathbb {R}$$] shows superior PFA diversity (in terms of [image: $$E_s$$]) due to its use of PPFs. Two_Arch2 provides the best approximations for most MOPs, and SPEA+SDE excels in most MaOPs according to HV and [image: $$\text {IGD}^{+}$$]. Despite some challenges in covering the entire PF in the IMOP test suite, [image: $$\text {GI-MOACO}_\mathbb {R}$$] achieves top ranks in many MOPs and MaOPs, demonstrating its competitiveness. The issue likely stems from the sensitivity of [image: $$\text {ACO}_\mathbb {R}$$] to the pheromone matrix composition, suggesting room for improving its probabilistic sampling and pheromone updating mechanisms.


6 Conclusions and Future Work
In this paper, we proposed [image: $$\text {GI-MOACO}_\mathbb {R}$$] which is a Pareto-Front-Shape Invariant MOACO for solving continuous MOPs. [image: $$\text {GI-MOACO}_\mathbb {R}$$] uses an enhanced [image: $$\text {ACO}_\mathbb {R}$$] to improve its search capabilities and it has a diversity-preserving mechanism based on PPFs. According to our experimental results using several benchmark problems with regular and irregular Pareto Front geometries, it outperforms both [image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$] and it is competitive concerning state-of-the-art MOEAs. It also showed significant performance in disconnected, non-separable, and deceptive MOPs. For future work, we want to develop a hybrid model and test PDFs to model more difficult and large-scale search spaces.
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Footnotes
1A unary Quality Indicator is a set function that assigns a real value to a PFA depending on its degree of proximity to the PF, spread, or uniformity [18].

 

2[image: $$\varOmega = [l_1, u_1] \times [l_2, u_2] \times \cdots \times [l_n, u_n]$$], where [image: $$l_i$$] and [image: $$u_i$$] define the lower and upper bounds, respectively, of the [image: $$i^{\text {th}}$$] decision variable.

 

3In the Evolutionary Multi-Objective Optimization (EMOO) community, the term Many-Objective Optimization Problem (MaOP) is used to denote problems having more than three objectives.

 

4Note that each [image: $$\text {ant}_j \in \mathcal {C}$$] might modify a different number [image: $$\overline{n}$$] of decision variables.

 

5The source code of [image: $$\text {GI-MOACO}_\mathbb {R}$$] is available at https://​github.​com/​Humberto-Tamayo/​GI-MOACOR.​git.

 

6[image: $$\text {MOACO}_\mathbb {R}$$] and [image: $$\text {iMOACO}_\mathbb {R}$$] were coded in Python 3.10.12. Their source code is available at https://​github.​com/​Humberto-Tamayo/​MOACOR-iMOACOR.​git.

 

7We used the implementations from the PlatEMO platform [25].

 

8Note that for Algorithms 2 and 3 to work, Algorithm 1 must be turned on.

 

9Note that [image: $$\text {MOACO}_\mathbb {R}$$] does not take part of the comparison of MaOPs since it does not properly scale.
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Abstract
Quantum computation uses quantum mechanical principles to reach beyond-classical computational power. This has endless applications, especially in optimisation-problems’ solving. Most of today’s quantum optimisers, more specifically, Quantum Approximate Optimisation Algorithm (QAOA), were originally designed to solve single-objective problems, although real-life scenarios include generally dealing with multiple objectives. Very preliminary literature with design/implementation limitations has been done in this sense. This makes dealing with such limitations and expanding the QAOA applicability to multi-objective optimisation an important step towards advancing quantum computation. To do so, this work presents a decomposition-based Multi-Objective QAOA (MO-QAOA) able to solve multi-objective problems. The proposal’s design explores QAOA’s features considering the error-prone and limited nature of today’s quantum computers as well as the costly quantum simulation. This work’s contributions stand in designing both, (I) sequential and parallel MO-QAOA, based on (II) weighted-sum and Tchebycheff scalarisation, by (III) exploring the QAOA’s parameters’ transference. The validation has been done using 2, 3 and 4-objectives problems of several sizes/complexities/types, using up to 2000 slaves/jobs running quantum computer simulators, as well as three real IBM 127-qubits’ quantum computers. The results show up to 89% execution-time decrease, which supports the applicability/reliability of the proposal in today’s time-constrained and error-prone quantum computers.
Keywords
Quantum ComputingMulti-objective Optimisation
1 Introduction
Quantum Computation (QC), based on the principles of quantum physics (e.g. superposition, entanglement, etc.), is able to provide a computational speed-up over classical computing [11]. This has numerous applications, especially in optimisation-problem solving [2]. Regarding the former, two QC paradigms exist: quantum annealing and gate-based quantum computing. This work investigates optimisers designed for discrete gate-based quantum computers, considering their wider applicability, investigation and support by manufacturers. Although quantum technology is gaining more interest, it is still in a Noisy Intermediate Scale Quantum era (NISQ), with limited qubits’ number and noise robustness. So, this work investigates a relatively-recent quantum solver; the Quantum Approximate Optimisation Algorithm (QAOA) [9] knowing that it can still provide promising performances regardless of the NISQ nature of the quantum technology, and can, theoretically, guarantee solving-optimality under certain conditions.
QAOA was devised originally to solve single-objective problems, where its performances have been actively investigated. This being said, most real-life problems usually imply considering several conflicting objectives [1]. To this end, rethinking QAOA to be also applicable on such type of problems is crucial towards exploring the advantages of such algorithms, or even quantum computation, in real-world applications. To the best of the authors’ knowledge, only three works have investigated Variational Quantum Algorithms (VQAs) in a multi-objective context [3, 7, 8], including only one researching specifically the QAOA [3]. All the aforementioned works present some design or implementation shortfalls which might be a handicap towards their applicability and efficiency. Considering specifically the work in [3] addressing the QAOA, from a design point of view: (I) the decomposition’s design might be an issue, (II) it does not explore some interesting features of the QAOA such as parameters’ distribution concentration and transference that might lead to a more efficient design [13]. Now, from an implementation aspect, the proposal does not consider two very important facts: (I) quantum computers are in their NISQ era with quite delaying queuing systems, and (II) quantum simulation requirements increase exponentially with respect to the problems’ size.
This work proposes both sequential and parallel approaches to research the limitations in [3], where the sequential proposal investigates the design shortfalls by exploring a weighted-sum scalarisation and, for the first time in the literature, Tchebycheff decomposition as well as the QAOA’s parameters’ concentration/transference. The parallel approach deals with the implementation issues by leveraging the parallel use of quantum computers/simulators. The validation has been done on large and diverse benchmarks (2-4 min-max objectives, 4-127 variables), using the largest IBM real gate-based quantum computers (127 qubits) and quantum simulators (up to 2000). It is worth stating that our claims are with regard to the VQAs’ literature in Multi-Objective Optimisation (MOO). One should note that this work’s purpose is not proving quantum advantage neither outperforming the state-of-the-art classical solvers, as this would be hardly achievable considering today’s small-scale/NISQ nature of quantum machines. Instead, we aim to (I) prepare the foundations to do so when scalable/stable quantum hardware will be available, and (II) explore the strength/weaknesses of nowadays’ quantum optimisers/computers regarding classical ones.
The rest of the paper presents some background on quantum computing, QAOA, and MOO in Sect. 2. Afterwards, Sect. 3 thoroughly analyses the literature. In Sect. 4, the proposed approach is introduced, while Sect. 5 assesses its efficiency. Finally, Sect. 6 concludes the paper.

2 Preliminary Concepts
This section presents fundamentals of QC, QAOA and MOO.
2.1 Quantum Computing and Approximate Optimisation
Quantum computing in a discrete gate-based model describes computation as quantum circuits. The former consists in a set of quantum gates acting on quantum bits (or qubits) [11]. Unlike classical bits, which can take either value 0 or 1, the qubits can be in a superposition of both states. Formally, the quantum state [image: $$\left| {\mathcal {\psi }}\right\rangle =\alpha \left| {0}\right\rangle + \beta \left| {1}\right\rangle $$] of a qubit is the superposition of both basis state [image: $$\left| {0}\right\rangle $$] and [image: $$\left| {1}\right\rangle $$], having [image: $$\alpha $$] and [image: $$\beta $$] as probability amplitudes. Based on the Born rule, the probability of measuring 0 and 1 is [image: $$\mathcal {P}_{z}(\left\langle {0}\vert {\psi }\right\rangle )$$] = [image: $$|\alpha | ^{2}$$] and [image: $$\mathcal {P}_{z}(\left\langle {1}\vert {\psi }\right\rangle )$$] = [image: $$|\mathcal {\beta }|^{2}$$], respectively, where [image: $$\mathcal {P}_{z}(\left\langle {1}\vert {\psi }\right\rangle )$$] + [image: $$\mathcal {P}_{z}(\left\langle {0}\vert {\psi }\right\rangle )$$] = 1. Considering the quantum gates, they are unitary operators [image: $$\mathcal {U}$$], with the property [image: $$\mathcal {U}\mathcal {U}^{\dag }$$] = [image: $$\mathcal {U}^{\dag }\mathcal {U}$$] = [image: $$\mathcal {I}$$], where [image: $$\mathcal {U}^{\dag }$$] is the adjoint of [image: $$\mathcal {U}$$] (conjugate transpose) and [image: $$\mathcal {I}$$] is the identity matrix. The state of [image: $$\left| {\mathcal {\psi }}\right\rangle $$] evolves in a complex Hilbert space [image: $$\mathcal {H}$$] and the quantum state of n qubits [image: $$\left| {\psi _{*}}\right\rangle $$] lives in the tensor product of n complex Hilbert spaces [image: $$\mathcal {H}^{\otimes {n}}$$].[image: ]
Fig. 1.Execution workflow of the QAOA



QAOA is a hybrid quantum algorithm represented by a layered application of unitary transformations called ansatz. Concretely, the QAOA’s building blocks are the problem unitary and the mixer unitary. The first one is a unitary transformation that depends on the problem Hamiltonian [image: $$\mathcal {H}_{\mathcal {P}}$$], while the second depends on a mixer Hamiltonian [image: $$\mathcal {H}_{\mathcal {M}}$$]. QAOA stands in two components: a quantum and a classical one. The quantum component is an ansatz that produces a state [image: $$\left| {\psi _{(\gamma ,\beta )}}\right\rangle $$] after applying p pairs of the problem unitary and the mixer unitary applied to n qubits prepared in a superposition state using the Walsh-Hadamard transform [image: $$\mathcal {H}^{\otimes n}$$] (see Eq. (1)). The [image: $$i^{th}$$] pair of layers [image: $$(\mathcal {H}_{\mathcal {P}}, \mathcal {H}_{\mathcal {M}})$$] is parameterised with two parameters [image: $$\gamma _{i}$$] and [image: $$\beta _{i}$$], where p layers use 2p parameters. The classical component optimises the sets of parameters [image: $$\gamma = \{\gamma _{1}, \dots , \gamma _{p} \}$$] and [image: $$\beta = \{\beta _{1}, \dots , \beta _{p} \}$$] to minimise the expectation value [image: $$\mathcal {F}_{(\gamma ,\beta )}$$] defined in Eq. (2).[image: $$\begin{aligned} \begin{aligned} \mathcal {U}_{(\mathbf {\gamma },\mathbf {\beta })} &amp; = \bigotimes \limits _{j=1}^{p} \left( e^{- i \beta _j \mathcal {H}_{\mathcal {M}}} e^{- i \gamma _j \mathcal {H}_p} \right) \mathcal {H}^{\otimes n} = \bigotimes \limits _{j=1}^{p} \left( e^{- i \beta _j \sum \limits _{i=1}^{n} \mathcal {X}_{i}} e^{- i \gamma _j \mathcal {H}_p} \right) \mathcal {H}^{\otimes n}, \end{aligned} \end{aligned}$$]

 (1)



[image: ]

 (2)





2.2 Multi-objective and Pseudo-Boolean Optimisation
Solving a multi-objective problem [image: $$\mathcal {F}_{*}$$] stands in solving simultaneously a set of [image: $$\mathcal {K}$$] min/max optimisation problems {[image: $$\mathcal {F}_{1}$$], ..., [image: $$\mathcal {F}_{\mathcal {K}}$$]}, where [image: $$\mathcal {F}_{i}: x \rightarrow \mathbb {R}$$], [image: $$i = 1, \dots , \mathcal {K}$$], and [image: $$\mathcal {F}_{*}: x \rightarrow \mathbb {R}^{\mathcal {K}}$$]. A solution [image: $$x_{1}$$] is said to weakly dominate another one [image: $$x_{2}$$], denoted [image: $$x_{1} \preceq x_{2}$$], when [image: $$\mathcal {F}_{i}(x_{1}) \le \mathcal {F}_{i}(x_{2})$$], for [image: $$i = 1, \dots , \mathcal {K}$$]. Also, [image: $$x_{1}$$] is said to dominate [image: $$x_{2}$$], denoted as [image: $$x_{1} \prec x_{2}$$], when [image: $$x_{1} \preceq x_{2}$$] and [image: $$\exists i \in \{1, \dots , \mathcal {K}\}$$] where [image: $$\mathcal {F}_{i}(x_{1}) &lt; \mathcal {F}_{i}(x_{2})$$]. Finally, [image: $$x_{1}$$] is said to strictly dominate [image: $$x_{2}$$], and denoted 
[image: ], when [image: $$\forall i \in \{1, \dots , \mathcal {K}\}$$], [image: $$\mathcal {F}_{i}(x_{1}) &lt; \mathcal {F}_{i}(x_{2})$$] [1]. It is worth noting that normal and strict dominance are more likely to be considered in this work.
Optimisation problems to be solved in MOO can be of different types, although in this present work, a special interest is given to pseudo-Boolean problems. In general, an n-dimensional pseudo-Boolean problem can be defined as[image: $$\begin{aligned} \mathcal {F}(x) = \sum _{{\mathcal {S}} \subseteq [n]} \mathcal {C}_{\mathcal {S}} \prod _{j \in {\mathcal {S}}} x_{j}, \end{aligned}$$]

 (3)


where we define [image: $$[n] = \{$$]1, 2, [image: $$\dots $$], [image: $$n \}$$], [image: $${\mathcal {S}}$$] is a subset of variables from [n], [image: $$\mathcal {C}_{\mathcal {S}}$$] is the coefficient of the term involving the product of variables in [image: $${\mathcal {S}}$$] and [image: $$x \in \{0,1\}^n$$] is a binary string [image: $$x = (x_{1}, \dots , x_{n})$$]. In this work, we focus on quadratic and higher-order problems where 2 [image: $$\le |\mathcal {S}|$$]. Quadratic Unconstrained Binary Optimisation (QUBO) can be defined using Eq. (4), where x is an n-dimensional column vector, [image: $$x^{T}$$] its transpose, and [image: $$\mathcal {Q}$$] is an [image: $$n$$] [image: $$\times $$] [image: $$n$$] interaction matrix [10].[image: $$\begin{aligned} \mathcal {F}(x) = x^{T}\mathcal {Q}x \end{aligned}$$]

 (4)






3 Review of Quantum Multi-objective Optimisation
To the best of our knowledge, three works have studied VQAs in the context of MOO [3, 7, 8], including only one that focused on QAOA. Each of the approaches had shortfalls in some aspects. First, in [7] a Variational Quantum Eigen Solver (VQE) is used to tackle constrained problems as bi-objective problems, where the problem is the first objective and its constraints are the second one. During optimisation, a non-dominated front is generated, although only solution(s) that satisfy all the constraints and minimise the best energy function are picked. This approach does not guarantee the multi-objective nature (i.e. conflicting) between both objectives. Besides, the multi-objectivity is handled in the algorithm’s classical part where NSGA-II [6] optimises the VQE ansatz parameters. Actually, it is not clear which Hamiltonian is being optimised, although as described, the VQE does not handle the MOO problem using its quantum routine.
The authors in [8] devise a VQA that solves a combination of the multi/many-objectives (up to 5) unconstrained minimisation problems. The VQA’s parameters optimisation is done with regard to the hypervolume indicator [1] using non-gradient-based methods, COBYLA and FGBSC. Doing so poses some shortcomings regarding other metrics such as the Inverted Generational Distance and its variant (IGD and [image: $$\text {IGD}^{+}$$]) (i.e. the high computational cost, nadir point selection, etc.) [1]. The unitary transformation describing the algorithm is composed of [image: $$\mathcal {L}$$] layers. Each layer is composed of [image: $$\mathcal {K}$$] blocks. Each block combines the mixer and phase unitaries representing one of the [image: $$\mathcal {K}$$] problems to be solved. The [image: $$\mathcal {N}$$] most sampled solutions are considered as a non-dominated set. Such design leads to high-depth ansatz, which might make the computation unfeasible knowing the NISQ nature of today’s quantum machines. Also, having [image: $$\mathcal {K}$$] problems will involve optimising 2[image: $$\mathcal{L}\mathcal{K}$$] parameters which hardens the optimisation process compared to a vanilla VQA of [image: $$\mathcal {K}$$] factor less parameters. In addition, the proposed approach is based on qudits which is more computationally expensive to simulate, unstable and not widely available. Actually, the authors mention the use of qudits, but do not indicate which quantum system/simulator has been used. If any simulation was done, simulating the quantum state of [image: $$\mathcal {N}$$] qudits will require [image: $$d^{\mathcal {N}}$$] memory.
The work in [3] proposes a QAOA-based approach to tackle the multi-objective formulation of some small instances of the network routing problem. The proposal solves the weighted aggregation of up-to 4 conflicting QUBOs. This being said, weighted-sum scalarisation might have some shortfalls compared to other scalarisation techniques such as Tchebycheff that finds solutions in non-convex parts of the Pareto front [4]. The authors consider the weighted sum of quadratic polynomials expressed by both the problems and their constraints (as penalty functions). Using the weighted sum to solve problems of this type would require giving a different weight to each QUBO representing both the problem and penalties together. However, the authors dissociated the problems and penalties by assigning them different weights, which impacts differently the penalisation of feasible/unfeasible solutions. Similarly to [8], the authors solve the Hamiltonian representing the weighted sum of objectives and penalties, then extracts a set of non-dominated fronts during sampling. Alternatively, they solve the weighted sum using different weight aggregations, where a non-dominated front is extracted when solving each Hamiltonian. The final front is extracted from the union of all the non-dominated fronts using a non-dominated sorting routine that is quadratic in terms of the number of sampled solutions [image: $$\mathcal {N}$$] and objectives [image: $$\mathcal {M}$$] ([image: $$\mathcal {O}(\mathcal{M}\mathcal{N}^{2})$$] [6]). Such complexity increases to [image: $$\mathcal {O}(\mathcal {ZMN}^{2})$$] when having [image: $$\mathcal {Z}$$] aggregation-weights’ combinations. The first approach was mainly researched, while the second has been explored with just 3 weight combinations.

4 The Proposed Approach
The proposed sequential approach investigates the design issues in [3, 7, 8], while its parallelisation researches the implementation limitations. In the following, we will start describing first the sequential approach, then move to the parallel one.
[image: ]
Algorithm 1. The Proposed Sequential/Parallel MO-QAOA 



4.1 Sequential Multi-objective QAOA
This approach goes along with the a priori proposal discussed in [3]. In this sense, the QAOA’s has some interesting features such as (I) its parameters’ transference and (II) theoretical guarantee of optimality when p tends to [image: $$\mathcal {\infty }$$]. So, the core of our proposal relies on keeping the vanilla QAOA unitary transformation [image: $$\mathcal {U}_{(\mathbf {\gamma },\mathbf {\beta })}$$] (see Eq. (1)) to explore the usefulness of some of the above-mentioned QAOA’s features when designing our proposal.
Weighted-Sum Scalarisation. We tackle a given multi-objective problem as the aggregation of its multiple objective functions {[image: $$\mathcal {F}_{1}$$], ..., [image: $$\mathcal {F}_{\mathcal {K}}$$]}, where [image: $$\mathcal {F}_{i}: x \rightarrow \mathbb {R}$$], and [image: $$i = 1, \dots , \mathcal {K}$$]. This work focuses mainly on QUBOs, although, it is applicable on higher order pseudo-Boolean problems as indicated in Sect. 4.3. Unlike the work done in [3], where the penalty functions are dissociated from the aggregation of the problem (see Eq. (5)), here the penalty functions are considered as part of the QUBO to be solved and, therefore, they will receive the same aggregation coefficient as the original QUBO. This is done because the penalty coefficient is tailored to have the sought impact on how to avoid feasible solutions to be penalised and unfeasible solutions to be kept. The proposed aggregation is done using Eq. (6), where x is the vector of the problem’s variables, [image: $$\mathcal {Q}$$] and [image: $$\mathcal {P}$$] are the upper triangular matrices of the QUBO’s and penalty function coefficients, respectively, which translates to a new QUBO to be solved.[image: $$\begin{aligned} \mathcal {F}_{*} = \sum _{i=1}^{\mathcal {L}} w_{i} \left( x^{T}\mathcal {Q}_{i}x \right) + w_{p} \left( \sum _{j=1}^{k}x^{T}\mathcal {P}_{j}x \right) , \;\; w_{p}=1, \end{aligned}$$]

 (5)



[image: $$\begin{aligned} \mathcal {F}_{*} = \sum _{i=1}^{\mathcal {L}} w_{i} \left( x^{T}\mathcal {Q}_{i}x + x^{T}\mathcal {P}_{i}x \right) , \;\; \sum _{i=1}^{\mathcal {L}} w_{i} = 1. \end{aligned}$$]

 (6)


The problem defined by Eq. (6) is solved using the vanilla QAOA (see Sect. 2.1), and a set [image: $$\mathcal {S}$$] of solutions are sampled. A subset [image: $$\mathcal {S'} \subset \mathcal {S}$$] of non-dominated solutions are extracted in [image: $$\mathcal {O}(\mathcal {L|\mathcal {S}|}^{2})$$]. Having [image: $$\mathcal {Z}$$] aggregation-weight configurations will induce repeating this process [image: $$\mathcal {Z}$$] times. The final non-dominated front [image: $$\mathcal {S}'_{*}$$] is extracted from the union of all [image: $$\mathcal {Z}$$] non-dominated fronts resulting by solving [image: $$\mathcal {F}_{*}$$] using a given weight configuration (see Eq. (7)).[image: $$\begin{aligned} \mathcal {S}'_{*} = \left\{ \mathcal {D} \subset \bigcup _{i=1}^{\mathcal {Z}} \mathcal {S}'_{i} \, \left| \, \forall \, s \in \mathcal {D}, \not \exists \, s' \prec s, s' \in \bigcup _{i=1}^{\mathcal {Z}} \mathcal {S}'_{i} \right\} \right. . \end{aligned}$$]

 (7)




Tchebycheff Scalarisation. We extend our proposal to Tchebycheff decomposition [15] since it is said to be robust when approaching peculiar fronts such as non-convex ones (see Eq. (8)). We propose both an algorithmic and mathematical implementation, which as far as our knowledge, is the first Tchebycheff implementation applicable to QAOA on quantum machines.[image: $$\begin{aligned} \min _{x} \mathcal {F}_{*}(x|\mathcal {W},\mathcal {R}^{*}) = \max _{1 \le i \le \mathcal {L}} \left\{ w_{i} \left| \left( x^{T}\mathcal {Q}_{i}x + x^{T}\mathcal {P}_{i}x \right) - r_{i}^{*}\right| \right\} , \;\; \sum _{i=1}^{\mathcal {L}} w_{i} = 1 . \end{aligned}$$]

 (8)


The algorithmic approach computes the [image: $$\texttt {min-max}$$] in [image: $$\mathcal {O}$$]([image: $$\mathcal {L}^{2}$$]), where [image: $$\mathcal {R}^{*}$$] is the chosen reference point (see Algorithm 2). Although this approach can reproduce the min-max relation, if the stochastic optimisation process of [image: $$\mathcal {\gamma }$$] and [image: $$\mathcal {\beta }$$] is removed, it is likely to reproduce the same solution to [image: $$\big (x^{T}\mathcal {Q}_{i}x + x^{T}\mathcal {P}_{i}x \big ) - r_{i}^{*}$$], regardless of the aggregation weights (like in randomised algorithms using the same seed).
[image: ]
Algorithm 2. Tchebycheff Algorithmic Approach 



To cope with the drawback of the algorithmic approach, we provide a mathematical approach to the Tchebycheff scalarisation defined by Eqs. (9) and (10). For a detailed justification, one can see theorem and proof in the Appendix [5]. Knowing that [image: $$f_{i}(x)$$] is a QUBO, one can rewrite [image: $$f_{i}(x) = \sum \limits _{{\mathcal {S}} \subseteq [n]} \mathcal {C}_{\mathcal {S}} \prod \limits _{j \in {\mathcal {S}}, b \in \mathcal {E}} x_{j}^{b} = \sum \limits _{{\mathcal {S}} \subseteq [n]} \mathcal {C}_{\mathcal {S}} \prod \limits _{j \in {\mathcal {S}}} x_{j}$$], [image: $$x_j \in \{0, 1\}$$] and [image: $$\mathcal {E}$$] is the powers’ subset. It can be guaranteed that the Tchebycheff scalarisation will result in a polynomial of degree higher than 2, which can be solved by constructing the corresponding ansatz using Eq. (10) [2], where CNOT and [image: $$\mathcal {R_{Z}}$$] are the controlled-not and [image: $$\mathcal {Z}$$] rotation gates, respectively. Although, one should note that in this work we will experimentally explore the algorithmic Tchebycheff approach considering that the present work focuses on QUBO, besides that higher-order polynomials might induce extra transpilation time and simulation resources that might jeopardize comparisons/feasibility (see Sect. 5.2). So, we leave the experimental assessment of the mathematical demonstration for future works especially considering our findings in Sect. 5.2.[image: ]

 (9)



[image: ]

 (10)




QAOA Parameters’ Transference. The work in [12] proved that for different instances of the MAX-Cut problem, optimal QAOA’s parameters ([image: $$\gamma $$] and [image: $$\beta $$]) can be sampled from the same distribution, and another work [13] showed that they can be transferable from one instance to another. Here, the QAOA’s parameters transference is explored in its simplest form, by passing the optimised QAOA’s parameters values when solving [image: $$\mathcal {F}_{*}$$] using the [image: $$i^{th}$$] weight configuration [image: $$i=1, \dots , \mathcal {Z}$$], as a seed to the optimiser when solving [image: $$\mathcal {F}_{*}$$] using the [image: $$(i+1)^{th}$$] weight configuration. Algorithm 1 depicts the sequential MO-QAOA workflow.

4.2 Parallel Multi-objective QAOA
Nowadays quantum computers are in their NISQ era, so most of today’s manufacturers provide access to quantum computers for a limited time (usually upon fee), and also long queuing when executing sequential computation. Using the devised approach in [3] or the sequential version devised in this work might pose a bottleneck towards the applicability of the proposed approaches. On the other hand, the same manufacturers that provide limited time of computation, provide access to several machines. So, neglecting to some degree QAOA’s transference (Sect. 4.1), one can take advantage of this fact by solving in parallel, the [image: $$\mathcal {Z}$$] instances of [image: $$\mathcal {F}_{*}$$] on [image: $$\mathcal {Z}$$] quantum computers, and then extracting the global non-dominated front [image: $$\mathcal {S}'_{*}$$] on the classical machine. When using Tchebycheff scalarisation, the parallelism is applied for computing [image: $$w_{i} \left| \big (x^{T}\mathcal {Q}_{i}x + x^{T}\mathcal {P}_{i}x \big ) - r_{i}^{*}\right| $$] (see Pseudo-code of Algorithm 1). This approach turns out to be beneficial also when using quantum computer simulators considering the availability of several classical machines. It stands in solving [image: $$\mathcal {F}_{*}$$] by using a quantum computer simulator on [image: $$\mathcal {Z}$$] classical machines, where each machine will run a given weight configuration. This can overcome the bottleneck of time-limited QC and take advantage of classical computation to facilitate quantum simulation (see Fig. 2). The communication between the server and quantum simulators/machines is used to dispatch the [image: $$\mathcal {Z}$$] instances of the weighted problem. So, communication complexity grows linearly [image: $$\mathcal {O}(\mathcal {Z})$$] considering the number of weights’ aggregations.[image: ]
Fig. 2.The proposed parallel MO-QAOA




4.3 Consequences of the Proposed MO-QAOA Design
Regarding our proposal’s design, two consequences must be highlighted: (I) it can be used to solve higher-order polynomial problems. Considering the findings in [14], we expect our approach to be more efficient on higher-order polynomials. (II) the current design of our approach allows applying other decomposition methods which enables dealing with more complex Pareto fronts.


5 Experimental Results and Analysis
The implementation has been done using Python 3.10.12 and bash scripting. The execution has been done on a server using Ubuntu 22.04.3 LTS 64 bits (7 CPUs and 16 GB of RAM) and a cluster with the configuration given in Table 1 using Linux Enterprise Server 15 SP4 15.4 OS. IBM Qiskit version 1.0.2 has been used for quantum execution/simulation. The QAOA has been run using COBYLA optimiser and sampled 128 times with a depth p = log[image: $$\mathcal {(N)}$$] following findings in [12], where [image: $$\mathcal {N}$$] is the problem’s size. Comparisons have been made against the Non-Dominated Sorting Genetic Algorithm (NSGA-II) [6] and the Multi-Objective Evolutionary Algorithm based on Decomposition (MOEA/D) [15]. The former have been run using 100 solutions over 500 iterations ([image: $$50,000 \mathcal {M}$$] fitness evaluations) which is (on average) much larger than the solutions’ sampled by the MO-QAOA. The experiments were repeated over 32 execution and comparison metrics such as Median and the Median Absolute Deviation (MAD) have been considered. Also, null-hypothesis tests with 5% significance have been applied.Table 1.Hardware components of the cluster used.


	Nodes
	CPU / GPU
	RAM
	InfiniBand
	Localscratch

	126 [image: $$\times $$] SD530
	56 [image: $$\times $$] Intel Xeon Gold 6230R @ 2.10GHz
	200GB
	HDR100
	950 GB

	24 [image: $$\times $$] Bull R282-Z90
	128 [image: $$\times $$] AMD EPYC 7H12 @ 2.6GHz
	2TB
	HDR200
	3.5TB

	168 [image: $$\times $$] IBM dx360 M4
	16 [image: $$\times $$] Intel E5-2670 @ 2.6GHz
	32GB
	FDR40
	400GB

	 4 [image: $$\times $$] DGX-A100
	8 [image: $$\times $$] A100 Tensor Core
	1TB
	14 TB





The benchmarks have been generated to assess the proposal’s scalability when dealing with different complexities in terms of type and number of objectives. Problems of 2-4 objectives, where [image: $$\mathcal {Q}_{ij}$$], [image: $$\mathcal {P}_{ij}$$] [image: $$\in [ \,-1000, 1000]\,$$], of 4-127 variables have been generated and tackled. Table 2 summarises the benchmarks features including the problems’ number, size, type and sparsity percentage (i.e. variables with no interactions). Finally, the benchmarks have been solved using 2-2000 equally-spaced aggregation-weights’ configurations. A large literature exists on weight-aggregations selection, however, this is not the focus of the present paper and left to be explored in future works. It is to be indicated also that the size of the benchmarks solved on quantum simulators has been fixed to 29 variables representing more than 536 millions combinations. Implementing the approach for 29 variables would require using/simulating 29 qubits. Knowing that the simulation requirements grows exponentially as the quantum calculation grows, increases the simulation or real execution requirements beyond the ones that are currently available. This being said, this is an effect universal to all quantum calculation and admissible knowing that the goal of our work is a proof of concept rather than an attempt to outperform state-of-the-art classical solvers.Table 2.Benchmark problems used in the experimental evaluation.


	# Objectives
	Size
	Type
	Q
	# Aggreg. Config.

	2
	9, 4, 16, 32, 64 127
	{min, min}
	{10,20} %
	{2,5,11, 44, 100, 500, 1000, 2000}

	3
	19
	{min, max}
	{10,20,30} %
	{2,5,11, 44, 100, 500, 1000, 2000}

	4
	29
	{max, max}
	{10,20,30,40} %
	{2,5,11}





5.1 Obtained Results and Discussion
The first set of experiments has been done to assess the sequential approach, especially when using (or not) parameters’ transference, while the second set evaluates the parallel approach. The best results are bold/yellow-shaded. Figures 3 and 4 display the Median and MAD of [image: $$\mathcal {F}_{*}$$] during 32 executions, when solving 2 and 3-objectives problems using 2000 aggregation-weights’ configurations. It can be observed that the parameters’ transference has small impact on the solving efficiency. This turns out to be similar in problems with 2-2000 aggregations. This observation is confirmed in Figs. 5 and 6, where using (or not) parameter transference yields similar approximated Pareto front for bi and three-objective problems. This encourages the use of the parallel approach of the MO-QAOA, where no parameter transference is possible. One should note that Figs. 3,4, 5 and 6 are obtained without using parameters’ transference, but have been used since they are quite representative to both scenarios; whether using or not transference.[image: ]
Fig. 3.MO-QAOA with/out trans.


[image: ]
Fig. 4.MO-QAOA with/out trans.


[image: ]
Fig. 5.MO-QAOA with/out trans.


[image: ]
Fig. 6.MO-QAOA with/out trans.



Figures 7 and 8 display the Hypervolume (H) and [image: $$\text {IGD}^{+}$$] values for 3-objectives problems with regard to the number of weight-aggregations considered, where as the number of weight-aggregation configurations increases the [image: $$\text {Hypervolume/IGD}^{+}$$] value becomes better. This was expected and demonstrates the relevance of our proposal, since it can scale easily when the number of aggregations increases. The chosen figures are of an execution that is representative of the same conclusion for both MO-QAOA with and without parameters’ transference.[image: ]
Fig. 7.Seq. MO-QAOA without trans.


[image: ]
Fig. 8.Seq. MO-QAOA without trans.


Table 3.Median [image: $$\text {Hypervolume/IGD}^{+}$$]: Seq. MO-QAOA with vs. without transf.


[image: ]


Table 4.Median [image: $$\text {Hypervolume/IGD}^{+}$$]: Seq. MO-QAOA vs. SOTA


[image: ]



Tables 3 and 4 show the results of comparing the MO-QAOA’s sequential implementation using the Weighted Sum (WS) as well Tchebycheff (Tcheby.) against the NSGA-II and MOEA/D. It can be noted that (I) as the number of aggregations increases the MO-QAOA efficiency becomes better, which is quite expected. (II) the Tchebycheff-based MO-QAOA as well as the MOEA/D approachs are worst than the remaining solvers. This can be explained by the need of appropriate reference-point choice, which has been done ad hoc in this work for proof-of-concept purposes. (III) the NSGA-II is performing slightly better than the MO-QAOA. This is not alarming considering that the number of aggregations used in the MO-QAOA can grow, although it already yields very similar results to the NSGA-II. Also, many parameters such as the depth of the ansatz, the classical optimiser have a big impact on the efficiency of the proposal. On overall, we expect that increasing slightly the aggregations’ number or ansatz depth will be sufficient to completely outperform the NSGA-II (see Table 4).Table 5.Execution time in seconds: sequential vs. parallel MO-QAOA


[image: ]



For assessing the parallel approach, we use the same experiment configurations (benchmarks, seeding, etc.), so we are not interested in the results knowing they will be similar to the sequential. Instead, we seek time reduction. So, in Table 5, it can be seen that for 2, 3, and 4-objectives problems, the execution time (in seconds) has been divided by 8 in some cases. Also, it can be noted that for each size of the problem, the time complexity remains constant, while the sequential one (similar to the literature) increases linearly in terms of the number of weight aggregations. This also applies to non-dominated front extraction, where each slave machine in the parallel approach performs a [image: $$\mathcal {O}(\mathcal{M}\mathcal{N}^{2})$$] complexity routine, while the sequential one [image: $$\mathcal {O}(\mathcal {LMN}^{2})$$]. However, one can observe that the Tchebycheff parallel implementation does not yield enhancements regarding the sequential variant. This can be explained by the [image: $$\mathcal {O}(\mathcal {M}^{2})$$] additional comparisons and fitness evaluations to compute the min-max in Tchebycheff scalarisation.

5.2 Results on Real 127-Qubits IBM Quantum Computers
As a proof of concept, we execute our proposal on the largest real gate-based quantum computers available nowadays. We used three 127-qubits IBM quantum computers: ibm_brisbane, ibm_osaka and ibm_kyoto (see Fig. 9). We have combined three IBM quantum-experience accounts to sum-up 30 min of Quantum Processing Unit (QPU) computation (IBM limits 10 min QPU per account). Parallel execution has been done using all accounts simultaneously where the least-busy machine is taken first. Still, reproducing the experiments we did on quantum simulators goes way beyond 30 min of real QPU. Although, our count-based approach provides never-explored-before ideas to pass-by IBM QPU time limitations. In addition to that, since job execution of IBM quantum computers is subject to a queuing, it is not trivial to provide fair/accurate comparisons with the results obtained on quantum simulators. Indeed, following performing some experiments on April [image: $$9^{th}$$], we found high sparsity in the queuing time: 1880.77[image: $$^\prime $$] [image: $$^\prime $$] ± 2610.53[image: $$^\prime $$] [image: $$^\prime $$]. So, the goal of this Section is to provide a proof of applicability of the proposal and eventually identify its strength/weaknesses on the current quantum computers. So, experimentation has been done only on bi-objective problems with two weight-aggregation sets on problems requiring 4, 16, 32, 64 and 127 qubits. Also, the COBYLA optimiser has been limited to only 1 iteration. The reported results are of experiments performed on [image: $$11^{th}$$]-[image: $$16^{th}$$] of April 2024 at three periods of the day to draw a rough landscape of the possible queuing times: 20:00-22:00, 3:00-7:00 and 9:00-14:00.[image: ]
Fig. 9.IBM QPU


[image: ]
Fig. 10.64 variables


[image: ]
Fig. 11.127 variables



Based on the theoretical findings in [12], p has been set to log[image: $$\mathcal {(N)}$$]. It can be inferred from Table 6 and [12] that the original ansatz depth follows a [image: $$\mathcal {O} \mathcal {(N}$$]log[image: $$\mathcal {N})$$]. However, transpilation takes increasingly larger time to produce ansatz that are increasingly more complex. This is a bottleneck considering that it will induce a larger execution time on quantum machines. As a matter of facts, the quantum computers are not able to run a log[image: $$(\mathcal {N})$$] layered ansatz for problems requiring 64 and 127 qubits, so p has been set to 1 for those benchmarks. Also, as more complex ansatz requires larger execution time, as in most classical HPC, the probability of hardware error increases with time. Indeed, in our experiments, websocket cancels after machines goes off for daily calibration/maintenance. This happened for instance at 3-5AM the [image: $$9^{th}$$] of April 2024. Also, the failure error increases proportionally to the ansatz’s depth. When tackling problems requiring 4-32 qubits, the execution success rate is 1. It decreases to [image: $$\frac{2}{9}$$], when using 64 qubits and falls to [image: $$\frac{3}{22}$$] when using 127 qubits. Also, on [image: $$12^{th}$$] April, jobs got stuck/frozen in an endless queuing loop. In addition, to that, it can be noted the sparsity of the queuing time that spans from minutes to several hours.Table 6.Results on real 127-qubits IBM quantum computers


	Size/Metric
	Orig. Depth
	Transp. Depth
	Transp. Time (s)
	Queuing Time (s)
	Total Ex. Time (s)

	4 variables
	15 ± 0
	603.5 ± 30.5
	0.1213 ± 0.0083
	106 ± 5.5
	762.55

	16 variables
	87 ± 0
	14349.5 ± 1254.5
	6.4142 ± 0.0756
	144 ± 26.5
	655.36

	32 variables
	201 ± 0
	48787 ± 6977.0
	38.4706 ± 0.3846
	3682.5 ± 4672.3
	14,910.04

	64 variables
	129 ± 0
	28384.5 ± 3205.5
	32.1697 ± 0.6087
	2978 ± 890.5
	17,365.12

	127 variables
	255 ± 0
	103871.5 ± 580.5
	187.2764 ± 1.7365
	5071.5 ± 693.0
	22,678.94





Table 6 presents the Median and MAD of the original and transpiled ansatz’s depth, the transpilation time, queuing time, and the overall execution time, while Figs. 10 and 11 show the obtained non-dominated front for bi-objective problems requiring 64 and 127 qubits. It is worth noting that the queuing time considers both the sampling and expectation value estimation phases. The results in Table 6 and Figs. 10 and 11 prove that our aggregation-based parallel MO-QAOA is feasible on real-quantum computers and optimises their use by leveraging simultaneously all the QPUs. Although, to enhance its practicality, the IBM QPU-time limitation needs to be relaxed. Also, today’s IBM transpilation would need to be enhanced to be faster and produce lighter ansatz. In addition, IBM hardware would need to be enhanced to execute more complex ansatz and calibration of machines would need to be less pervasive and avoid cancelling users’ jobs. So, to enhance our proposal’s practicality on today’s quantum computers, we plan as next step to: (I) design an ansatz that combines and optimises all the sub-problems simultaneously. (II) Design proposals that can perform well with a reduced layering to produce lighter transpiled ansatz.


6 Conclusions and Research Perspectives
This work proposes a sequential and a parallel multi-objective QAOA using weighted-sum and Tchebycheff decomposition. The experiments have been done using diverse 2-4 objectives benchmarks of different types and sparsity. Experiments have been made using 2-2000 weight-aggregation configurations running on 2000 slave machines/jobs where an IBM quantum computer simulator as well as three 127-qubits’ real quantum computers have been used. The results have shown a decrease up to 89[image: $$\%$$] of the execution time, which is more suitable for today’s NISQ quantum machines, as well as taking advantage of the existing classical machines’ facilities to optimise quantum simulation. Our proposal turns out to be feasible on real quantum computers, but would be more practical if manufacturers remove QPU time limitations. This being said, as a next step, we plan to (I) implement our mathematical Tchebycheff approach, (II) test our approach on higher-order polynomials, and (III) design an approach that will combine all the problems’ objectives into one shallow quantum ansatz.
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Abstract
In evolutionary multi-objective optimization (EMO), performance indicators are often used to measure the quality of non-dominated solution sets obtained by EMO algorithms. However, the reliability of the performance indicators has not been well studied. In this paper, we compare the quality of non-dominated solution sets using four performance indicators: hypervolume (HV), inverted generational distance (IGD), inverted generational distance+ (IGD+), and additive epsilon ([image: $$\epsilon _{+}$$]). Our experimental results show that different performance indicators produce similar results when they are applied to commonly-used benchmark test problems such as DTLZ1 and DTLZ2. However, for real-world problems, we obtained significantly different comparison results from these indicators. Even when we use the same HV indicator, we obtain significantly different results depending on the reference point specifications. These observations suggest the importance of the choice of an indicator for performance comparison of EMO algorithms on real-world problems. When the HV indicator is used, the choice of a reference point is also important. Moreover, our observations suggest the necessity of using multiple indicators (including the HV indicator with multiple reference points) to obtain reliable performance comparison results.
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1 Introduction
In many real-world applications, it is often necessary to solve problems with multiple conflicting objectives [16]. These problems, known as multi-objective optimization problems, do not have a single solution that optimizes all objectives simultaneously. Typically, a set of Pareto optimal solutions is obtained to represent the trade-offs among the objectives. A Pareto front is formed when all Pareto optimal solutions are projected onto the objective space [2, 4].
In the evolutionary multi-objective optimization (EMO) field, a major focus is on developing effective and efficient EMO algorithms that search for a set of non-dominated solutions to approximate the entire Pareto front. EMO algorithms, known for their population-based search mechanism, naturally offer the advantage of obtaining multiple solutions in a single run, thus eliminating the necessity to repeatedly apply an algorithm to obtain such a solution set [2]. Therefore, the goal of EMO algorithms is to obtain a set of non-dominated solutions with good convergence (i.e., close to the Pareto front) and large diversity (i.e., a wide range of solutions covering the entire Pareto front). Over the years, numerous EMO algorithms have been proposed with the aim of achieving this goal.
When a new EMO algorithm is proposed, it is typically evaluated by comparing its performance with other state-of-the-art EMO algorithms. Comparisons are usually conducted on benchmark test problems and/or real-world problems. Then, the performance of each algorithm is evaluated using performance indicators. The results of these evaluations are often presented in comprehensive tables to demonstrate the superior performance of the newly proposed algorithm over the compared EMO algorithms based on some selected performance indicators [10]. Although it is common practice to draw conclusions about the superiority of the proposed EMO algorithm on the basis of numerical indicator values in comparison with other EMO algorithms, the reliability of these values in accurately representing the true performance of each EMO algorithm has not been carefully investigated.
For evaluating the quality of non-dominated solution sets obtained by EMO algorithms, more than 60 performance indicators have been proposed in the literature [1, 12]. Among them, the most frequently-used indicators are the hypervolume (HV) [15, 25] and inverted generational distance (IGD) [3] indicators. The HV indicator is commonly used because of its Pareto compliant property. However, as the number of objectives increases (e.g., more than 10), the computational time of HV increases exponentially. While IGD is not Pareto compliant, it has been extensively used in many studies. This is primarily due to its computational efficiency, especially in many-objective optimization. A modified version of IGD, i.e., IGD+ [9], has received increasing attention as a weakly Pareto compliant indicator and has been used in some recent studies for performance comparison of EMO algorithms. The additive epsilon ([image: $$\epsilon _{+}$$]) indicator [22] is also a weakly Pareto compliant indicator, and it is useful for measuring the convergence of a solution set.
For the purpose of understanding the reliability of performance indicators in the EMO field, in this study, we focus on the four aforementioned indicators: HV, IGD, IGD+, and [image: $$\epsilon _{+}$$]. It is critical to know how reliable these indicators are, since they are extensively used in EMO studies for performance comparisons. Using these four indicators, we compare different non-dominated solution sets generated by EMO algorithms. In addition, we use different specifications of the reference point for the HV indicator in order to understand the effect of its specifications on performance comparison results.
This paper is organized as follows. First, Sect. 2 provides background information on the four performance indicators. Then, Sect. 3 presents experimental results and analysis. Finally, Sect. 4 concludes the paper.

2 Background
In general, a multi-objective optimization problem can be formulated as follows:[image: $$\begin{aligned} \begin{aligned} {\text {Minimize}}\ (f_1({\textbf {x}}), f_2({\textbf {x}}), ..., f_m({\textbf {x}})) ,\ {\text {subject to}} \ {\textbf {x}} \subseteq {\textbf {X}},\\ \end{aligned} \end{aligned}$$]

 (1)


where m is the number of objectives, [image: $${\textbf {x}} =(x_1, x_2, ..., x_D)$$] is a D-dimensional decision vector, X is the feasible region (search space) of x, and [image: $$f_i({\textbf {x}})$$] is the i-th objective to be minimized ([image: $$i=1,2,...,m$$]).
Let us consider two solutions a [image: $$=(a_1, a_2, ..., a_m)$$] and b [image: $$= (b_1, b_2, ..., b_m)$$] in the objective space. a is said to Pareto dominate b iff [image: $$a_i \le b_i$$] for all [image: $$i \in \{1, 2, ..., m\}$$] and [image: $$a_j &lt; b_j$$] for at least one [image: $$j \in \{1, 2, ..., m\}$$]. Let Z be a set of solutions with |Z| objective vectors, i.e., [image: $$Z =\{{\textbf {z}}_1, {\textbf {z}}_2, ..., {\textbf {z}}_{|Z|}\}$$]. The set Z is referred to as a non-dominated set when no objective vector in Z is dominated by any other objective vector in Z. A performance indicator allows quantitative comparisons by mapping non-dominated sets into real numbers. The following subsections provide a brief explanation of each performance indicator: HV, IGD, IGD+ and [image: $$\epsilon _{+}$$].
2.1 Hypervolume (HV)
Given a non-dominated solution set [image: $$Z \subset \textbf{R}^m$$] and a user-specified reference point [image: $${\textbf {r}} = (r_1, r_2, ..., r_m)\in \textbf{R}^m$$], the HV indicator calculates the volume of the region enclosed by the solution set Z and the reference point [image: $${\textbf {r}}$$]. Formally, the HV of Z is defined as follows:[image: $$\begin{aligned} \begin{aligned} {\text {HV}(Z,{\textbf {r}})=\mathcal {L}\left( \bigcup _{{\textbf {z}} \in Z} [f_1({\textbf {z}}),r_1] \times ... \times [f_m({\textbf {z}}),r_m]\right) }, \end{aligned} \end{aligned}$$]

 (2)


where [image: $$\mathcal {L}(\cdot )$$] is the Lebesgue measure. The larger the HV value, the better the quality of the non-dominated solution set Z in (2).

2.2 Inverted Generational Distance (IGD)
For a given non-dominated solution set [image: $$Z \subset \textbf{R}^m$$] and a reference point set [image: $$Q = \{{\textbf {q}}_1,{\textbf {q}}_2,..., {\textbf {q}}_{|Q|}\} \subset \textbf{R}^m$$], the IGD indicator calculates the average distance from each reference point to its nearest solution in Z as follows:[image: $$\begin{aligned} \begin{aligned} {\text {IGD}(Z)= \frac{1}{|Q|} \sum _{j=1}^{|Q|} \min _{{\textbf {z}}_i\in Z} dist({\textbf {z}}_i, {\textbf {q}}_j}), \end{aligned} \end{aligned}$$]

 (3)


where [image: $$dist({\textbf {z}}_i, {\textbf {q}}_j)$$] is the Euclidean distance between [image: $${\textbf {z}}_i$$] and [image: $${\textbf {q}}_j$$] in the objective space. The smaller the IGD value, the better the quality of the solution set Z in (3).

2.3 Inverted Generational Distance+ (IGD+)
The IGD+ indicator is a modified version of the IGD indicator. The distance calculation of IGD+ takes into account the Pareto dominance relation between a reference point and an objective vector. Thus, the IGD+ indicator is weakly Pareto-compliant. As in the IGD indicator, the calculation of the IGD+ value also requires a set of reference points. Given a non-dominated solution set Z and a reference point set Q, the IGD+ indicator value is calculated as follows:[image: $$\begin{aligned} \begin{aligned} {\text {IGD}^+(Z)= \frac{1}{|Q|} \sum _{j=1}^{|Q|} \min _{{\textbf {z}}_i\in Z} dist^+({\textbf {z}}_i, {\textbf {q}}_j}), \end{aligned} \end{aligned}$$]

 (4)


where [image: $$dist^+({\textbf {z}}_i, {\textbf {q}}_j) = \sqrt{\sum _{k=1}^m{(\text {max} \{z_{ik}-q_{jk},0\})^2}}$$]. A solution set with a lower IGD+ value is considered to be of higher quality.

2.4 Additive Epsilon ([image: $$\epsilon _{+}$$])
Considering a non-dominated solution set [image: $$Z \subset \textbf{R}^m$$] and a reference point set [image: $$Q \subset \textbf{R}^m$$], the [image: $$\epsilon _{+}$$] indicator calculates the minimum shift of Q such that each point in Q is weakly dominated by at least one solution in Z. It can be calculated as follows:[image: $$\begin{aligned} \begin{aligned} {\epsilon _{+} (Z) = \max _{{\textbf {q}}_j \in Q} } \min _{{\textbf {z}}_i\in Z} \max _{k \in \{1,...,m\}} (z_{ik} - q_{jk}) \end{aligned} \end{aligned}$$]

 (5)


The smaller the value of [image: $$\epsilon _{+}$$], the better the convergence of a solution set.


3 Experiments
To examine the reliability of each performance indicator, we begin by comparing the quality of various non-dominated solution sets using HV, IGD, IGD+ and [image: $$\epsilon _{+}$$]. For HV, five different reference point specifications are used, i.e., [image: $${\textbf {r}} = (r, ..., r)$$] where [image: $$r = 1.1$$], 1.2, 1.5, 100, and 1000 in the normalized objective space with the ideal point (0, 0, ..., 0) and the nadir point (1, 1, ..., 1). Therefore, a total of eight indicators are used in our experiments. Usually, the reference point [image: $${\textbf {r}} = (r, ..., r)$$] is specified as [image: $$1 \le r \le 1.5$$] in many studies. The other two specifications (i.e., [image: $$r = 100$$] and 1000) is to examine the effect of inappropriate specifications.
In our experimental setup, we use 50 solution sets, which are the current populations from the 1st to the 50th generations of a single run of an EMO algorithm on a test problem. That is, we generate 50 solution sets from a single run of an EMO algorithm with the termination condition of 50 generations. The following three-objective problems are used in our experiments:	Artificial test problems: DTLZ1, DTLZ2, DTLZ3, and DTLZ4 [7].

	Real world problems: RWA2, RWA3, RWA4, RWA5, RWA6, and RWA7 [20].





We use three-objective optimization problems in our experiments so that we can visually examine the quality of a solution set and its performance indicator values.
Three EMO algorithms are used in this experiment: MOEA/D-PBI (with [image: $$\theta =5$$]) [21], PREA [18], and NSGA-III [5]. Each algorithm generates 50 solution sets from its single run for each problem. All experiments are conducted on the PlatEMO platform [17]. In order to compute the IGD, IGD+ and [image: $$\epsilon _{+}$$] indicator values, a reference point set is required. For the artificial test problems (i.e., DTLZ problems), we use the reference point sets provided in PlatEMO, which contains about 10,000 solutions sampled from the true Pareto front of each problem. This setting is commonly used in many studies. For the real-world problems (i.e., RWA2-7), we use the reference point sets provided by the authors in [20]. The population size is specified as 91 for all three-objective problems. We run 31 independent runs for each EMO algorithm on each problem.
For examining the reliability of each indicator, we rank the 50 solution sets obtained from a single run of each EMO algorithm on each test problem using each indicator. That is, we obtain eight different rankings for the 50 solution sets (i.e., for each run of each algorithm on each test problem). Among the 50 solution sets, a solution set with the best indicator value receives a rank of 1. Conversely, a solution set receives a rank of 50 if it has the worst indicator value among the 50 solution sets. If two solution sets have the same best indicator value, they are each assigned an average rank of 1.5. As a result of this approach, a ranking of the 50 solution sets is obtained for each indicator, which allows a visual comparison of the eight indicators for different solution sets. In this study, the reliability of indicators refers to consistency among the indicators in rankings of 50 solution sets.
Since the average performance of multiple runs is usually used in performance comparison of EMO algorithms in the literature, we also calculate the ranking for the average performance over 31 runs in the following manner. Using 31 runs of each EMO algorithm on each test problem, we first calculate the average indicator value of the 31 solution sets at the 1st generation for each indicator. Next, we calculate the average indicator value at the 2nd generation. In this manner, we have 50 average indicator values of each indicator for each EMO algorithm on each test problem. Then, we create the ranking of those 50 average indicator values. This ranking can be viewed as the average ranking of the 50 generations by each indicator for each EMO algorithm on each test problem.[image: ]
Fig. 1.Average ranking of the 50 generations by each performance indicator over 31 independent runs for DTLZ1, DTLZ2 and DTLZ3 problems.



Figure 1 shows the average ranking of the 50 generations by each of the eight performance indicators on the DTLZ1, DTLZ2, and DTLZ3 problems. In each sub-figure of Fig. 1, the X-axis corresponds to the generation ID, which can be also viewed as solution set ID. For example, in the first sub-figure of Fig. 1, the results at ID 30 indicates that they are obtained at the 30th generation by MOEA/D for the DTLZ1 problem. The Y-axis in each sub-figure represents the rank based on the corresponding indicator. For example, the average performance at the 30th generation with ID 30 for MOEA/D on DTLZ1 has a consistent rank of 21 across all performance indicators. It is therefore reasonable to assume that the performance indicator values at the 30th generation are reliable. In fact, it can be observed that (similar) consistent rankings are obtained for the artificial test problems by the eight performance indicators in Fig. 1. When NSGA-III is used on DTLZ3 in the third sub-figure of Fig. 1, all generations have the same rank by the HV indicator with [image: $$r = 1.1, 1.2, 1.5$$]. This is because no solutions dominate the reference point in the first 50 generations. That is, the HV values of all solution sets are zero. When the reference point is unusually large (i.e., [image: $$r = 100$$] and 1000), we can see that the performance is improved at every generation. This observation show that the frequently-used reference point specifications are not always appropriate especially when we evaluate the performance of early generations.[image: ]
Fig. 2.Average ranking of the 50 generations (obtained by MOEA/D, PREA, and NSGA-III) over 31 independent runs by each performance indicator on RWA4 problem.



In contrast, Fig. 2 on RWA4 highlights the inconsistency in the average rankings between the IGD indicator and the other seven performance indicators. Interestingly, in the first sub-figure in Fig. 2 on the average performance of MOEA/D, the best rank is obtained at the 1st generation (i.e., ID 1) when we use the IGD indicator. The average IGD performance is quickly deteriorated by MOEA/D from the 1st generation to the 12th generation. After that, the average IGD performance is gradually improved by MOEA/D. The IGD performance at the 50th generation is worse than that in the first seven generations. Whereas these observations are obtained from the blue results by IGD in the first sub-figure in Fig. 2, it is not likely that the IGD results show the true search behavior of MOEA/D on RWA4 since usually the initial population is gradually improved in the first 50 generations as shown by all the other indicators in the first sub-figure in Fig. 2. Somewhat similar observations are obtained from the other sub-figures in Fig. 2. In the middle sub-figure on the average performance of PREA on RWA4, the average IGD performance starts to deteriorate at the 5th generation, and start to improve at the 14th generation. In the last sub-figure on the average performance of NSGA-III on RWA4, the best average IGD performance is obtained at the 6th generation. The average IGD performance in the last sub-figure shows frequent ups and downs over the 50 generations. In this figure, the average IGD+ and [image: $$\epsilon _{+}$$] performance shows some ups and downs in the last 20 generations, and the average HV performance also show some minor ups and downs. One clear observation in Fig. 2 is that the average IGD performance is totally different from the average performance evaluated by the other indicators.[image: ]
Fig. 3.Ranking of 50 solution sets of a single run (obtained by MOEA/D, PREA, and NSGA-III) by each performance indicator on RWA4 problem.



To understand why the average IGD performance shows such a suspicious behavior on the RWA4 problem, we select for each algorithm a single run with the median IGD value at the 50th generation among 31 runs. Figure 3 shows the rank of the 50 solution sets of the median run of each algorithm. In each sub-figure, we can obtain the following observations from the IGD-based ranking results (blue lines):	MOEA/D: The solution set at the 3rd generation with ID 3 has the best rank. The solution set at the 12th generation with ID 12 has the worst rank.

	PREA: The solution set at the 3rd generation with ID 3 has the best rank. The solution set at the 13th with ID 13 has the worst rank.

	NSGA-III: The solution set with ID at the 5th generation with ID 5 has the best rank. The solution set at the 14th generation with ID 14 has the worst rank.





For analyzing these observations, Figs. 4, 5 and 6 show the solution sets corresponding to the best rank, worst rank, and the final population (Generation 50) in the objective space for each algorithm. Compared to later generations (e.g., Generation 50), solutions in early generations (e.g., Generation 3 in MOEA/D and PREA, and Generation 5 in NSGA-III) have not yet converged to the Pareto front. Despite this, the IGD indicator tends to assign high evaluations to solution sets in the early generations because their distribution closely resembles the reference point set (i.e., the blue points in each figure). This observation indicates that the IGD indicator may not be reliable. In order to avoid misleading comparison results, multiple indicators should be used in addition to the IGD indicator in performance evaluation.[image: ]
Fig. 4.Solution sets corresponding to the best rank, worst rank, and the final population (Generation 50) in the objective space for MOEA/D. The red points are the solution set, and the blue points are the reference point set (i.e., approximated Pareto front). (Color figure online)


[image: ]
Fig. 5.Solution sets corresponding to the best rank, worst rank, and the final population (Generation 50) in the objective space for PREA. The red points are the solution set, and the blue points are the reference point set (i.e., approximated Pareto front). (Color figure online)


[image: ]
Fig. 6.Solution sets corresponding to the best rank, worst rank, and the final population (Generation 50) in the objective space for NSGA-III. The red points are the solution set, and the blue points are the reference point set (i.e., approximated Pareto front). (Color figure online)



Figure 3 shows that the solution sets in early generations have bad evaluations results by all the other indicators. The IGD best solution sets in Figs. 4, 5 and 6 are ranked within the worst five ranks by all the other indicators in Fig. 3. This is because the solution sets in early generations are not close to the Pareto front. As a result, they do not have large HV values. Whereas IGD+ has a very similar formulation to IGD, IGD+ shows much similar behavior to HV than IGD. This is because IGD+ calculates the average distance from the reference point sets to the dominated region by the solution set, which is closely related to the volume of the dominated region by the solution set. In Fig. 3, we can observe similar behaviors of IGD+ and HV independent of the reference point specification. In general, the reference point specification has a large effect on HV-based performance comparison results. This is because boundary solutions have large HV contributions for a large reference point (i.e., far away from the Pareto front) but almost zero contributions for a small reference point (i.e., close to the nadir point). However, since the Pareto front of RWA4 is a combination of lines (i.e., degenerate Pareto front) as shown in Figs. 4, 5 and 6, such a boundary solution effect disappears (since there is no inside solutions on the Pareto front). As a result, almost the same HV-based comparison results are obtained in Fig. 3 independent of the reference point specifications from [image: $$r = 1.1$$] to [image: $$r = 1000$$].
In the previous experiments, we examined the reliability of performance indicators for different solution sets obtained by a single EMO algorithm at different generations. In the following experiments, we create the average ranking of ten EMO algorithms based on their final populations using each indicator on each test problem. This experiment is to examine the dependency of the algorithm comparison results on the choice of an indicator. We use ten algorithms in our experiments: SPEA2 [24], NSGA-II [6], IBEA [23], MOEA/D [21], MOEA/D-DE [11], NSGA-III [5], [image: $$\theta $$]-DEA [19], onebyoneEA [13], DEA-GNG [14], and PREA [18]. This set of ten algorithms includes five algorithms proposed in 2001–2010, and five algorithms proposed in 2011–2020. Two termination conditions are considered in our experiments: 50 generations and 500 generations. All algorithm configurations follow PlatEMO’s default specifications. We perform 31 independent runs for each EMO algorithm on each test problem.[image: ]
Fig. 7.Average ranking of the ten EMO algorithms by each indicator on the DTLZ2 problem under the termination condition of 50 generations.



Figure 7 presents the comparison results for DTLZ2 under the termination condition of 50 generations. The X-axis of Fig. 7 denotes each algorithm ID, e.g., 1 represents SPEA2, 2 represents NSGA-II, and so on. On each sub-figure, the Y-axis represents an algorithm’s average rank using the corresponding performance indicator. For example, in the first sub-figure at the upper left, SPEA2 (Algorithm 1) receives an average rank of 5 based on the IGD indicator. The average ranking of the 10 algorithms is based on the average indicator value over 31 runs. It should be noted that all the eight sub-figures in Fig. 7 evaluate exactly the same 31 runs of each EMO algorithm (i.e., exactly the same 31 solution sets obtained by each EMO algorithm).
From Fig. 7, we can observe some similarity from the eight sub-figures whereas they are different. From more careful examination of Fig. 7, we can see that the five sub-figures by IGD+, [image: $$\epsilon _{+}$$], and HV with [image: $$r = 1.1, 1.2$$] and 1.5 are similar. The sub-figure by IGD is different from those figures (e.g., IBEA with ID 3 is rank 9 whereas IBEA is rank 2 by IGD+ and rank 1 by [image: $$\epsilon _{+}$$] and HV with [image: $$r = 1.1, 1.2, 1.5$$]). We can also see that a small difference of the reference point specification between [image: $$r = 1.1$$] and [image: $$r = 1.2$$] leads to a small difference in the performance comparison results, and a large difference between [image: $$r = 1.1$$] and [image: $$r = 1000$$] leads to a large difference in the performance comparison results.[image: ]
Fig. 8.Average ranking of the ten EMO algorithms by each indicator on the DTLZ2 problem under the termination condition of 500 generations.


[image: ]
Fig. 9.Average ranking of the ten EMO algorithms by each indicator on the RWA3 problem under the termination condition of 500 generations.



For DTLZ2 (and other DTLZ test problems), the difference of performance comparison results by the eight indicators becomes small (i.e., similar comparison results are obtained from different indicators) when the termination condition is large. For example, Fig. 8 shows the performance comparison results for DTLZ2 under the termination condition of 500 generations. On DTLZ2, all indicators agree that MOEA/D, NSGA-III, and [image: $$\theta $$]-DEA are the top three performing algorithms. However, for real-world problems, different performance indicators generate totally different results. Figure 9 shows the comparison results for RWA3 under the termination condition of 500 generations. It can be seen that IBEA is the best when evaluated by IGD+ and HV with [image: $$r=1.1$$] (the performance comparison results by IGD+ and HV with [image: $$r = 1.1$$] are very similar). However, IBEA ranks fourth and fifth when it is evaluated by [image: $$\epsilon _{+}$$] and IGD, respectively. Furthermore, with different reference point specifications for HV calculation, the HV indicator gives totally different results. For example, while IBEA is the best when HV is used with [image: $$r=1.1$$], it is the third worst when HV is used with [image: $$r=100$$] and [image: $$r=1000$$]. Overall observations from Fig. 9 are similar to those from Fig. 7: Similar performance comparison results are obtained from IGD+ and HV with [image: $$r = 1.1, 1.2, 1.5$$]. Those similar comparison results are clearly different from IGD-based and [image: $$\epsilon _{+}$$]-based performance comparison results and HV-based comparison results with [image: $$r = 100$$] and 1000.
Experimental results on the other test problems are available in a supplementary file (https://​github.​com/​HisaoLabSUSTC/​PPSN2024_​PerformanceIndic​ators). We can obtain similar observations from the results in the supplementary file. Our observations clearly suggest the need of using multiple performance indicators when we evaluate the performance of EMO algorithms. If we use only the IGD indicator for some reasons (e.g., exact HV calculation is unrealistic due to very long computation time), some misleading conclusions can be obtained about the performance of compared EMO algorithms. The use of the IGD indicator alone should be avoided in any case. Since IGD+ show similar performance comparison results with HV-based results with a reasonable specification of the reference point (i.e., [image: $$r = 1.1, 1.2, 1.5$$]), it is advisable to use both IGD and IGD+ when the use of the HV indicator is unrealistic. This suggestion is aligned with the results reported in [8], where HV and IGD+ have similar near-optimal solution distributions. Whereas IGD and IGD+ use exactly the same reference point set for distance calculation, totally different performance comparison results can be obtained as shown in Fig. 9.

4 Conclusions
In this paper, we examined the reliability of indicator-based comparison results of EMO algorithms. Experimental results showed that when we used frequently-used test problems such as DTLZ, we obtained very similar performance comparison results from all the examined indicators (e.g., Fig. 8). This means that the choice of an indicator and the implementation of the selected indicator are not very important for such test problems. However, when real-world problems were used, we obtained clearly different comparison results from some indicators (e.g., Fig. 9). Even from the same HV indicator, we obtained clearly different comparison results depending on the specification of the reference point (Fig. 9). This observation suggests the importance of the choice of an indicator and the implementation of the selected indicator. In many cases, IGD-based performance comparison results are clearly different from the other indicator-based comparison results. In almost all cases, similar comparison results are obtained from IGD+ and HV with an appropriate reference point specification. For [image: $$\epsilon _{+}$$]-based comparison results, there are cases where it performs similarly to IGD, while other cases are more aligned with HV and IGD+. These observations strongly suggest the necessity of using multiple indicators to ensure reliable performance evaluation. When IGD is used, it should be complemented with other (weakly) Pareto compliant indicators such as IGD+ (when the use of HV is very time consuming) and [image: $$\epsilon _{+}$$].
More indicators will be used in future work to further examine performance comparison reliability. It should also be noted that for IGD, IGD+, and [image: $$\epsilon _{+}$$], the specification of the reference point sets might influence their results. In the future, we will also examine the performance comparison reliability of these indicators with different reference point set specifications. Through these investigations, comprehensive guidelines about the use of performance indicators for evaluating the performance of EMO algorithms will be established. This will ensure high reliability of performance comparison results and preventing creating misleading comparison results.
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Abstract
Fitness landscape is a valuable framework to understand optimisation problems. In single-objective optimisation, by displaying fitness landscape in a 3D space with the “height” representing the fitness (objective function value) of solutions, one can easily comprehend a variety of problem characteristics (optimality, multi-modality, level of ruggedness, etc.) and spatial features of the search space (basin, ridge, funnel, etc.). However, such straightforward visualisation cannot be directly extended to the multi-objective optimisation case in which a solution corresponds to a vector of values on multiple objective functions. In this paper, we make an attempt to address this issue. Instead of objective function values, we use the Pareto dominance relation to stratify solutions, introducing a method we term Pareto landscape for visualising multi-objective problem landscape. We compare Pareto landscape with well-established fitness landscape visualisation methods, including cost landscape, gradient field heatmap and PLOT, and show that Pareto landscape can capture problem characteristics that the other methods cannot do. Lastly, we present the Pareto landscapes of commonly used benchmark problems (ZDT, DTLZ, WFG and BBOB) in the domain, and discuss their features and characteristics.
Z. Liang and Z. Cui—These authors contributed equally to this work.
1 Introduction
Fitness landscape plots serve as a valuable framework for understanding optimisation problems. They facilitate an intuitive grasp of complex search spaces (also known as decision spaces) and challenges confronted by search heuristics, inspiring potential improvements and development of new optimisation algorithms.
In the context of multi-objective optimisation, there is a growing interest in developing visualisation tools for presenting fitness landscapes [3, 28]. This ranges from simply integrating landscape information (e.g., local Pareto optimal sets) into the objective space [28] to designing networks that graphically represent optimal solutions [21, 22] and sets [7], as well as the behaviour of search algorithms [24]. While these visualisation tools effectively capture the structure of (local) optimal solutions/sets and their connectedness, the compression and abstract representation involved make it difficult for people to envision the spatial location of solutions/sets and their associated adjacent structures.
Another approach, which can overcome the above issue, is to directly display the decision space of an optimisation problem with an additional element (e.g., colour) representing solution quality [28]. This encompasses early attempts like cost landscape (aka dominance ratio) [11] and recent efforts such as multi-contour plot [18], gradient field heatmaps [17], line cuts [2, 30], local dominance landscape [8], and PLOT [26]. These methods are similar to the fitness landscape plots in single-objective optimisation, where the native decision space is considered, allowing them to present important problem characteristics such as location, shape and size of attraction basins. However, they may not be very accurate in some cases due to the effect of the behaviour of the search algorithm used to locate local optima (e.g., in gradient field heatmaps [17] and PLOT [26]), or the criterion considered to measure the “fitness” of solutions (e.g., in cost landscape [11]), which we will show later on.
In this paper, we attempt to develop a fitness landscape visualisation method for multi-objective optimisation, termed Pareto landscape, that can accurately represent problem characteristics and spatial features. The idea of Pareto landscape is simple. It considers the level of the Pareto non-domination to which a solution belongs when determining its fitness. To evaluate Pareto landscape, we first compare it with its counterpart in single-objective optimisation to identify their similarities and differences. Then, by utilising a class of test functions flexible for embedding rich features [9, 15, 19], we demonstrate that Pareto landscape can capture various problem characteristics (e.g., multi-modality and neutrality), as well as spatial features of the decision space (e.g., valleys, plateaus, ridges and funnels). Moreover, we compare Pareto landscape with three relevant landscape visualisation methods and discuss their differences. Lastly, we use Pareto landscape to visualise commonly-used multi-objective benchmark functions in the domain, including ZDT [32], DTLZ [6], WFG [13] and BBOB (bbob-biobj) [2], to delineate their features and characteristics, particularly the challenges they may pose for search heuristics.

2 Preliminaries
2.1 Terminology in Multi-objective Optimisation
For multi-objective optimisation problems (MOPs), without loss of generality, we seek to simultaneously minimise m objective functions [image: $$f(x) = (f_1(x),...,f_m(x))$$], where f(x) ([image: $$x\in X$$]) is a mapping of an n-dimensional variable vector to an m-dimensional objective vector; namely, [image: $$f: X \rightarrow Z$$] where [image: $$X \subseteq \mathbb {R}^n$$] and [image: $$Z \subseteq \mathbb {R}^m$$].
Unlike single-objective optimisation, where there are only three relations between solutions with respect to their quality, better, worse and equal, in multi-objective optimisation there is a situation that two solutions are not comparable; namely, one solution is better on some objective(s) and the other is better on some other objective(s). This situation is termed as Pareto non-domination. Formally, a decision vector x is said to (Pareto) dominate another [image: $$x'$$], denoted by [image: $$x \prec x'$$], iff[image: $$\begin{aligned} f_i(x) \le f_i(x') ~~~~~ \forall i\in \{1,...,m\} \wedge f(x) \ne f(x') \end{aligned}$$]

 (1)


For a solution set S, a solution x ([image: $$x \in S$$]) is called a (Pareto) nondominated solution if there does not exist any [image: $$x' \in S$$] such that [image: $$x' \prec x$$]. The set of such nondominated solutions is called the nondominated set of S, and its mapping in the objective space is called the nondominated front. For an MOP, in the case that S represents all possible feasible solutions (i.e., [image: $$S = X$$]), the nondominated set is called the Pareto optimal set (or global efficient set). The mapping of the Pareto optimal set in the objective space is called the Pareto optimal front.
Besides the global efficient set, there usually exist some local optima in the search space, namely the local efficient sets, each consisting of a set of local efficient points. In continuous multi-objective optimisation, a solution x is said to be local efficient if there does not exist [image: $$y\in B_\epsilon $$] that [image: $$y\prec x$$] [4], where [image: $$B_\epsilon \subset X$$] represents an [image: $$\epsilon $$] ball for a sufficiently small [image: $$\epsilon &gt;0$$], meaning that all neighbours of x within a sufficiently small distance do not dominate x.
An important property in continuous multi-objective optimisation is the multi-objective gradient (MOG) [10]. MOG is a vector that is oriented towards a descent direction by the sum of its normalised single-objective components. It has a desired characteristic that [image: $$\text {MOG}=0$$] if a solution is a local or global efficient solution. Formally, MOG is defined as[image: $$\begin{aligned} \triangledown f(x)=\sum _{i=1}^m\alpha _i^*\triangledown f_i(x) \end{aligned}$$]

 (2)


where [image: $$\alpha ^*$$] is a weight vector determined based on[image: $$\begin{aligned} \alpha ^* = \arg \min _{\alpha } \left\{ \left\| \sum _{i=1}^{m} \alpha _i \triangledown f_i(x) \right\| \, \left| \, \alpha _i \ge 0, \sum _{i=1}^m \alpha _i = 1 \right\} \right. \end{aligned}$$]

 (3)





2.2 Related Work
Amongst various fitness landscape visualisation methods in multi-objective optimisation [3, 28], we consider the ones that work on the native decision space (rather than a compressed, abstract space). Specifically, we consider three visualisation methods, cost landscape [11], gradient field heatmap [17] and PLOT [26], which are relevant to the proposed method. We now briefly introduce them (in Sect. 4 we will compare our method against them).
Cost Landscape [11]. Proposed in Carlos M. Fonseca’s PhD thesis, cost landscape is a useful visualisation tool for observing the global structure of a multi-objective problem. In some visualisation platforms (e.g., BBOB visualisation website [1]), it is also called dominance ratio. In cost landscape, the fitness (which can be reflected by colour or height in the plot) of a point is the number of points that dominate it in the point set considered (i.e., Pareto rank [11]).
Gradient Field Heatmap (GFH) [17]. GFH, proposed by Kerschke and Grimme, is the first attempt to employ gradient to visualise the landscape of multi-objective problems. In GFH, the fitness (represented by colour) of a point is obtained by the cumulative lengths of MOGs (Eq. (2), the sum of normalised single objective gradients) on the path to a locally efficient point. More specifically, starting from a point and a variable to store the cumulative MOGs, GFH performs a search that moves to one of its 8 neighbouring points according to its MOG, and at the same time, accumulates the MOG of each step. The move is iterated until it hits a local efficient point. Then the fitness of the starting point is the cumulative length of the MOGs. GFH is considered a good tool to capture the local structures of the problem [28].
Plot of Landscapes with Optimal Trade-offs (PLOT) [26]. More recently, Schäpermeier et al. developed PLOT, which can be seen as an improved version of GFH in combination with cost landscape. Similar to GFH, PLOT employs the cumulative length of MOGs as its fitness, but with a grey-scale colour scheme. The global and local efficient points are highlighted by the colour on the basis of the Pareto rank considered in cost landscape. As such, it is very clear to see global/local optimality structure of the problem.


3 The Proposed Pareto Landscape
Classical fitness landscape, introduced by the geneticist Sewall Wright in 1930s [31], is a 3D “mountainous” landscape in which the genotypes (decision variables) of solutions are organised in the x-y plane and the phenotype (fitness) is plotted as the height (i.e., on the z axis). Fitness landscape plots have been widely used in optimisation and evolutionary computation [16, 25]. They enable an intuitive understanding of diverse problem characteristics and spatial features, encompassing peaks, valleys, plateaus, ridges, and funnels, as well as optimality-related aspects like multi-modality, level of ruggedness, and the shape/location of (local) optimal solutions along with their attraction basins.
Yet, such straightforward visualisation cannot be directly extended to the multi-objective case in which a solution corresponds to a vector consisting of values of multiple objective functions. A possible solution to this issue is to utilise the Pareto dominance relation to sort and rank the solutions and then plot their ranks as the height, instead of objective function values, in the landscape.[image: ]
Fig. 1.Pareto landscape of a four-objective multi-point distance minimisation problem (MP-DMP) [9, 15] whose four objectives of a point are the Euclidean distances of a point in the 2D space to the four vertices of a square, respectively. The decision space of the MP-DMP is [image: $$x_1,x_2 \in [0,1]$$], and the Pareto optimal set of the problem is the square (shaded region in Fig. 1(a)).



The non-dominated sorting procedure [12] is a well-established way to sort solutions in multi-objective optimisation, e.g., used in NSGA-II [5]. It stratifies a set of solutions into many levels based on their Pareto dominance relation, with level 1 meaning nondominated solutions of the set, level 2 meaning new nondominated solutions after removing the level-1 solutions, and so on. In the proposed Pareto landscape, the “fitness” of a solution is its level after the nondominated sorting procedure, termed the non-domination level. Figure 1 gives the Pareto landscape1 of a 4-objective optimisation problem called multi-point distance minimisation problems (MP-DMPs). MP-DMPs, introduced by [19] and extended and generalised by [9, 15], are class of increasingly popular test functions which are capable of being embedded with a variety of features (see [9] for a survey). One prominent feature of MP-DMPs is that they inherently have a 2D decision space (despite easily accommodating an arbitrary number of objectives), thus allowing the Pareto optimal solutions to be visually identified.
MP-DMPs, in its basic form, minimise the Euclidean distance of a solution to the vertices of a given regular polygon, where the distance to one of these vertices is treated as an individual objective. It can be easily derived that the Pareto optimal region of an MP-DMP is the regular polygon.
Figure 1(b) plots the Pareto landscape of the MP-DMP in Fig. 1(a), where the Pareto optimal solutions are highlighted in green for facilitating observation. As can be seen in the figure, Pareto landscape can well reflect the problem’s landscape – points being farther away from the optimal region, gradually and symmetrically, take lower altitude (i.e., higher non-domination levels), with the four corners of the decision space having the lowest altitude touching the [image: $$x_1$$]-[image: $$x_2$$] plane. Next, we will use a toy example to explain the characteristics of Pareto landscape, in comparison with fitness landscape in single-objective optimisation.
3.1 Properties and Characteristics of Pareto Landscape
Let us consider a set of 10 solutions ([image: $${\textbf {a}}-{\textbf {j}}$$]) with one decision variable (x) and two minimisation objectives ([image: $$f_1, f_2$$]). In the format of [image: $$(x|f_1,f_2)$$], these solutions are [image: $${\textbf {a}}=(0.1|1,4)$$], [image: $${\textbf {b}}=(0.2|1,3)$$], [image: $${\textbf {c}}=(0.3|3,3)$$], [image: $${\textbf {d}}=(0.4|3,4)$$], [image: $${\textbf {e}}=(0.5|2,3)$$], [image: $${\textbf {f}}=(0.6|6,3)$$], [image: $${\textbf {g}}=(0.7|2,2)$$], [image: $${\textbf {h}}=(0.8|3,1)$$], [image: $${\textbf {i}}=(0.9|3,3)$$], and [image: $${\textbf {j}}=(1.0|4,1)$$]. Figure 2 gives their Pareto landscape as well as the scatter plot in the objective space. As can be seen in the figure, the 10 solutions can be divided into four non-domination levels. Solutions [image: $${\textbf {b}}, {\textbf {g}}, {\textbf {h}}$$] form the first level, solutions [image: $${\textbf {a}}, {\textbf {e}}, {\textbf {j}}$$] the second level, solutions [image: $${\textbf {c}}, {\textbf {i}}$$] the third level, and solutions [image: $${\textbf {d}}, {\textbf {f}}$$] the last level. Looking closer at the figure, one may find the following properties of Pareto landscape, in comparison with fitness landscape in single-objective optimisation.[image: ]
Fig. 2.A toy example of a set of 10 solutions ([image: $${\textbf {a}}-{\textbf {j}}$$]) with one decision variable (x) and two minimisation objectives ([image: $$f_1, f_2$$]), shown by Pareto landscape. They, in the format of [image: $$(x|f_1,f_2)$$], are [image: $${\textbf {a}}=(0.1|1,4)$$], [image: $${\textbf {b}}=(0.2|1,3)$$], [image: $${\textbf {c}}=(0.3|3,3)$$], [image: $${\textbf {d}}=(0.4|3,4)$$], [image: $${\textbf {e}}=(0.5|2,3)$$], [image: $${\textbf {f}}=(0.6|6,3)$$], [image: $${\textbf {g}}=(0.7|2,2)$$], [image: $${\textbf {h}}=(0.8|3,1)$$], [image: $${\textbf {i}}=(0.9|3,3)$$], [image: $${\textbf {j}}=(1.0|4,1)$$].


	Like fitness landscape, optimal solutions (i.e., Pareto optimal solutions in the context of multi-objective optimisation) are always located in the highest peak(s), such as solutions [image: $${\textbf {b}}, {\textbf {g}}, {\textbf {h}}$$] in Fig. 2.

	Like fitness landscape, it is straightforward to see the characteristics of the problem through Pareto landscape, e.g., local optimality and connectedness of Pareto optimal solutions. For example, in Fig. 2 solution [image: $${\textbf {e}}$$] is a local optimal solution; optimal solution [image: $${\textbf {b}}$$] is disconnected from the other two optimal solutions [image: $${\textbf {g}}$$] and [image: $${\textbf {h}}$$].

	Like fitness landscape, in Pareto landscape, for any two solutions, if one is superior to the other (i.e., Pareto dominating), then the better one is always in a higher location, such as solutions [image: $${\textbf {b}}$$] versus [image: $${\textbf {a}}$$], and solutions [image: $${\textbf {g}}$$] versus [image: $${\textbf {e}}$$] in Fig. 2.

	Like fitness landscape, in Pareto landscape if two solutions have identical objective vectors, they have the same altitude, such as solutions [image: $${\textbf {c}}$$] and [image: $${\textbf {i}}$$] in the figure.

	Like fitness landscape, in Pareto landscape the slope indicates the degree of change of a solution to its neighbours (with respect to non-domination levels). For example, in Fig. 2 the slope from solution [image: $${\textbf {b}}$$] to solution [image: $${\textbf {c}}$$] is steeper than that from solution [image: $${\textbf {c}}$$] to solution [image: $${\textbf {d}}$$] since the level difference between [image: $${\textbf {b}}$$] and [image: $${\textbf {c}}$$] is greater than that between [image: $${\textbf {c}}$$] and [image: $${\textbf {d}}$$] (i.e., [image: $$2&gt;1$$]).





The above are properties of Pareto landscape that are analogous to fitness landscape in single-objective optimisation. Nevertheless, Pareto landscape does have its own characteristics.
	Unlike fitness landscape, higher altitude in Pareto landscape always means being superior, irrespective of a minimisation or maximisation problem.

	Since Pareto landscape is based on the Pareto dominance relation rather than objective values, solutions with significantly different objective disparities may exist within the same non-domination level provided that they are nondominated to each other. For example, in Fig. 2 for the same-level solutions [image: $${\textbf {d}}$$] and [image: $${\textbf {f}}$$], on the first objective, [image: $${\textbf {d}}$$] is significantly better than [image: $${\textbf {f}}$$], whereas on the second objective, [image: $${\textbf {f}}$$] is only slightly better than [image: $${\textbf {d}}$$].

	Solutions that are nondominated to each other may or may not be in the same level; it depends on other solutions in the set. For example, in Fig. 2 solutions [image: $${\textbf {e}}$$] and [image: $${\textbf {j}}$$] are in the same level, whereas solutions [image: $${\textbf {i}}$$] and [image: $${\textbf {j}}$$] are not in the same level as solution [image: $${\textbf {e}}$$] (who is in the same level as [image: $${\textbf {j}}$$]) dominates [image: $${\textbf {i}}$$], thus “pushing” [image: $${\textbf {i}}$$] down to the next level.




[image: ]
Fig. 3.Pareto landscape of the four-objective MP-DMP problem with different sizes of the considered solution set in the space, where the solutions are uniformly chosen from [image: $$500\times 500$$], [image: $$200\times 200$$], [image: $$100\times 100$$] and [image: $$50\times 50$$] grids, respectively.



The reason the proposed Pareto landscape exhibits the last two characteristics is its reliance on the Pareto dominance relation between solutions rather than their native objective values. Pareto landscape is a “relative” landscape, and unlike fitness landscape, the levels of solutions can change depending on the considered solution set. That being said, the change in levels is unlikely to affect the spatial location (i.e., height) of solutions in the landscape, provided that a set of well-distributed solutions is sampled in the space. Figure 3 gives the Pareto landscape of the four-objective MP-DMP problem with different sizes of the considered set. As can be seen in the figure, despite having different scale of non-domination levels, the four landscapes look identical.
In the following section, we will look at more examples of the MP-DMP problem to understand how Pareto landscape reflects other characteristics of multi-objective problems, such as multi-modality, neutrality, and scalability.

3.2 On Different MP-DMP Problem Instances
The MP-DMP problem has been frequently used to examine the behaviours of evolutionary algorithms in the area [14, 20, 23, 29], due to its flexibility of equipping with diverse features [9], such as (global) multi-modality [15] and neutrality [8]. Multi-modality means multiple Pareto optimal solutions in the decision space mapping to the same point in the objective space, and neutrality means solutions in a particular region having the same objective values. The multi-modal MP-DMP is constructed by multiple polygons having the same shape and size, where an objective is the minimisation of distances of a solution to a set of counterpart vertices in the multiple polygons. Figure 4 gives a four-objective multi-modal MP-DMP instance, where the four congruent squares are Pareto optimal regions, each mapping to the whole Pareto front. As shown in the figure, Pareto landscape can well reflect this multi-modality feature, with the four Pareto optimal regions sitting on the four squares.[image: ]
Fig. 4.An example of the four-objective multi-modal MP-DMP with four Pareto optimal regions (shaded).



The neutrality feature of the MP-DMP problem can be easily generated by assigning a constant value to all solutions in a region [8]. Figure 5 presents an MP-DMP instance with a neural region of [image: $$x \in [0.7, 0.9]^2$$], in which [image: $$f_1(x)=f_2(x)=f_3(x)=f_4(x)=2$$]. Clearly, Pareto landscape can reflect this feature. All solutions in the neutral region have the same worst level as they are dominated by any solution in the rest of the decision space.[image: ]
Fig. 5.An example of the four-objective MP-DMP with a Pareto optimal region (shaded) and a neutral region (dashed) of [image: $$x \in [0.7, 0.9]^2$$], in which [image: $$f_1(x) =f_2(x)=f_3(x)=f_4(x)=2$$].



Another important feature of MP-DMP is its scalability in terms of the number of objectives, which is determined by the number of the vertices of the polygon. Figure 6 gives the Pareto landscape of three MP-DMP instances with three, four and six objectives. As can be seen in the figure, although different MP-DMP problems have different scales of non-domination levels, their landscapes look very similar, indicating that the level of difficulty they pose for search algorithms may be very similar.


4 Comparison with Existing Methods
In this section, we compare Pareto landscape with three landscape visualisation methods, gradient field heatmap (GFH) [17], PLOT [26] and cost landscape [11]. The first two are recently proposed state-of-the-arts using a search algorithm to locate global/local efficient sets. Their plots were obtained directly from the moPLOT platform [27] developed by their authors. The third one is similar to ours – the only difference is that cost landscape considers Pareto rank (i.e., the number of solutions that dominate a solution), whereas our method considers the non-domination level a solution is located in. Here, due to their similarity, we use the same colour to represent their “fitness”. Note that since existing methods are usually presented in a 2D space, for facilitating comparison, we present Pareto landscape in a 2D space as well (i.e., the height being removed).[image: ]
Fig. 6.Pareto landscape of the MP-DMP instances with different numbers of objectives.



A landscape visualisation method is deemed helpful if it can accurately reflect some important features in multi-objective optimisation. For example, we may hope that it can accurately identify Pareto optimal solutions of the problem. We may also hope that it is aligned with the Pareto dominance relation That is, if two solutions (especially when they sit closely) are comparable in terms of dominance relation, it is desirable they are visibly distinguishable (i.e., having distinct colours/height). Equally, if two solutions are nondominated to each other, it is desirable that they have the same or similar colour/height.
4.1 Comparison with Search-Based Visualisation Methods
As search-based methods, GFH [17] and PLOT [26] first sample a large number of points uniformly in a grid (e.g., a grid of [image: $$500\times 500$$] cells), and then for each cell, it considers its adjacent cells according to the steepest multiobjective gradient (MOG) direction (see Sect. 2.1) until the MOG of the cell’s point is zero. However, in practice, in many cases locating a point whose MOG is precisely zero may not be possible. As such, one needs to set a small number as a threshold [image: $$\delta $$]. In GFH [17] and PLOT [26], this parameter was set to [image: $$\delta =1.0\text {e}-4$$]. On the other side, there may be non-optimal points with a very small MOG that is less than the threshold. Therefore, GFH and PLOT may not be able to accurately identify the Pareto optimal set.
Figure 7 shows the result of GFH and PLOT, along with the two non-search-based visualisation methods cost landscape and Pareto landscape, on the 2D bbob-biobj test function 11 [2], denoted by BBOB11. The Pareto optimal set of BBOB11 is a rectangle in the middle of the decision space. As can be seen in the figure, GFH and PLOT fail to identify the Pareto optimal set of the problem; the blue colour, which is supposed to represent Pareto optimal solutions, misses the target. In contrast, cost landscape and Pareto landscape can accurately reflect the Pareto optimal set (represented by the green points).[image: ]
Fig. 7.GFH, PLOT, cost landscape and Pareto landscape of function 11 in bbob-biobj [2].


[image: ]
Fig. 8.GFH, PLOT, cost landscape and Pareto landscape of ZDT1 [32].



In addition, the way that search-based methods perform the search also plays a role in their accuracy. In GFH and PLOT, the search is conducted on the pixel of the grid. For each step, the move can only be taken in 8 possible directions: up, down, left, right, and the 4 diagonals, which may not be aligned with the actual steepest direction of MOG. Moreover, the fitness of a point is calculated based on the length of the path to a local efficient set. Points which have the same quality may have different path lengths. For example, Fig. 8 shows the result of GFH, PLOT, cost landscape and Pareto landscape on the well-known problem ZDT1 [32]. Looking closely at Fig. 8(a) and (b), one may see that there is a diagonal line with inferior fitness than points on either side. This does not mean the points in the diagonal line are worse than others in quality, but means they have longer length than others. As such, the search-based methods, which well reflect the gradient direction, may not be very accurate to reflect the quality of solutions.
In Fig. 8, one may also find differences between cost landscape and the proposed Pareto landscape, which is not like the example in Fig. 7 where the plots obtained by the two methods are virtually the same. For example, in cost landscape (Fig. 8(c)), the worst area is the top-left, whereas in Pareto landscape (Fig. 8(d)), the worst is the top. In the next section, we will discuss differences between cost landscape and Pareto landscape.

4.2 Comparison with Cost Landscape
[image: ]
Fig. 9.3D cost landscape and Pareto landscape of ZDT1, where the coordinates (X1, X2) of points A–D are A(0, 0.2), B(0, 0.4), C(0.2, 0) and D(0.4, 0).


[image: ]
Fig. 10.3D cost landscape and Pareto landscape of DTLZ2, where the coordinates (X1, X2) of points A–D are A(0, 0.6), B(0, 0.8), C(0.2, 1) and D(0.4, 1).


[image: ]
Fig. 11.Pareto landscape of ZDT3, ZDT4, DTLZ1 and DTLZ7.



Cost landscape [11] measures the fitness of a point based on the number of points in the whole set that dominate the point. Like Pareto landscape, it provides “relative” fitness of the set considered. However, cost landscape is often much more sensitive than Pareto landscape to points in the set considered. Adding every new point that dominates the concerned point will change its fitness in cost landscape. This, however, is not the case for Pareto landscape since it considers the level of a Pareto optimal front. For example, in the example of Fig. 2, adding any nondominated points between g=(2,2) and h=(3,1) will not affect the level of any point in the set. However, for cost landscape, adding such a point will affect the fitness of points d, c, i and f. This characteristic of Pareto landscape can make a point’s fitness more steady and robust to other points.
Figure 9 gives such an example, where the 3D plots of cost landscape and Pareto landscape on ZDT1 are displayed. For ZDT1, when it has only two variables, X1 and X2, one can easily derive two properties. That is, 1) for a solution, with X1 being fixed, increasing its value on X2 will always generate a new solution that is dominated by it; and 2) with X2 being fixed, changing its value on X1 will always generate a new solution that is nondominated to it (the proofs can be found in https://​github.​com/​zxc990/​Pareto-landscape). However, cost landscape cannot reflect that. As can be seen from Fig. 9(a), solutions A and B have the same value on X1 (hence A dominating solution B); however, they are virtually on the same height. On the other hand, solutions C and D have the same value on X2 (hence being non-dominated to each other); however, solution C is significantly higher than D by cost landscape. The same misleading result happens for the problem DTLZ2 [6], shown in Fig. 10(a). From the figure, it is clear that, by cost landscape, solution A dominates B but they have the same height; solutions C and D are nondominated to each other but their heights are highly different. In contrast, Pareto landscape is in line with the problem’s properties (Fig. 9(b) and Fig. 10(b)) – solution A is always higher than B, and solutions C and D are always on the same level.


5 Pareto Landscape on Commonly Used Problems
In this section, we use Pareto landscape to plot several widely used problem suites in the domain. They are ZDT [32], DTLZ [6], WFG [13] and BBOB (i.e., bbob-biobj) [2]. For each BBOB problem, there are multiple instances; here the first instance was considered. Due to space limitations, we do not show all test problems for a suite but several representatives. For visualisation, all the problems were set to be in a 2D decision space and with two objectives.
5.1 ZDT and DTLZ
Figure 11(a) and (b) give the Pareto landscape of two ZDT problems, ZDT3 and ZDT4. A characteristic of the ZDT suite is that the Pareto optimal solutions are located in a region (or regions) where all decision variables except [image: $$x_1$$] are zero [32], as can be seen from the Pareto landscape in Fig. 11(a) and (b). As shown, ZDT3 has five disconnected Pareto optimal regions; note that the problem is not multi-modal, these disconnected regions corresponding to different parts of the Pareto front in the objective space. This feature poses somewhat of a challenge for search algorithms to locate all the optimal regions, but the challenge is mild since the overall landscape is smooth and there are no local optimal regions that can trap search algorithms. ZDT4 is a challenging problem in the suite. From Fig. 11(b), we can see that it has many local optima, which can certainly trap the algorithms if their search step is not appropriate (e.g., too small).
The DTLZ suite [6] generally has similar problem features and behaviours to the ZDT suite. Figure 11(c) and (d) give the Pareto landscape of two DTLZ problems, DTLZ1 and DTLZ7. As can be seen from Fig. 11(c), DTLZ1, similar to ZDT4, has a number of equally-spaced local optimal regions (despite with deeper valleys). DTLZ7 is similar to ZDT3 and has disconnected Pareto optimal regions when [image: $$x_2=0$$] (see Fig. 11(d)), but the gap between the optimal regions is bigger, hence more challenging for search algorithms to jump to the other when they find one of the local optimal regions.[image: ]
Fig. 12.Pareto landscape of several WFG problems.




5.2 WFG
Figure 12 gives the Pareto landscape of four WFG problems, WFG1, WFG4, WFG7 and WFG8. As can be seen from the figure, a difference of WFG1 from the previous problems is that it has a neural area (around [image: $$x_2=0.2$$]), hence posing challenges for search algorithms, particularly for local search ones, to make progress. For WFG4, there are many local optimal peaks along both [image: $$x_1$$] and [image: $$x_2$$] directions, which contrasts those only along [image: $$x_2$$] direction on ZDT4 and DTLZ1. As shown in Figs. 12(c) and (d), WFG7 and WFG8 have two piecewise Pareto optimal lines since both contain a transition function where one of the decision variables is mapped onto two regions [13]. It is worth mentioning that the variables of WFG7 on the two Pareto optimal lines can be optimised separately, whereas the variables of WFG8 on one Pareto optimal line are non-separable.

5.3 BBOB
A common feature amongst the previously considered problem suites ZDT, DTLZ and WFG is that they all inherently have some “man-made patterns” (so that the Pareto optimal region is known and controllable). This includes Pareto optimal solutions clustered at regions where certain variables are constants, and local optimal regions that are equally spaced. This may make them easily exploitable by search algorithms; for example, by separately searching for optimum on different variables or employing specific search step-sizes during the search process. This is not the case in the BBOB suite (i.e., bbob-biobj), where the two objectives are made up of well-known single-objective functions (so that the Pareto optimal region is not known nor controllable).[image: ]
Fig. 13.Pareto landscape of several BBOB (namely bbob-biojb) problems.



Figure 13 shows the Pareto landscape of eight bbob-biobj problems. As can be seen from the figure, their landscapes have a great variety. There are problems of uni-modality (BBOB1 and BBOB29), high ruggedness (BBOB10, BBOB47 and BBOB55), global structure (BBOBF47), big mountain-like local optima (BBOB10 and BBOB55), and small spike-like local optima (BBOB18, BBOB39 and BBOB53). Moreover, the Pareto optimal regions of the problems are rather irregular. They include the optimal region as a simple straight line (BBOB1), a broken line (BBOB29), several separate lines (BBOB10 and BBOB55), disconnected points (BBOB47), and a mix of lines and points (BBOB18, BBOB39 and BBOB53).
Note that the disconnectedness of Pareto optimal regions in many BBOB problems represents an important feature that challenges search algorithms. To find the whole Pareto optimal region, search algorithms need to maintain diversity during the search – they cannot first search along one direction and, upon reaching an optimal solution, then move around within the neighbourhood. Unfortunately, in contrast to BBOB, most ZDT, DTLZ and WFG problems do not have this feature, making search algorithms easier to find the whole Pareto optimal region.


6 Conclusions
In this work, we attempted to develop a tool to display the “fitness” of solutions in multi-objective optimisation, termed Pareto landscape. We presented the similarity and dissimilarity of the Pareto landscape compared with fitness landscape in single-objective optimisation. Pareto landscape is different from conventional fitness landscape in the sense that it provides “relative” fitness of solutions in the set considered, but like fitness landscape, it can effectively capture a range of problem characteristics (e.g., optimality, multi-modality, neutrality, level of ruggedness, and location of attraction basins), and spatial features of the decision space (e.g., peaks, valleys, plateaus, ridges and funnels). We also compared Pareto landscape with other popular landscape visualisation methods and presented that it can reflect important features that other methods fail to. Note that like other methods which directly display the decision space, the proposed method can only work on problems with less than three variables.
Lastly, We employed Pareto landscape to visualise commonly used multi-objective benchmark problem suites in the domain and discussed their features and characteristics. We found that the ZDT, DTLZ and WFG problems exhibit some man-made features which can be easily exploited by specific search configurations, whereas the BBOB problems may better represent challenging real-world optimisation scenarios with diverse, natural features.
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Footnotes
1In this paper, the points to plot Pareto landscape are those evenly distributed on a [image: $$500 \times 500$$] grid unless specifically stated otherwise.
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Abstract
Monte-Carlo Tree Search (MCTS) is largely responsible for the improvement not only of many computer games, including Go and General Game Playing (GPP), but also of real-world continuous Markov decision process problems. MCTS initially uses the Upper Confidence bounds applied to Trees (UCT), but the Rapid Action Value Estimation (RAVE) heuristic has rapidly taken over in the discrete and continuous domains. Recently, generalized RAVE (GRAVE) outperformed such heuristics in the discrete domain. This paper is concerned with extending the GRAVE heuristic to continuous action and state spaces (cGRAVE). To enhance its performance, we suggest an action decomposition strategy to break down multidimensional actions into multiple unidimensional actions, and we propose a selective policy based on constraints that bias the playouts and select promising actions in the search tree. The approach is experimentally validated on a real-world biological problem: the goal is to identify the continuous parameters of gene regulatory networks (GRNs).
Keywords
MCTScontinuous GRAVEconstraints-based selective policyaction decompositionchronotherapyhybrid GRN
1 Introduction
MCTS is a general decision-time planning algorithm that was initially designed for the improvement of computer Go [13]. The MCTS core idea is to incrementally build a search tree whose nodes represent the states of the environment and edges represent the actions taken from one state to a successor state. MCTS has proved to be effective in a wide variety of settings, including General Game Playing (GGP) [15, 23] but is not limited to games [5, 26]: it can be effective for single-agent sequential decision problems if there is an environment model simple enough for fast multistep simulation. The most popular MCTS algorithm is Upper Confidence bounds applied to Trees (UCT) [19], which addresses the exploration versus exploitation trade-off in each state of the tree search using the Upper Confidence Bound [1]. The Rapid Action Value Estimate [16, 17] is a simple yet powerful improvement. The RAVE algorithm combines UCT and the all-moves-as-first (AMAF) heuristic [4, 6] to provide knowledge sharing between related nodes, resulting in a rapid but biased estimate of the action values. A generalization of the RAVE heuristic [8] has been proposed to gather more accurate estimates near the leaves: the resulting algorithm outperformed RAVE on multiple games such as Go, Atarigo, Knightthrough, and Domineering, without any specific knowledge.
Since the striking success of decision-time planning by MCTS in discrete action spaces, existing methods try to mitigate the requirement of enumerating all actions to deal with large-scale and continuous domains. Progressive Widening (PW) [11, 14], also known as progressive unpruning [10], increases the number of child actions of a tree node based on its visitation count. cRAVE [12] adopts the RAVE heuristic using Gaussian convolution-based smoothing, reinforcing information sharing between similar states and actions in each node’s sub-tree. Other variants of MCTS in the continuous domain abound. Kernel Regression-UCT [25] generalizes the value estimation between similar actions in a node through kernel regression. Thus, new action generation is guided by kernel density estimation. An alternative to UCT is to replace UCB action selection rule [1] by Hierarchical optimistic optimization (HOO) [7, 22] to deal with continuous actions. HOO partitions the action space and builds a binary tree to gradually split it into subspaces. Examples of successful continuous MCTS applications have been: control tasks in OpenAI Gym environment [20], robotic planning [18], and action selection in an Olympic Curling simulator [25].
GRAVE outperformed RAVE in the discrete domain. As far as we know, this paper is the first adaptation of GRAVE to the continuous domain. In addition, we add two generic contributions that improve the MCTS performances in the continuous setting. First, the action decomposition strategy introduced proposes to split a multidimensional action into multiple unidimensional actions. This results in a tree policy reinforcing promising action components instead of the wrong ones and leading to better action selection, specifically when the tree search is shallow. Second, the core idea of a constraints-based selective policy suggests the development of a module that automatically extracts constraints and rules from the domain knowledge to reduce the action space before and during the execution of the procedure.
The paper is organized into three remaining sections: Sect. 2 presents related works for discrete and continuous MCTS from which we add some contributions detailed in Sect. 3, and Sect. 4 provides an experimental study on a real-world biological problem.

2 Monte Carlo Tree Search
2.1 Discrete MCTS
MCTS is a simulation-based tree search in which states of an environment are nodes and actions are edges. The basic version of MCTS uses Monte Carlo simulations for evaluating the nodes of a search tree in order to direct future simulations towards better-rewarded trajectories. Given an initial computation resource (time, memory or number of iterations) and starting at the root node, MCTS executes four steps iteratively:	selection: a tree policy decides which successor node to visit based on a selection function and each successor node statistics,

	expansion: when the selection step ends on a leaf node, the tree is expanded by adding a new node,

	simulation: from the expanded node, a simulation follows a rollout policy until a terminal node is reached,

	backpropagation: the reward value of the simulation is assigned to the expanded node and all of its ancestors.





The standard selection function for MCTS is UCB. It follows the principle of optimism in the face of uncertainty, which favors the actions with the highest potential value between exploitation (actions with a high mean reward value) and exploration (actions less selected). During the selection step, the action a is chosen (among the set of legal actions A(s) of state s) by applying the UCB formula:[image: $$\begin{aligned} argmax_{a \in A(s)} (mean_a + c \times \sqrt{\frac{log(n(s))}{n(s, a)}}) \end{aligned}$$]



where [image: $$mean_a$$] is the mean reward of a, n(s) is the number of times the state s is selected, n(s, a) is the number of times a is chosen after s is selected, and c is the exploration parameter that must be tuned for each problem: a low value favors exploitation while a high value encourages exploration.
The AMAF heuristic consists of updating the statistics of all actions both selected during the selection and simulation steps. Each of these actions is treated as if it was played on a previous selection step. The reward estimate for an action a from a state s is updated when a is chosen in any playout (even if a is not chosen from s).
RAVE is a popular UCT enhancement that blends the standard UCT score for each node with the AMAF score. Therefore, each node must hold a separate count of rewards and visits for each type. The UCB formula is replaced by:[image: $$\begin{aligned} argmax_{a \in A(s)} ((1.0 - \beta _a) \times mean_a + \beta _a \times AMAF_a) \end{aligned}$$]

 (1)


where [image: $$AMAF_a$$] is the AMAF score of the action a, and [image: $$\beta _a$$] is the dynamic weight calculated using [image: $$p_a$$] the number of rollouts starting with a:[image: $$\begin{aligned} \beta _a = \frac{pAMAF_a}{pAMAF_a + p_a + bias \times pAMAF_a \times p_a} \end{aligned}$$]

 (2)


in which [image: $$pAMAF_a$$] is the number of rollouts containing a.
The GRAVE algorithm uses AMAF statistics of an ancestor state if it has more associated rollouts than a given constant called ref, which must be tuned for each problem. The idea behind GRAVE is that a state upper in the tree has better accuracy since it has more associated playouts. GRAVE is a generalization of RAVE since GRAVE with ref equals zero is RAVE.

2.2 Continuous MCTS
In continuous Markov Decision Processes, standard UCT or RAVE cannot be used since the standard selection step requires the trial of every action at least once, which is impossible in a continuous domain. The progressive widening (PW) heuristic has been proposed to deal with this issue by maintaining a limited number of actions to consider in each state s depending on the number of times s has been visited. Specifically and heuristically, a new child state is sampled from s every time the visitation count of s (n(s)) to the power of pw is greater than or equal to its number of children ([image: $$n(s)^{pw} \ge |s.children|$$]). pw is a problem-dependent parameter that controls the number of actions allowed in s. In a nutshell, while UCT ensures that the tree grows deeper in the promising regions of the search space by balancing exploration and exploitation, the PW strategy guarantees that it grows wider in those regions.
cRAVE is an extension of RAVE to the case of continuous action and state spaces. It considers a smooth estimate of action and state values using a Gaussian convolution. Formally, it states that the AMAF score of choosing an action a from a state s is weighted by the contribution related to the state-action pairs [image: $$(s_i,a_i)$$] encountered in every tree-walk [image: $$x_s$$] starting from s:[image: $$\begin{aligned} AMAF_{s,a} = \sum _{x_s, a_i \in x_s} e^{- log N_{a,s} \{\frac{d(s,s_i)^2}{\alpha _{state} } + \frac{d(a,a_i)^2}{\alpha _{action}}\}} \times \textbf{R}(x_s) \end{aligned}$$]

 (3)


where [image: $$\textbf{R}(x_s)$$] is the cumulative reward obtained after following [image: $$x_s$$], [image: $$N_{a,s}$$] denotes the number of state-action pairs involved in every [image: $$x_s$$] (the sub-tree of s), and [image: $$\alpha _{action}$$] (resp. [image: $$\alpha _{state}$$]) is a problem-dependent parameter tuning the importance of [image: $$d(a,a_i)$$] (resp. [image: $$d(s,s_i)$$]) representing the distance between the action a (resp. state s) and the considered action [image: $$a_i$$] (resp. state [image: $$s_i$$]) from the sub-tree. The Euclidean distance is commonly chosen, but the choice of such a measure also depends on the problem. [image: $$pAMAF_{s,a}$$] is the number of tree-walks containing the state s followed by the action a and is also computed using Gaussian convolutions:[image: $$\begin{aligned} pAMAF_{s,a} = \sum _{x_s, a_i \in x_s} e^{- log N_{a,s} \{\frac{d(s,s_i)^2}{\alpha _{state} } + \frac{d(a,a_i)^2}{\alpha _{action}}\}} \end{aligned}$$]

 (4)






3 Contributions
Algorithm 1 encompasses the different contributions presented in this section.
3.1 Continuous GRAVE
[image: ]
Algorithm 1. Continuous GRAVE and enhancements



GRAVE uses AMAF values of a state higher up in the tree than the current state to gather more accurate estimates near the leaves. Its reliability decreases as the number of actions increases: in a continuous action space, the number of times a given action is tried is zero in expectation. An estimation of action and state values must be considered, such as Gaussian convolution smoothing. We propose to adapt the GRAVE algorithm to the continuous domain called continuous GRAVE (cGRAVE). The only difference is that the AMAF statistics are updated using Gaussian convolution smoothing (line 27 of Algorithm 1 follows Equation (4)). For computing cGRAVE (lines 10 to 13), the closest ancestor state having more rollouts than a given ref constant is kept as a reference state (called sref and involved in lines 7–9), and its AMAF statistics are calculated (to calculate lines 11–12).

3.2 Action Decomposition
Many real-world problems involve continuous action spaces, [image: $$a \in {\mathbb {R}}^d, d \in {\mathbb {N}}^*$$], where the set of possible actions is not finite. In addition, the dimension d of the action space can also be high, making continuous MCTS methods less effective. To leverage this issue, we propose an action decomposition (AD) strategy, which consists of breaking down each action of d components [image: $$(a = (x_1, ..., x_d))$$] into d unidimensional actions [image: $$(a_1 = x_1, ..., a_d = x_d)$$]. Therefore, the choice of each action component is left to the tree policy. In the expansion step, starting from a state node s, a first action component is sampled. Then, from this action node, a new action component is expanded. By iterating d times, the final component choice leads to a new state node from which the simulation step takes place.
While using this AD strategy, the search tree contains actions from which no simulation can be done. Line 5 of Algorithm 1 (“not simulatable”) checks whether or not s is a simulatable state. If s is not simulatable, a new action component must be sampled. Finally, if the AD strategy is not chosen, s is always simulatable since its parent action already comprises d components.
The advantage of such a strategy would be that each action node is considered as a traditional tree node in the selection step, leading to a tree policy that gradually reinforces the best action components at the expense of the wrong ones. Figure 1 illustrates such strategy: instead of considering the actions [image: $$a_i = (a_{i,1}, ..., a_{i,d})$$], [image: $$i \in [\![ 1, n ]\!]$$] and [image: $$n \in \mathbb {N}^*$$], as a whole (and the actions resulted by the combination of different components), they are decomposed such that the resulting tree search is composed of the distinct action components.
The effectiveness of this strategy is dependent on the order in which the action components are expanded. In a general framework, it is often impossible to obtain an optimal order of actions, either because the components are dependent or the order function of the components is unknown. If no information is available, a random order of components can be chosen. Otherwise, a heuristic, or even a dynamic calculation of the order of the components, through iterative deepening search, for instance, may reduce the convergence speed and lead to a case of more favorable complexity.[image: ]
Fig. 1.Action decomposition strategy illustrated (in a deterministic case). The multidimensional actions are decomposed component by component following a particular ordering and forming a tree structure.




3.3 Constraints-Based Selective Policy
The next suggestion we make is a constraints-based selective policy (CSP), which takes its roots from selective policies [9], successfully introduced in MCTS variants. The underlying principle is to keep more selectivity in the rollouts. This idea can be applied to any problem by modifying the legal moves set of a node so that moves that are unlikely to be good are pruned during the rollouts. The idea underlying CSP is to automatically extract constraints from the environment definition, some input data, or expert knowledge. The goal is to reduce the action space so that action values that are unlikely to be good or infeasible concerning an extracted constraint are pruned before and during the execution. A module is built to extract constraints that can be used during the expansion step to choose only legal actions and remove ones that will lead to an impossible state (a state in which there is an empty set of legal actions). This module is helpful in the tree to select promising actions, but it can also be during the simulation step, where information sharing (such as kernel regression or AMAF statistics) does not take place: it can be used in playouts to bias the policy.
In real-world applications, the action space A(s) of a state s is bounded, such that each action [image: $$a_i$$] is defined inside a specified domain [image: $$D_i$$]. Each domain [image: $$D_i$$] consists of a set of possible values. The CSP allows extracting a set of constraints [image: $$C_i$$], which reduces its corresponding [image: $$D_i$$]. Such action space is denoted [image: $$A_{CSP}(s)$$] (lines 16 and 22 in Algorithm 1). These constraints can be implicit or explicit and depend on the application domain. Extracting these constraints helps to reduce the dimension of [image: $$D_i$$] not only to legal actions but also to actions having a higher probability of being part of a solution. It can be done a priori and during the execution of the search. It alleviates the non-locality problem in which some actions may never be reached due to a previously performed action, even if that action belongs to the legal set. The construction of such an extraction module can be viewed as a generalized framework to apply to multiple distinct applications at the price of designing the module. A use case is provided in the next section.


4 Application
We empirically validate our method on the real-world problem of identifying continuous parameters of hybrid gene regulatory networks (hGRNs). First, we describe the problem. Then, the experimental design and setup are detailed. Finally, the results are highlighted and analyzed.[image: ]
Fig. 2.Example of a hGRN depicted as a directed graph (a), and a possible hybrid state graph (b). The hGRN dynamic parameters are depicted as black arrows.



4.1 Parameters Identification of hGRNs
Gene regulatory networks (GRNs) modeling is a functional framework for studying and understanding the effect of regulations inside a biological system. Usually, a GRN is represented as a directed graph in which vertices abstract one or multiple biological genes ([image: $$v_1, v_2$$] in Fig. 2a) and edges express either the activation ([image: $$\xrightarrow {+n}$$]) or the inhibition ([image: $$\overset{+n}{\dashv }$$]) of one vertex by another only if the concentration of the source vertex is above its [image: $$n^{th}$$] threshold. An unlabeled arrow means that [image: $$n=1$$]. Since each of these regulations may or may not occur, each gene abstraction has a maximum discrete level of concentration corresponding to the maximum number of targets it can regulate. In the context of Fig. 2a, the maximum discrete level of both genes is 1, leading to discrete levels of genes ([image: $$\eta _{v_1}$$] and [image: $$\eta _{v_2}$$]) in [image: $$\{0,1\}$$]. This graph is a static representation and is of limited interest because it does not help the modeler to predict any evolution of the system. Although a discrete dynamical framework has been developed, we consider here a hybrid modeling framework that adds chronometric aspects to the discrete framework, because it is fundamental to observe and reason not only about the discrete dynamics of a complex system but also about its chronometric evolution. This is particularly important in biology to optimize medical treatments by taking into account biological rhythms (chronotherapy). The hGRN dynamics of Fig. 2a is then built in two steps: (i) First, each grey box, representing a discrete state [image: $$\eta = (\eta _{v_1}, \eta _{v_2})$$], defines the discrete concentration level of each gene. (ii) the hGRN dynamics are then defined as piecewise linear continuous trajectories (red lines). The trajectory starts from an initial hybrid state [image: $$h_i$$], which is represented by both a discrete state [image: $$\eta $$] and a vector determining the precise position [image: $$\pi $$] inside the discrete state [image: $$\eta $$]. The initial state is defined by [image: $$h_i = \left( \left( \eta _{v_1}, \eta _{v_2}\right) ^t, \left( \pi _{v_1},\pi _{v_2}\right) ^t\right) = \left( \left( 0, 0\right) ^t, \left( 0.25,0.25\right) ^t\right) $$]. Then, the evolution inside each discrete state is given by a so-called celerity vector (black arrows), which defines the direction and celerity of each gene, e.g., the celerity of [image: $$v_1$$] in [image: $$\eta = (0,0)$$] is denoted [image: $$C_{v_1,(0,0)}$$]. More generally, the celerity of v in [image: $$\eta $$] is denoted [image: $$C_{v,\eta }$$]. Such models could help biologists make new interpretations of the possible system dynamics. Nevertheless, the bottleneck of the modeling framework is the identification of celerity vectors. We are interested in valid hGRN models of the biological system under study, that is, into hGRN models consistent with knowledge and observations.[image: ]
Fig. 3.Interaction graph of the 5-genes hGRN (a) and its corresponding biological knowledge (b).



Our approach takes into consideration already-formalized information analyzed by biologists derived from biological data and expertise instead of raw data, which are known to be subject to noisiness and scarcity. The approach abstracts the knowledge extracted from biological experiments under the form of constraints on the global trajectory: it must (i) start from an initial hybrid state [image: $$h_i = (\eta _i,\pi _i)$$], (ii) verify a triplet of properties in each successive discrete state [image: $$(\varDelta t,b,e)$$] where [image: $$\varDelta t$$] expresses the time spent; b delineates the observed continuous behavior inside the discrete state ([image: $$\top $$] means the absence of observed behaviors); e specifies the next discrete state transition, and (iii) reach a final hybrid state [image: $$h_f = (\eta _f,\pi _f)$$]. Figure 3b shows the biological knowledge (BK) associated with the interaction graph Fig. 3a of the cell cycle GRN [2] from which we want to extract solutions (valid models) in the next section. Note that the combination of arcs leading from En and EP to B represent a logical conjunction of the two control conditions. Starting from [image: $$h_i = \begin{pmatrix} (\eta _{SK}, \eta _{A}, \eta _{B}, \eta _{En}, \eta _{EP})^t = (0, 0, 0, 1, 0)^t\\ (\pi _{SK}, \pi _{A}, \pi _{B}, \pi _{En}, \pi _{EP})^t = (0.5, 0., 0., 1., 1.)^t \end{pmatrix}$$], the trajectory must spend 3.33 hours in the discrete state [image: $$\eta = (0, 0, 0, 1, 0)$$]. Within this state, the celerity should move towards the next discrete state of SK ([image: $$SK+$$]) to increase the concentration level of gene SK. In the meantime, the trajectory must also reach the minimum admissible concentration of EP ([image: $$slide^-(EP)$$]). When SK hits its threshold value, the trajectory jumps into the neighbor state [image: $$\eta = (1, 0, 0, 1, 0)$$]. This process continues discrete state after discrete state until the trajectory reaches [image: $$h_f$$] ([image: $$=h_i$$], forming a cycle). Any valuation of dynamic variables, i.e., celerities, leading to a trajectory satisfying this BK, is considered a solution to the hGRN identification problem.

4.2 Decision-Making Problem Specifications
The dimension of the decision-making problem is not the number of genes but a double exponential product: the number of celerities to identify in each discrete state is equal to d (5, here), the number of possible states is [image: $$\prod \nolimits _{v \in V} (b_v + 1)$$] with [image: $$b_v$$] the maximum discrete level of concentration of gene v (48, here), the total number of celerities is [image: $$d \times \prod \nolimits _{v\in V} (b_v + 1)$$] (240, here).
To treat this problem with an MCTS approach, we consider each discrete state as an MCTS state and the choice of celerity vectors as an action. In each timestep, an action (the celerity vector choice) is composed of d continuous variables where d is the number of genes. When considering the use case of Fig. 3, there are five continuous variables, and, because of biological reasons, the action space domain can be bounded to [image: $$[-7.; 7.]^5$$]. As the BK is based on observations of 12 states, there are 12 continuous multidimensional actions to find a solution leading to a shallow-depth MCTS tree. However, due to the equality constraints on the time criterion in BK, the solution space forms a measure zero set, which complicates the learning process because an action component must find an exact floating-point value. Furthermore, some celerities in one discrete state may be identical in one or more other discrete states, leading to a hard-constrained problem. For this reason, a continuous constraint satisfaction problem solver approach failed to extract even one particular solution when considering these five genes GRN [3]. Finally, the reward for a rollout is the length of the trajectory before it ends in a final state: the maximum is 12 if the trajectory successfully passes between all discrete states (see Fig. 3b).

4.3 Design of Experiment and Experimental Setting
The goal of the experiments is to assess the efficiency of the different contributions added to the baseline cRAVE. The design of experiments is cumulative. First, cRAVE is compared to itself combined with the constraints-based selective policy (cRAVECSP). In the next step, we add to the previous algorithm the action decomposition strategy (cRAVECSP-AD). Similarly, we replace the cRAVE heuristic in cRAVECSP with its improvement GRAVE in the continuous domain (cGRAVECSP). Finally, we aggregate the different contributions leading to a final version (cGRAVECSP-AD).
To avoid the disadvantages of the ad-hoc and manual parameter tuning of the algorithms, we decided to use an iterated racing procedure for automatic algorithm configuration. Using the irace package [21], we kept the best elite configuration obtained after 1000 iterations to determine the values of the problem-dependent parameters. For the cRAVE heuristics, the parameter space is [image: $$bias \in \{1e-15, 1e-14, ..., 1e-2, 0.1\}$$], [image: $$\alpha _{state} \in [\![ 1,100 ]\!]$$], [image: $$\alpha _{action} \in [\![ 1, 100 ]\!]$$], and [image: $$pw \in \{0.1, 0.11, ..., 0.89, 0.9\}$$]. The resulted tuned values are [image: $$bias = 0.1$$], [image: $$\alpha _{state} = 47$$], [image: $$\alpha _{action} = 87$$], and [image: $$pw = 0.61$$]. For the cGRAVE heuristic, ref is found among the values [image: $$[\![ 1, 100 ]\!]$$] and equals 29. The Euclidean distance is chosen for both action and state spaces. Each experiment is run 30 times to obtain statistically significant results. The different policy values obtained are compared for the same computational budget, i.e., 200.000 tree-walks. This number comes from previous experiments assessed in [24].

4.4 Experiments
Domain Knowledge. To develop the CSP module, we used some knowledge of the hybrid framework. Indeed, some celerities, i.e., action components, are constrained to be the same in the different discrete states that will be encountered by the trajectory. Therefore, before the execution, the module propagated some information of BK between the states that share at least one common celerity component. For example, the module automatically extracted that [image: $$C_{SK}$$] in the third discrete state is constrained by [image: $$slide^+(SK)$$]. But it also extracted that the next discrete state shares the same celerity SK. Thus, the module helped to determine that (i) the celerity of SK in the third state is positive due to the [image: $$slide^+$$] knowledge (reducing the search space for this action to only positive values) and (ii) that when the value is known, it is kept to the next discrete state. During the execution, the module also helped to evict some action values. In the same example of [image: $$slide^+(SK)$$] in the third discrete state, every positive value for [image: $$C_{SK}$$] is considered a legal move. However, [image: $$C_{SK}$$] value is impacted by its entry point, i.e., the hybrid state when entering the third discrete state. As a result, depending on the coordinates of the entry point, [image: $$C_{SK}$$] values are adjusted online.
There is no domain knowledge of the order function of the moves in the AD, so we have defined an arbitrary order among the genes (first SK, second A, then B, En, and finally EP) and kept the same for every decomposition.[image: ]
Fig. 4.Comparative performances (cumulative reward) of the different variants on the 5 genes hGRN, versus the computational budget (number of iterations). The upper the better: a reward of 12 means that a solution is found.



Analysis. Figure 4 comparatively displays the monotonic evolution of the results obtained by the different tested algorithms. It can be observed that (i) the CSP is largely but non-surprisingly beneficial for the convergence of the different MCTS variants: it helps escape an early blockage, (ii) cRAVECSP-AD and cGRAVECSP both help to improve the findings of better cumulative rewards and (iii) when combining the three contributions, cGRAVECSP-AD ensures to always find a solution of the problem, i.e., an admissible valuation of celerity vectors making it possible to satisfy BK (it hits the maximum threshold near 180, 000 simulations).[image: ]
Fig. 5.CDF curves showing the best results for the different variants.



Cumulative Distribution Function (CDF) curves are built in Fig. 5. Each CDF curve describes the probability of finding a solution at, or below, a given cumulative reward score. For instance, with cRAVECSP, there is 100% probability that at the end of a run, a user would obtain a cumulative reward less than or equal to 6, and 50 % probability that the cumulative reward would be less or equal than 11. Table 1 summaries statistics of the best cumulative reward obtained for each run. The mean average and standard deviation of the results are reported, as well as the overall maximum and minimum cumulative reward (the best results column by column are shown in bold). For the maximum, the reader can refer to the x-axis of the rightmost point of each corresponding CDF curve that has more than 0% probability (in the y-axis).Table 1.Statistics of cumulative rewards gathered by the different algorithms tested. Bold values denote the best results column by column.


	Alg
	mean ± std
	max
	min
	% of solutions

	cRAVE
	0.97 ± 0.18
	1
	0
	0

	cRAVECSP
	8.7 ± 2.72
	12
	6
	20

	cRAVECSP-AD
	11.2 ± 1.54
	12
	6
	70

	cGRAVECSP
	11.6 ± 1.3
	12
	6
	93.33

	cGRAVECSP-AD
	12.0 ± 0.0
	12
	12
	100





Figure 5 and Table 1 quantitatively illustrate the interest of the different contributions. Without CSP, no solution can be found. And, on top of CSP, the AD strategy and cGRAVE enhance the probability of (i) obtaining a better cumulative reward and (ii) the percentage ([image: $$\%$$]) of problem solutions found. The combination of our proposals (cGRAVECSP-AD) allows us to obtain a solution with a probability of 100%. Overall, the merits of the contributions are empirically demonstrated in this real-world biological problem.

4.5 Statistical Analysis
A statistical validation campaign was conducted to evaluate the observed differences in the reported performance values of all algorithm pairs in order to exhibit the best algorithm variant. We consider the null hypothesis [image: $$H_0$$] stating that the observed performance scores are equal. First of all, the choice between parametric and non-parametric tests is made according to the independence of the samples (seeds are different), whether or not the data samples are normally distributed (Kolmogorov-Smirnov test), and the homoscedasticity of the variances (Levene’s test). As neither normality nor homoscedasticity conditions required for the application of the parametric tests hold (at [image: $$\alpha = 5\%$$] confidence level), the non-parametric Friedman rank-sum test is employed to assess whether at least two algorithms exhibit significant differences in the observed performance values. The obtained p-value equals [image: $$7e-21$$] showing that the differences among the algorithms are significant. However, we still don’t know which pairs of algorithms are different. Therefore, the non-parametric Wilcoxon signed-rank test was performed. In a complementary way, to reduce the issue of Type I errors in multiple comparisons, the Bonferroni correction method was applied. Table 2 shows, on top, the p-values obtained with the pairwise Wilcoxon test and, on the bottom, the ones computed with the Bonferroni correction.Table 2.Pairwise Wilcoxon statistical tests (top) with Bonferroni post-hoc analysis (bottom) for [image: $$H_0$$].


[image: ]



If we analyze the conclusions supported by the tests, based on the acceptance or rejection of the above hypotheses, we arrive at the following insights: cRAVE is largely outperformed by the other tested variants. In addition, cRAVECSP underperforms compared to cRAVECSP-AD, cGRAVECSP, and cGRAVECSP-AD. The results achieved by cGRAVECSP are not statistically different compared to cRAVECSP-AD and cGRAVECSP-AD (dark boxes in Table 2). However, it can be emphasized that cRAVECSP lags behind cGRAVECSP and similarly between cRAVECSP-AD and cGRAVECSP-AD.

4.6 Visualisation
Figure 6 shows the best solution obtained by cGRAVECSP-AD for each run. It illustrates the evolution of gene product concentration versus the time spent. The graph type is modeled differently than Fig. 2b because of the number of dimensions, but both of them emphasize the same phenomenon: the evolution of concentration (in the y-axis) as a function of the time spent (in x-axis) for the different genes (different curves). This visual confirmation shows that the contributions proposed helped to exhibit solutions, each consistent with BK.[image: ]
Fig. 6.Visualisation of the 30 solutions (one for each run) obtained by cGRAVECSP-AD on the 5 genes hGRN identification problem. Black vertical lines illustrate the 12 different discrete states.





5 Conclusion
The contributions proposed in this work concern first a continuous version of the GRAVE heuristic. GRAVE uses the AMAF statistics of an ancestor node when the number of playouts is too low to have meaningful AMAF statistics on the considered node. The AMAF statistics considered are estimated thanks to a smoothing technique (Gaussian convolutions in our study case) as in the cRAVE approach. In addition, we have presented two additional generic improvements: (i) the action decomposition strategy, which allows having a finer-grained action selection step, and (ii) the constraints-based selective policy implying the construction of a module that automatically extracts constraints to reduce the action space by pruning actions before and during the search process. By analyzing the cumulative experiments on the problem of identifying celerity vectors in a hybrid GRN, the results show that cGRAVE combined with the presented contributions largely outperforms cRAVE. It also emerged that cGRAVE, the action decomposition strategy, and the constraints-based selective policy can independently be generic improvements of MCTS in the continuous domain.
The question of hGRN modeling addressed in this paper actually requires a set of solutions to help the biologist develop new hypotheses and design experiments. This multimodal issue has already been addressed in an alternative approach [24]. We plan to develop a new version of cGRAVECSP-AD that can find diverse plans to the same problem in a single run. We believe that such a modification could be useful in other problems, both in the discrete and continuous settings.
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Abstract
The United States Naval Research Laboratory is currently using permutation-based genetic algorithms for large-scale satellite resource scheduling. This is a real-world, deployed application. The permutations must be mapped to a Gantt chart representing the final schedule. How this mapping is done can have a significant impact on the ability of the search algorithm to discover high-quality solutions. We present new work that uses compaction strategies in combination with genetic algorithms to construct less fragmented schedules. A schedule with “fewer holes” should also translate into better resource utilization. We show that this is indeed the case. This work is impactful because this strategy can be used to improve all genetic algorithm schedulers
.
1 Introduction
Genetic algorithm schedulers have a successful track record of fielded applications [1, 14, 20, 22, 27]. A genetic algorithm scheduler is currently in use by the United States Navy for scheduling multi-resource satellites. The scheduler uses a permutation representation. The genetic algorithm generates a permutation, and a schedule builder maps the permutation to a schedule in the form of a Gantt chart. This separates the optimization problem from the representation problem, enabling a clearer understanding of the impact of optimization strategies and solution representations on the scheduling outcomes.
The permutation representation acts as a priority queue for the schedule builder. Tasks are drawn one at a time from the permutation in order and placed in the schedule. This form of “Resource Scheduling" attempts to place as many tasks as possible without conflict (or with minimal conflict) on some target set of resources. Early in the schedule construction process, almost all tasks are scheduled without conflict. However, if the target resource is oversubscribed, conflicts arise as more and more tasks are placed into the schedule. Our schedulers use two different strategies when there is a conflict.
In the first strategy, when a conflict occurs, we immediately place the task in the schedule in a position that minimizes the overlap between tasks. This creates an opportunity to “repair" a schedule by allocating less than the requested time to the task. For example, if two tasks have a requested duration of 20 min each, but there is a 4-minute overlap, it may make sense to allocate 18 min to each task instead of bumping one of the tasks out of the schedule. This approach may require human intervention to repair a schedule. Minimizing total overlap time can produce a schedule that is easier to repair. For brevity, we will refer to this as minimizing overlaps.
In the second strategy, if a conflict occurs, the task is not immediately placed in the schedule; instead, the schedule builder proceeds to the next task in the permutation. Here, the priority is to minimize the number of conflicts. All tasks that were ignored due to conflict are later placed in the schedule to also minimize overlaps. In general, this will produce a schedule with fewer total conflicts, but with larger overlaps. One disadvantage is that “large tasks" that require more time are more likely to be in conflict and more likely to result in a larger overlap.
This paper asks how we can build a schedule that is as compact as possible by removing “gaps" in the schedule. This is similar to the problem of computer memory allocation. We would also like to avoid fragmentation, i.e., we wish to prevent the creation of small blocks of time that cannot be scheduled. A less fragmented schedule should also result in fewer conflicts and less total overlapped time when conflicts occur. We introduce different mapping policies designed to avoid schedule fragmentation.
We also demonstrate that conflict minimization and overlap minimization are strongly correlated when resources are not heavily oversubscribed. When there is a small number of conflicts, solutions which minimize overlaps also minimize conflicts. However, when resources are heavily oversubscribed, solutions that minimize conflicts and solutions that minimize overlaps become anti-correlated.

2 Satellite Mission Scheduling
The US Naval Research Laboratory (NRL) offers satellite services through the Virtual Mission Operations Center (VMOC), an integrated software suite for satellite mission planning, scheduling, and monitoring. Satellite missions can perform different tasks, like communication, earth observation, navigation, and positioning. The VMOC system schedules these tasks using resources distributed across a constellation of satellites. A “resource" is some computational, sensing, or communication capability installed on one or more satellites. Scheduling is non-preemptive. The nature of the task determines its duration and required resource type. Other task attributes can also affect schedule decision-making.
As satellites orbit the Earth, “lines of sight" are created between the resources and targets. Depending on satellite coverage, a target on Earth may be periodically visible to several resources. Thus, a single task may have multiple scheduling opportunities on multiple different satellite resources at different times. A visibility window is a contiguous time interval during which a target is visible to a resource, i.e., when there is a line of sight between them.
While task duration is typically constant, the duration of the visibility window depends on satellite orbital mechanics. The visibility window may exactly fit the task duration, or it may be longer. Low earth orbit (LEO) satellites have short orbital periods, varying from 86 to 128 min, which enables them to complete 11 to 16 orbits daily. Medium earth orbit (MEO) satellites have longer orbital periods, varying from 668 to 777 min, resulting in fewer orbits per day than LEO satellites. Thus, a target may be visible to LEO resources during multiple short windows a day while visible to MEO resources during fewer but longer windows. There also exists high earth orbit satellites.
A target is not uniformly visible to the resource during the entire visibility window. For example, the slant distance and the off-nadir angle between the resource and the target vary as the satellite moves along its orbit. For imagery tasks, these variables affect the spatial resolution and geometric characteristics of the collected image. For communication tasks, they affect signal quality and delay. Many other factors influence task success, such as resource configuration, swath (the band of the Earth visible to an orbiting satellite), and weather. Since we want to focus specifically on compact schedule construction strategies, these constraints are outside the scope of our current analysis.
It is also necessary to schedule set-up time between consecutive tasks on the same resource to reconfigure it for target acquisition. We assume that each task includes its required set-up time.
2.1 Schedule Representation
One way to represent a schedule is a Gantt chart, a set of intervals indicating when tasks start and finish on each resource timeline. However, it is sometimes more efficient to optimize an indirect representation, like a permutation of tasks, rather than directly optimizing a schedule [6, 7, 24, 25]. Schedule representations can be complex, with intricate search spaces, making it challenging to find optimal solutions. When optimizing permutations for schedules, the focus is on the ordering relation among tasks rather than their specific timing.
Since permutations do not encode timing information, a greedy schedule builder maps a permutation to a schedule according to a specified policy. By optimizing a permutation and then mapping it to a schedule, we decouple the optimization problem from the representation problem. Note that a deterministic mapping policy is a surjective-only function. While each permutation uniquely maps to a single schedule, different permutations may map to the same schedule, which forms plateaus in the search space [2].

2.2 Problem Formulation and Objective Functions
Given a set of task requests, the scheduling problem is to find, for each task, the visibility window and start time that optimize an objective function. The start time and duration determine the execution window where a task is ultimately scheduled. These concepts are depicted in Fig. 1. The visibility window is the interval [EST, LFT], where EST is the earliest start time, and LFT is the latest finish time. The execution window is the interval [image: $$[t, t + d]$$], where t is the start time, and d is the duration. The task must lie within its visibility window, i.e., in the interval [EST, LFT].[image: ]
Fig. 1.Time flows from left to right. The visibility window is the interval [EST, LFT]. The execution window is the interval [image: $$[t, t + d]$$].



Let [image: $$T = \{1, 2, ..., n\}$$] be the tasks, and [image: $$R = \{1, 2, ..., m\}$$] be a set of resources. Each task i is associated with a duration [image: $$d_i$$] as well as a subset of alternative scheduling options, where each alternative placement is denoted by a 5-tuple [image: $$(i,r,d_i,EST,LFT)$$] indicating that task i can be scheduled in a window on resource r with duration [image: $$d_i$$] with some earliest start time (EST) and the latest finish time (LFT). It is possible that a task could be placed on the same resource at different points in time, for example on a low orbit satellite which has multiple orbits per day.
Consider a schedule denoted by S. For each task in S there is a schedule window for task i which can be denoted by a 4-tuple [image: $$w_i = (i,r,a_i,d_i)$$] which indicates that task i has been placed on resource r with an assigned start time [image: $$a_i$$] and duration [image: $$d_i$$].
A schedule is defined as complete if all tasks in set T are placed in the schedule. A complete schedule may have conflicts where two or more tasks are scheduled on a resource at the same time.
Construct a matrix O for each schedule S such that [image: $$o_{i,j}$$] records the overlap in the window assigned to task i and j on the same resource r. If there is no conflict between task i and j in schedule S then [image: $$o_{i,j} = 0.$$]
Since we will use a permutation representation, [image: $$\pi ~=~&lt;\pi _1, \pi _2, ..., \pi _n&gt; \mid \pi : T \rightarrow T,$$] we also can refer to a task by its position in the permutation. Thus, [image: $$\pi _q = i$$], if task i is placed in the [image: $$q^{th}$$] position in the permutation representation. Given a deterministic schedule builder, each permutation uniquely maps to one schedule.
Let cost [image: $$c_t$$] denote the total overlap time in a complete schedule S:[image: $$\begin{aligned} c_t = \sum _i \sum _j o_{\pi _i,\pi _j}~~~~ \text{ subject } \text{ to }~~~ i &lt; j \end{aligned}$$]

 (1)


Obviously, we only need to check for overlaps when task [image: $$\pi _j$$] is placed in the schedule. In simple problems there can exist complete schedules that have zero overlap. But in many real world problems this is not possible.
We can also create incomplete schedules where we only place a task in the schedule if it can be placed without conflict. A different objective is to maximize the number of tasks that can be scheduled without conflict, which corresponds to minimizing the number of conflicts.
Given the permutation of tasks [image: $$\pi ~=~&lt;\pi _1, \pi _2, ..., \pi _n&gt; \mid \pi : T \rightarrow T$$], and a binary vector [image: $$\textbf{m} = [m_1, m_2, ..., m_n]$$], where [image: $$m_i = 0$$] if the task [image: $$\pi _i$$] was allocated without conflict, and [image: $$m_i = 1$$] otherwise, we can define the number of conflicts [image: $$c_n$$] as the number of 1 s in vector [image: $$\textbf{m}$$]:[image: $$\begin{aligned} c_n = \Vert \textbf{m}\Vert _1 \end{aligned}$$]

 (2)





2.3 Related Work
The problem discussed in this work falls under the broader class of satellite range scheduling problems (SRS), known to be NP-complete [1]. Researchers have proposed various solutions to SRS applications over the last three decades. Solutions can be grouped into exact and non-exact methods. Exact methods are primarily Linear Programming [5, 13] and Dynamic Programming solutions [15, 17], while non-exact methods comprise heuristic [3, 11], metaheuristic [26, 27], and machine-learning solutions [4, 8].
In this work, we are particularly interested in the choice of schedule representation. Radcliffe et al. [18] indicate that the choice of representation can significantly impact the effectiveness of genetic algorithms in solving complex problems. They strongly suggest a preference for domain-independent representations. Despite this, there is a gap in the literature concerning how the choice of representation affects the performance of genetic algorithm schedulers.
Among metaheuristics, genetic algorithms (GA) have been extensively applied to satellite scheduling [12]. Barbulescu et al. [1] successfully used genetic algorithms with permutation-based representations to schedule the US Air Force Satellite Control Network (AFSCN). The authors proposed two mapping policies, similar to policies in this paper, to convert task permutations into schedules.
More recently, Whitley et al. [23] proposed 1-Pass and 2-Pass strategies, demonstrating that the mapping policy strongly influences the optimization results. Other recent studies use direct or ad hoc indirect representations, but concentrate most of the discussion on the optimization methods [14, 16, 26, 27].

2.4 Scheduling Policies
The permutation functions as a priority queue. A schedule builder traverses the permutation and decides the visibility window and the start time of each task. However, building a schedule involves additional decisions. Suppose the scheduler cannot schedule a task without creating a conflict. Should the task be bumped out of the schedule, or should it be skipped and scheduled later? If the overlap time is short, should the task be placed in the schedule regardless?
We start by exploring two common scheduling strategies [1, 23]. Consider the permutation [image: $$&lt;4, 7, 3, 6, 2, 1, 5&gt;$$], where each number uniquely identifies a task, and each task has an associated set of visibility windows. A task is conflict-free if it can be scheduled without conflict. Otherwise, there exists one or more conflicting tasks. Note that whether a task is conflict-free depends on its position in the permutation and how oversubscribed the problem is. For example, any task in the first position is conflict-free because the schedule is still empty. Conversely, the last task in the permutation is more likely to cause a conflict because all previous tasks are already in the schedule.
Every task request includes an ordering of windows where the task might be scheduled. We assume that the first requested window is the most desirable, and our basic policies give priority to scheduling in these windows.
The 1-Pass and 2-Pass scheduling strategies were briefly introduced in the introduction. Using a 1-Pass strategy, when a conflict occurs, we nevertheless place the task in the schedule in a position that minimizes the overlap between tasks. This creates an opportunity to “repair" a schedule by allocating less than the total requested time for a task. This approach is known to be used by some professional human schedulers working in satellite scheduling [2, 19].
Using a 2-Pass strategy, if a conflict occurs, the task is initially dropped out of the schedule. After a first complete pass, the subsets of conflict-free and conflicting tasks are determined. But we would also like to place all the tasks in the schedule, even if this causes overlaps. So, a second pass is made over the set of conflicting tasks (in the same original permutation order), and they are placed in the schedule while trying to minimize overlap time.
We next discuss six different scheduling policies, each based on one of these strategies (1-Pass or 2-Pass), with distinct approaches to address task placement.
Policy First-L1 is a “first fit" policy using a 1-Pass scheduler that places the task in the leftmost position in the scheduling window while using a single pass over the permutation (First-L1: First-fit, Leftmost, 1-Pass). If the task is conflict-free, the scheduler places it as early as possible (i.e., leftmost) in the first requested window or the first available window. Since this is a 1-Pass scheduler, if it is a conflicting task, the scheduler places it on a resource using the window and start time that minimizes overlap time. Let us consider the example permutation. Suppose the scheduler places tasks 4, 7, and 3 without conflict. Assume the scheduler cannot place task 6 without creating conflict with tasks 4, 7, or 3. The scheduler places task 6 using the window and starts time that minimizes overlap time. This policy is repeated until all tasks are scheduled.
Because this policy uses a “leftmost" (as early as possible) placement of tasks, this may or may not result in fragmentation. For example, in Fig. 2, the example “Case 1" is such that the leftmost placement of Task 3 (between Tasks 4 and 7) results in two gaps that fragment the schedule. This does not happen if the Task 3 window intersects with other tasks in the schedule. In Fig. 3 (leftmost), we see a case where Task 3 is placed leftmost, and now Task 3 and Task 4 are adjacent. We refer to this as “sticking to the left".
Policy First-L2 schedules tasks doing two consecutive passes: one pass for conflict-free tasks and another for conflicting tasks. Otherwise, it is like the First-L1 policy that schedules in the first available window in the leftmost position (First-L2: a First-fit, Leftmost, 2-Pass scheduler). Let us consider the example permutation again: [image: $$&lt;4, 7, 3, 6, 2, 1, 5&gt;.$$] Suppose the scheduler places tasks 4, 7, 3, and 2 without conflict in the first pass, skipping tasks 6, 1, and 5, the tasks that create a conflict. The scheduler then does a second pass over the unscheduled tasks [image: $$&lt;6, 1, 5&gt;$$] in the same order they appear in the permutation, scheduling them in a location that minimizes total overlap time.
The fundamental difference between these policies is that Policy First-L1 (1-Pass) strictly interprets the permutation as a single queue, while Policy First-L2 (2-Pass) decomposes the permutation in two queues. Otherwise, they behave the same, either scheduling conflict-free tasks as early as possible in the first fit schedule location, or minimizing the overlap time of conflicting tasks.

2.5 Schedule Compaction
We present two additional policies that aim to produce less fragmented schedules through the use of some degree of compaction.
Policy First-LR1 is the same as Policy First-L1, except it makes an extra effort to prevent gaps in the schedule (First-LR1: First-fit, Leftmost and Rightmost, 1-Pass). It is also a 1-Pass scheduler. First, the schedule finds the first available window where the task can be placed. Then the scheduler tries to place the task in the leftmost position. If the task sticks to the left, (Case 2, Fig. 3), then the task is placed in the leftmost position. But assume the leftmost placement of a task yields a gap, as shown in Fig. 2. The scheduler then looks at the rightmost placement of the task. Sometimes, the rightmost placement will yield a placement adjacent to a previously placed job (the task sticks to the right). An example of this is in Fig. 3 (rightmost). If a task does not stick to the right or left, it is placed in the leftmost position by default.[image: ]
Fig. 2.Case 1 - No sticking. The incoming task window does not intersect with previous tasks, so it is impossible to stick it to tasks 4 or 7. Whenever the start time, placing task 3 will create two time gaps.


[image: ]
Fig. 3.Case 2 and 3 - Stick to the left (leftmost), and sticking to the right (rightmost). The scheduler sticks the incoming task to the one that intersects with the window on the left (task 4) or on the right (task 7).



Policy First-LR2 is the same as Policy First-L2 except it makes an extra effort to prevent gaps in the schedule. It is a 2-Pass scheduler. This policy checks both left and right placement in order to determine if one of these placements reduces fragmentation (i.e., if the task sticks to a previously placed task).
There may be more intricate cases. In Fig. 4, for instance, the intersection of the task window with the free time results in one or more sub-windows; in this case, the sub-windows [image: $$s_1$$], [image: $$s_2$$], and [image: $$s_3$$]. Given task 3 duration [image: $$d_3$$], assume that [image: $$s_2 &gt; s_3 &gt; d_3 &gt; s_1$$], i.e., task 3 fits in the sub-windows [image: $$s_2$$] and [image: $$s_3$$], but not in [image: $$s_1$$]. All “first fit" policies would start the task as early as possible in the sub-window [image: $$s_2$$] (its first fit), assuming no distinction between windows and sub-windows.

2.6 Best Fit Policies
The First-LR1 and First-LR2 policies consider only the “first fit", or first available window free from conflict. We introduce two more policies that search for the best-fit scheduling window to further reduce fragmentation.
The Best-LR1 and Best-LR2 policy uses a “best fit" strategy that places a conflict-free task in the smallest window available, while checking both leftmost and rightmost placements. Consider the example in Fig. 4 again. Assume the task could be placed in sub-window [image: $$s_2$$] or in sub-window [image: $$s_3$$]. The task is placed in sub-window [image: $$s_3$$] in the leftmost position if this yields a compact result. Otherwise, Best-LR1 uses a 1-Pass strategy and Best-LR1 uses a 2-Pass strategy.[image: ]
Fig. 4.The intersection of Task 3 window (incoming task) with the free time in the schedule results in the sub-windows [image: $$s_2 &gt; s_3 &gt; d_3 &gt; s1$$], where [image: $$d_3$$] is the duration of Task 3. Different policies will place Task 3 in different locations.



Table 1 summarizes the proposed mapping policies, showing how they relate in terms of number of passes (1-Pass or 2-Pass), presence of compaction strategies, and window fit.Table 1.Scheduling policies


	Policy
	Pass
	Compaction
	Window fit

	First-L1
	1-Pass
	no
	first

	First-L2
	2-Pass
	no
	first

	First-LR1
	1-Pass
	yes
	first

	First-LR2
	2-Pass
	yes
	first

	Best-LR1
	1-Pass
	yes
	best

	Best-LR2
	2-Pass
	yes
	best






2.7 Problem Generator
We developed a problem generator to create representative scheduling problems based on the VMOC scheduler. The problem generator takes three input parameters: the number and types of satellites (LEO, MEO), the number of tasks, and the task density. Task density determines how many scheduling alternatives a task has. The scheduling alternatives appear in order of preference in the dataset, with the first location being the top preference.
Time is measured in minutes, and the schedule horizon covers 1440 min (24 h). Task windows start and end on the same day. Visibility windows are uniformly sampled within predefined ranges, depending on satellite type. LEO windows range from 10 to 15 min, while MEO windows range from 60 to 120 min. The task duration is uniformly sampled within the window duration.
We generated nine instances with increasing numbers of tasks (200 to 1000 tasks) for a fixed set of 5 LEO and 10 MEO satellites. The larger the instance, the more oversubscribed the problem is.
When there are more than 400 tasks and only 15 satellite resources, the resulting problems are heavily oversubscribed. For 600 tasks, almost all solutions have more than 200 conflicts. Our schedules would be less conflicted if some of the MEO satellite requests were scaled back to a range of 40 to 90 min. Another solution to oversubscribed resources is to increase the number of resources.


3 Experimental Design
We used an implementation of the Standard Generational Genetic Algorithm [9, 10] but without a mutation operator and with tournament selection, with a tournament size [image: $$k=3$$]. Our prior experience is that mutation is not necessary since permutation crossover operators do not “transmit alleles" and thus are inherently noisy. For each experiment configuration, we ran 30 trials with a limit of 50,000 evaluations each.
Solutions are recombined using Syswerda’s Order Crossover [21]. This is the only permutation operator we are aware of specifically designed to be sensitive to “order" and we have repeatly found it to be more effective than other crossover operators for this class of scheduling problems [1, 23, 25].
Syswerda introduced two permutation crossover operators:   an “order" crossover and a “position" crossover operator. However, these operators inherit by both order and position and are identical when correctly parameterized. Assume we are given two permutations as follows: [image: ]
 We inherit 5 of the 10 elements by position from Parent 2. The offspring after inheriting these positions will be: [image: ]
 The remaining elements are inherited from Parent 1 in the order in which they appear: D F G I J[image: ]
 Note that we could have first selected elements D I G J F from Parent 2 and re-ordered them based on their order in Parent 1. But if the number of positions selected by position crossover is the same as the number of positions utilized by order crossover, the results are identical in expectation.
3.1 Scheduling Results
We ran a large number of experiments with the six different scheduling policies and with population sizes of 256, 512, and 1024. When we used the “overlap" evaluation function, the best results were always produced by a population size of 1024. When we used the “conflicts" evaluation function, the smallest number of conflicts was also produced by a population size of 1024.
Table 2 presents results for problems with [image: $$n=200$$], [image: $$n=300$$], [image: $$n=400$$], [image: $$n=500$$] and [image: $$n=600$$] tasks for population size 1024. We also ran experiments with up to [image: $$n=1000$$] tasks, but these problems were extremely oversubscribed. All of the results in Table 2 are single-objective results.Table 2.Scheduling results for different policies, and different numbers of tasks. Results are also given when the fitness function is “conflicts" versus “overlap." The population is 1024. The sample size is 30.


	Tasks
	Policy
	Fitness=Conflicts
	Fitness=Overlap

	Conflicts
	Overlap
	Conflicts
	Overlap

	200
	First-L1
	7.3 ± 1.4
	338 ± 68
	10.2 ± 1.1
	153 ± 10

	200
	First-LR1
	7.1 ± 1.7
	340 ± 82
	10.6 ± 1.8
	155 ± 22

	200
	Best-LR1
	6.3 ± 1.2
	310 ± 57
	8.6 ± 2.8
	150 ± 33

	200
	First-L2
	6.9 ± 1.3
	367 ± 72
	10.2 ± 2.3
	172 ± 27

	200
	First-LR2
	6.9 ± 0.8
	369 ± 49
	10.0 ± 1.9
	164 ± 25

	200
	Best-LR2
	7.3 ± 1.7
	390 ± 87
	7.5 ± 2.0
	156 ± 34

	300
	First-L1
	45 ± 5.3
	2371 ± 147
	62 ± 3.5
	1697 ± 78

	300
	First-LR1
	45 ± 5.6
	2394 ± 146
	59 ± 3.6
	1677 ± 66

	300
	Best-LR1
	41 ± 3.9
	2304 ± 129
	56 ± 3.4
	1661 ± 117

	300
	First-L2
	40 ± 3.2
	2420 ± 132
	50 ± 2.9
	1967 ± 115

	300
	First-LR2
	39 ± 2.5
	2398 ± 111
	50 ± 2.7
	1892 ± 63

	300
	Best-LR2
	37 ± 2.3
	2366 ± 126
	47 ± 2.2
	1827 ± 133

	400
	First-L1
	88 ± 6.4
	5264 ± 86
	118 ± 2.4
	4385 ± 147

	400
	First-LR1
	89 ± 7.4
	5231 ± 92
	116 ± 2.8
	4322 ± 103

	400
	Best-LR1
	85 ± 6.0
	5239 ± 94
	110 ± 3.5
	4388 ± 152

	400
	First-L2
	79 ± 3.5
	5383 ± 113
	99 ± 2.3
	4741 ± 103

	400
	First-LR2
	79 ± 4.2
	5361 ± 101
	97 ± 3.3
	4681 ± 100

	400
	Best-LR2
	77 ± 4.6
	5368 ± 118
	92.3 ± 1.7
	4655 ± 145

	500
	First-L1
	140 ± 7.0
	8690 ± 72
	192 ± 3.6
	7875 ± 49

	500
	First-LR1
	140 ± 8.4
	8707 ± 65
	188 ± 4.0
	7895 ± 96

	500
	Best-LR1
	138 ± 6.7
	8761 ± 81
	186 ± 3.5
	7961 ± 116

	500
	First-L2
	125 ± 2.7
	8897 ± 73
	153 ± 2.4
	8273 ± 114

	500
	First-LR2
	127 ± 5.3
	8911 ± 81
	151 ± 2.9
	8293 ± 84

	500
	Best-LR2
	126 ± 6.2
	9007 ± 110
	149 ± 2.9
	8312 ± 155

	600
	First-L1
	222 ± 5.8
	14932 ± 60
	296 ± 4.9
	14300 ± 36

	600
	First-LR1
	224 ± 8.7
	14922 ± 58
	297 ± 4.6
	14317 ± 35

	600
	Best-LR1
	223 ± 13.5
	14906 ± 54
	293 ± 3.6
	14347 ± 86

	600
	First-L2
	204 ± 4.0
	15116 ± 64
	239 ± 2.8
	14582 ± 68

	600
	First-LR2
	202 ± 5.4
	15147 ± 61
	236 ± 3.7
	14571 ± 66

	600
	Best-LR2
	202 ± 6.6
	15194 ± 79
	234 ± 3.4
	14634 ± 117





Because we care about both the number of conflicts and the sum of overlaps, we ran experiments using two different evaluation functions with the genetic algorithm. The first evaluation function minimizes conflicts, and the second evaluation function minimizes the sum of overlap time. Previous satellite schedulers, specifically the Air Force Satellite Control Network (AFSCN) scheduler, used “overlap" as the evaluation function. Since satellites are valuable resources, human schedulers were repairing the schedule, trying to fit in (almost) every task by giving the conflicting tasks (a little) less than the requested time [2, 19].
The data includes 15 satellite resources distributed over a mixture of low-orbit and medium-orbit satellites. In general, 1-Pass schedulers yield lower overlap, while 2-Pass schedulers yield lower conflict counts. This pattern holds regardless of whether the evaluation function is “conflicts" or “overlaps". Thus, the schedule builder can also influence the type of solutions that are generated.
Inspection of Table 2 shows there is some trade-off between using only conflicts or only overlaps as the evaluation function. But particularly when scheduling 200 tasks, it is generally the case that when a low overlap time was achieved, the number of conflicts was also low. For 200 tasks, there was little variation in the number of conflicts when the evaluation function optimized conflicts (the results ranged from [image: $$6.3 \pm 1.2$$] to [image: $$7.3 \pm 1.4$$]). It is possible to minimize both conflicts and overlaps for 200 tasks.
When optimizing overlaps, for the 200-task instance, the conflicts range from 7 to 11. The Best-LR1 and Best-LR2 policies using “overlap" as the evaluation function provide an excellent trade-off: the number of conflicts is 7 or 8, and the overlap time varies from 150 to 156 min. When “conflicts" is used as the evaluation function, the overlap time doubles (to more than 310 min on average for all algorithm configurations). Although the system is somewhat oversubscribed with 200 tasks, a similar number of conflicts was reported in real-world AFSCN satellite scheduling data (with approximately 2 to 5 conflicts per 100 tasks scheduled) [1].
The results in Table 2 trend in the same direction when there are 300 tasks. But there is now more of a trade-off. The Best-LR1 and Best-LR2 policies using compaction strategies still produce the best overall results, but the 1-pass results (Best-LR1) do a significantly better job of minimizing overlap time, and the 2-pass results (Best-LR2) do a significantly better job of minimizing conflicts. The Best-LR2 policy using overlap as the evaluation function provides a useful trade-off: the average number of conflicts is 47, and the overlap time is 1827 min. That means 15.7% of all tasks are in conflict. If 47 conflicting tasks have 1827 min of overlap, then each conflicting task has an average overlap of 38 min. The Best-LR2 policy using number of conflicts as the evaluation function produced the lowest number of conflicts, with an average of 37. But the average overlap time jumped to 2366 min. Assuming we have a schedule with 37 conflicting tasks with an overlap of 2366 min, then each conflicting task has an average overlap of 64 min. This is an extremely high level of overlap in the schedule.[image: ]
Fig. 5.200 tasks. a) Minimizing Conflicts. b) Minimizing Overlaps. Note the x-axis for plot (a) is from 3 to 14, and the axis for plot (b) is from 5 to 20. In each case, there is a single dominating solution produced by Best-LR2.




3.2 A Pareto Perspective
Figure 5 shows results for instance size 200 when minimizing conflicts and when minimizing overlap. We present these results in a bi-objective fashion, with conflicts on the x-axis and overlap on the y-axis. However, we did not use bi-objective methods for the results in Table 2, and it appears we do not need multi-objective methods as long as the number of conflicts and the overlap time are strongly correlated.
The labels (First-L1, First-L2, First-LR1, First-LR2, Best-LR1, Best-LR2) can be found in Table 1. Clearly, there is a correlation between the number of conflicts and the total overlap time for the 200-task problem in our study. Solutions that have minimal overlap tend to also have minimal numbers of conflicts. However, the impact of the different evaluation functions is also clear. When the evaluation function is conflicts, the best solutions reduced the number of conflicts to 4 tasks; when the fitness function is overlap, the best solutions reduced the number of conflicts to 5 tasks. In this case, there is not a large difference. But the difference in terms of overlap is much greater. When the evaluation function is overlap, there exist solutions where the number of conflicts is 5 and the overlap is less than 125 min. But when the fitness function is conflicts, there are only two solutions below 200 min and none below 150 min.[image: ]
Fig. 6.600 tasks. We merged the best results using both overlaps and conficts for all fitness configurations to better show the spread of the full data set. We now see the emergence of a Pareto front for this heavily oversubscribed problem. All of the results with more than 280 conflicts occur when minimizing overlap. All of the results with less than 230 conflicts occur when minimizing conflicts. But solutions with low conflicts have high overlaps, and solutions with low overlap have high conflicts.



From a bi-objective point of view, we believe that minimizing overlap yields the best overall results and produces more repairable schedules by taking advantage of small overlaps. But again, this is for less constrained problems, with 200 (and perhaps 300) tasks.
Figure 6 shows bi-objective results for instance size 600 when minimizing conflicts and when minimizing overlap. In this case, the scheduling problem is much more oversubscribed, and the results are now anti-correlated. The problem of selecting a schedule is also much more difficult.
The different algorithms in Table 1 diverge depending on the evaluation function. The 2-Pass algorithms consistently yield fewer conflicts, often reducing the number of conflict below 210. Note that this still represents [image: $$210/600 = 35$$]% of the tasks in conflict. Many of the tasks scheduled without conflict must also be the smaller LEO requests.
When the objective is overlap ([image: $$n=600$$]), we can see that it is possible to reduce overlap to less than 14400 min. However, the number of conflicts dramatically increase, in some cases up to 300 of the 600 tasks.
Many of the best results in terms of minimizing conflicts are also produced by the BEST-LR2 placement strategy. The best results in terms of minimizing overlap are also produced by the BEST-LR1 placement strategy, but the FIRST-LR1 strategy is also often competitive. It is extremely interesting to observe that different schedule building strategies yield results that occupy different parts of the Pareto front.
Given the configuration of our generator with 15 satellite resources, it is reasonable to conclude that 600 task requests are simply too many tasks: a conflict rate above [image: $$200/600 = 33.3$$]% is unacceptably high. Indeed, the problems with 600 tasks are much more constrained than the real-world problems we have seen in the literature for any resource scheduling problem. Nevertheless looking at such problems reveals that as satellite resources become more constrained a Pareto front emerges and that multi-objective methods may be required to explore the trade-off of optimizing conflicts while also minimimzing task overlap.


4 Conclusions
This paper evaluates genetic algorithm schedulers that utilize a permutation-based representation. The GA scheduler uses a schedule builder to convert a permutation into a schedule in the form of a Gantt chart.
We show that the use of compaction methods can result in schedules that are less fragmented, which in turns results in fewer conflicts and less overlap time. This effect is somewhat independent of the evaluation function. However the results are sensitive to the degree to which resources are oversubscribed. These kinds of trends are both fundamental and important for resource scheduling. Our work exposes biases that have not been carefully documented, despite over 30 years of research in this area.
When scheduling problems are not too oversubscribed, it is possible to minimize both the number of conflicts and the overlaps of the conflicted tasks. Our results for 200 and 300 tasks are closer to real-world scenarios than those with a larger number of tasks. Our data shows that our two objectives, minimizing conflicts and overlap, are correlated for problems that are not too oversubscribed. However, it seems better to use “overlap time" as the evaluation function since minimizing overlap also creates pressure to reduce conflicts.
The use of a 1-Pass or a 2-Pass strategy produces a significant effect on algorithm performance, no matter whether the objective is conflicts or overlap. This means the design of the scheduler builder can have a significant impact on solution quality, independent of the evaluation function.
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Abstract
Attacker-defender strategy optimization deals with optimizing and deciding on different tactics used by two independent entities working in tandem. Unlike in standard optimization problems, a complete solution of the entire two-agent problem consists of strategies of both agents and evaluation of a solution requires precise information of both strategies. For this reason, a co-evolutionary optimization framework is proposed in this paper to keep two co-evolving populations interacting with each other in tandem to reach their optimal strategies. While co-evolutionary algorithms have been proposed in the past, multi-objective co-evolutionary problems make the optimization task more complex, resulting in a set of Pareto-optimal strategies for each entity. In this paper, we apply a multi-objective competitive co-evolutionary optimization algorithm to a real-world wargame strategy optimization problem. The proposed co-evolutionary algorithm is used to find trade-off sets of competitive wargame strategies for both entities and a novel post-optimization decision-making procedure is also proposed to choose preferred strategies for each entity in tandem, leading to a stable or a cycle of sequential strategies. To the best of our knowledge, this paper marks one of the first-ever applications of multi-objective, competitive, co-evolutionary optimization approaches to a real-world wargame scenario, revealing their impact and importance in practice.
Keywords
Attacker-defender systemCompetitive co-evolutionDecision-makingMulti-objective gamesMulti-agent systems
1 Introduction
Attacker-defender strategy optimization is a critical aspect of many security systems. In wargame scenarios, a win is determined by how each side utilizes its resources and develops effective strategies to counter the opponent’s movements. While our discussion sheds some light on the study of these strategies, it should be noted that we do not support or glorify the act of war here. We simply illustrate the wargame situation as a possible application scenario leading to a challenging multi-agent co-evolutionary optimization problem. War simulations or games [6, 12, 20] have a large following in the gaming community and it is a very challenging problem to find optimal strategies for each of the participating entities.
In an attacker-defender system, each entity has its own set of parameters related to different resources, such as logistic information, number of assets, etc., which can be tuned to find a response strategy against the opponent. However, the outcome of one entity’s parameter setting can only be evaluated properly by knowing the opponent’s parameter settings. Thus, any effort to optimize one entity’s strategy cannot be developed in isolation, as it is achieved in most single entity-based optimization problems. Since both entities are trying to optimize their own strategies and since they are responsive to one another, there is a need for co-evolving both entities together. While one entity’s strategy gets better with optimization iterations, the other entity is also learning to produce better and better strategies of its own. This kind of two intertwined optimization problems result in the co-evolutionary optimization problem. However, if both entities have multiple conflicting objectives to optimize, the resulting problem becomes more challenging as each entity will now have a Pareto set of alternate solutions to pick a strategy from. In recent years, co-evolutionary algorithms have been gaining interest in various applications of multi-agent systems [14, 15, 23]. There are two types of co-evolutionary process: cooperative [3, 9, 10, 13] and competitive [11, 16, 17, 24]. When two or more species evolve by cooperating with each other in achieving their own goals, the process is called cooperative co-evolution. On the other hand, when multiple species evolve by competing against each other to fulfill their individual goals, it is called competitive co-evolution. In the case of wargame strategy optimization, generally, two agents will contradict each other’s goals, thereby making the task a competitive co-evolution.
Co-evolutionary algorithms are mainly proposed in the literature for a single objective for each agent [5, 21]. However, in a practical multi-agent system, such as in a wargame strategy optimization problem, each agent may have more than one conflicting objective to consider. The objectives of an agent can be completely different from those of the other agent or they can have opposing purpose of minimizing or maximizing the objectives. For example, the defense may minimize the loss of its assets, while the offense would, most likely, try to maximize the loss of the defense’s assets. The above discussion amply indicates that solution of the attacker-defender system for multiple conflicting objectives is challenging, requiring efficient optimization algorithms and decision-making procedures.
The rest of the paper is organized as follows: Sect. 2 describes the wargame strategy optimization problem in more detail by outlining the structure of the problem, the objectives, and the complexity of optimization. The proposed multi-objective competitive co-evolutionary framework, including the optimization algorithm and post-optimization decision-making, is described in Sect. 3. The results obtained by applying the proposed framework to the wargame strategy optimization problem are analyzed and discussed in Sect. 4. Finally, the paper is concluded in Sect. 5. From here onwards, we have used the terms attacker for offense, and defender for defense interchangeably to mean the same thing.

2 Wargame Strategy Optimization Problem
Wargame Strategy Optimization Problems (WSOPs) are highly idiosyncratic, and there is not one computing model that can fully represent all types of wargames. Here, we focus on a wargame where there is a clear attacker and a defender. The attacker attempts to inflict as much damage on an Air Base (Air to ground missile hits) while incurring the least cost (monetary expenses and loss of attacker lives) to themselves, but also enforcing the greatest cost on the defender (monetary expenses and loss of defender lives). The defender’s goals are in direct competition with the attackers. Both agents’ strategies can be broken down into three subsets: research and engineering (RE), force composition (FC), and mission plans (MP). RE and FC decisions have upfront monetary costs and are considered fixed once the mission begins. RE decisions define the capability of assets (e.g., their stealth, speed, sensor ranges, and payload capacities). FC decisions define the number of assets brought to the conflict across roles (e.g., Strike assets and Electronic Warfare assets). MP decisions define how assets coordinate and behave during the conflict (e.g., flight formations, rules of engagement, and routes). Overall, the attacker has 50 variables they can manipulate, and the defender has 24 variables. The attacker variables mainly include striker, sweeper and jammer information, while the defense variables include information about integrated air defense (IAD) systems and interceptors. In this paper, we have attempted to solve the WSOP using a multi-objective competitive co-evolutionary optimization approach.

3 Proposed Multi-objective Co-Evolutionary (MoCoEv) Optimization and Decision-Making Methods
In this section, we present the MoCoEv algorithm in detail. Since each entity uses multiple conflicting objectives, MoCoEv is expected to find two distinct sets of Pareto-optimal solutions, each involving all 74 decision variables. Thereafter, a decision-making procedure is needed to choose a sequence of preferred solutions from each Pareto front in a systematic manner.
3.1 MoCoEv Optimization Algorithm
In a MoCoEv algorithm, there are two interacting populations, each containing its own decision variables. Like in other evolutionary algorithms, initial populations [image: $$Pop_1^{(0)}$$] and [image: $$Pop_2^{(0)}$$] of two problems can contain random solutions [image: $$\textbf{x}$$] and [image: $$\textbf{y}$$] of sizes [image: $$N_1$$] and [image: $$N_2$$], respectively; however, for practical problems with previously known good solutions, initial populations can be seeded with known solutions.
Due to the computational expense in evaluating a strategy ([image: $$\textbf{x}$$],[image: $$\textbf{y}$$]), we use surrogate functions during the optimization process created from a large number of pairs of strategies ([image: $$\textbf{x}$$],[image: $$\textbf{y}$$]) evaluated using hi-fidelity wargame simulation software offline. While the accuracy of the developed surrogate function is a matter of their practical use, we do not address this issue here and focus on the multi-objective co-evolutionary optimization and decision-making aspects of the problem, which is already quite complex and challenging to discuss and comprehend. Here, we want to state our assumption that both entities do not know the decisions made by the other entity but the surrogate models are representative of each entity’s assumption about how the other entity might behave. The proposed method can be used to have a better insight into the outcome and dynamics of the wargame based on chosen decision-making aspects, rather than actually using the method in real time.
At iteration t, genetic operations can be performed on [image: $$Pop_1^{(t-1)}$$] as usual, using its own objectives and constraints and a new population [image: $$Pop_1^{(t)}$$] of size [image: $$N_1$$] can be created. Here, we follow the NSGA-II’s operations for this purpose. A total of [image: $$\tau _1$$] iterations can continue as above before the next population is updated for consecutive [image: $$\tau _2$$] iterations. Then again [image: $$Pop_1$$] can be updated for another [image: $$\tau _1$$] iterations. This process can continue until a termination condition is satisfied. For simplicity, we ignore constraints in presenting our proposed algorithm. A pseudo-code of the MoCoEv procedure is presented in the supplementary document1.
Evaluation of a single population member [image: $$\textbf{x}$$] of [image: $$Pop_1^{(t)}$$] requires a specific variable vector [image: $$\textbf{y}$$] from the second population [image: $$Pop_2$$]. This is where a number of strategies can be adopted in an MoCoEv algorithm like summing, averaging, considering minimum, or maximum. But, we consider an averaging strategy here as it is the most used one. The k-th population member of [image: $$Pop_1$$], [image: $$\textbf{x}^{(1),k}$$], is paired with every member [image: $$\textbf{y}^{(2),l}$$] ([image: $$l=1,\ldots ,N_2$$]) of the Population [image: $$Pop_2$$] one at a time and [image: $$N_2$$] objective vectors are evaluated. Then, a mean fitness value of i-th objective function of the k-th [image: $$Pop_1$$] member is computed as follows:[image: $$\begin{aligned} F_i(\textbf{x}^{(1),k}) = \frac{1}{N_2} \sum _{l=1}^{N_2} f_i(\textbf{x}^{(1),k}, \textbf{y}^{(2),l}). \end{aligned}$$]

 (1)


Similarly, the fitness of each member of the second population can also be computed by averaging the respective objective values over all [image: $$Pop_1$$] members.
After the average function values for each objective is computed, they can be used for domination check and other niche-preserving operators of the chosen evolutionary multi-objective (EMO) algorithm. Every member is evaluated for both [image: $$F_1$$] and [image: $$F_2$$] using all members of the second population. Then, the mean fitness vector is computed for each member and is used for the domination check. The crowding distance values for each member, needed for diversity preservation of non-dominated solutions, are also computed using the aggregate fitness values. Thus, the final trade-off set of solutions of each population ([image: $$\textbf{Z}^{(1)}$$] and [image: $$\textbf{Z}^{(2)}$$]) will correspond to the non-domination principle of the chosen aggregate fitness functions.
The variation operators in the MoCoEv algorithm are recombination and mutation operators which are applied to the respective population, independently. For example, for every generation of [image: $$Pop_1$$], recombination and mutation operators are applied to [image: $$\textbf{x}$$]-vectors of [image: $$Pop_1$$] only, while keeping the current [image: $$\textbf{y}$$]-vectors of [image: $$Pop_2$$] unchanged. Every newly created [image: $$\textbf{x}$$]-vector is then evaluated using the fixed [image: $$\textbf{y}$$]-vectors of [image: $$Pop_2$$] and average fitness is used for the survival operator of [image: $$Pop_1$$]. After [image: $$\tau _1$$] such generations are executed with [image: $$Pop_1$$], then [image: $$\tau _2$$] generations are performed by keeping [image: $$\textbf{x}$$]-vectors fixed.
The above successive cycles of two population updates are continued until a termination condition is met. In this study, we run until a pre-defined number of combined generations (T) is elapsed. After the MoCoEv run, a separate non-dominated (ND) set will be found for each agent.

3.2 MoCoEv Decision-Making Procedure
Selecting a single Pareto solution for agent from their respective ND set is a challenging decision-making task. We propose the following procedure. Since the wargame is to be played alternatively between the two players, an offline computation of ND strategies becomes a pragmatic approach. In the case of attacker-defender WSOP, the defender (or, attacker) may start by choosing a strategy from its own ND set based on certain initial preference information among its objectives. With the defender’s strategy revealed, the attacker can then choose the most preferred strategy from its own ND set, so that maximum effect can be imposed on the defender’s chosen strategy. Next, it will be the defender’s turn to choose the next appropriate strategy from its own ND set to negotiate the attacker’s chosen strategy. These iterative moves can be continued until either an equilibrium state (converged attacker and defender strategies) or an equilibrium cycle (converged cycle of attacker and defender strategies) is arrived.
One of the remaining tasks is to discuss the specific multi-criterion decision-making (MCDM) method where each player can adopt to pick a single appropriate strategy from its own ND set. Let us say that there are [image: $$N_1$$] attacking strategies and [image: $$N_2$$] defending strategies after the MoCoEv run.
The first step of the decision-making process is to select one of the agents for initiation. Let us say we choose the defender at first. So, the defender needs to choose one of the [image: $$N_2$$] final ND strategies. Each of these strategies will have a distribution of objective values as one defending strategy is evaluated against [image: $$N_1$$] different attacking strategies from the attacker’s ND set, leading to [image: $$N_1$$] objective scores. So, we can calculate the normalized standard deviation of all objective values for each defending strategy. The initial defending strategy is the one having the lowest average normalized standard deviation for the objectives. Intuitively, having a lower normalized standard deviation reflects some type of robustness of a strategy against all the opposing strategies.
After the first strategy is selected from the defender, the attacker needs to select its own strategy. Every attacking strategy is evaluated against the selected defending strategy and the corresponding ND set is identified from them. Finally, for selecting a single attacking strategy from the ND set, we use the highest trade-off-based selection method described in [19]. For any ND set, the trade-off value for an ND point [image: $$x_i$$] with a neighboring ND point [image: $$x_j$$] can be calculated as:[image: $$\begin{aligned} R(x_i, x_j) = \frac{w_{loss} \times Loss_f(x_i \rightarrow x_j)}{w_{gain} \times Gain_f(x_i \rightarrow x_j)}. \end{aligned}$$]

 (2)


Here, [image: $$w_{loss}$$] and [image: $$w_{gain}$$] represent the weights provided to loss and gain acquired through moving from one solution to another, respectively. This trade-off value gives an approximation of the amount of loss that should be accepted, compared to the gain for moving from [image: $$x_i$$] to [image: $$x_j$$]. The final trade-off value for each point gets computed by taking an average of its trade-off with its neighbors. A higher trade-off value for a point indicates that moving away from the point results in a high loss. Thus, the decision-makers usually prefer the highest trade-off point from the ND set. In this way, we keep selecting the highest trade-off point from the ND set of each side from hereon.
After selecting the attacking strategy, the defender selects a strategy using the same procedure as the attacker. This process continues until we can find an equilibrium point where the same defending strategy and attacking strategy keep on getting selected in each iteration or an equilibrium cycle where the same sequence of defending and attacking strategies get selected in a cycle.


4 Results and Discussion
After carefully formulating the proposed MoCoEv algorithm and decision-making procedure, we apply the proposed framework to the WSOP. In this section, we first show the final formulation of the problem, followed by some preliminary analysis of the optimization of the problem without any co-evolution, and finally, we evaluate the performance of the proposed co-evolutionary process.
4.1 Solution Evaluation and Surrogate Model
In our WSOP case study, we execute each scenario using the ‘Command Modern Air and Naval Operations’ (CMANO) [2] system. Each scenario takes, on average, about six minutes under a graphics-less accelerated execution. It is still too slow to use this high-fidelity model within an optimization code. Therefore, a surrogate model is learned for each of the five competing attacker/defender objectives.

4.2 WSOP Objectives
Table 1.The original objectives and attacker-defender goals for the WSOP.


	Objective
	Att.
	Def.

	OffenseHits
	[image: $$\uparrow $$]
	[image: $$\downarrow $$]

	OffenseLifeCost
	[image: $$\downarrow $$]
	[image: $$\uparrow $$]

	DefenseLifeCost
	[image: $$\uparrow $$]
	[image: $$\downarrow $$]

	OffenseExpenditures
	[image: $$\downarrow $$]
	[image: $$\uparrow $$]

	DefenseExpenditures
	[image: $$\uparrow $$]
	[image: $$\downarrow $$]





[image: ]
Fig. 1.Correlation analysis of WSOP objectives.



The objectives and the goals of the WSOP entities are presented in Table 1. The analysis of the dataset used for training the surrogate models reveals that some of the objectives are correlated with each other. In Fig. 1, we can see that OffenseLifeCost is highly correlated with OffenseExpenditures (corr. coeff.: 0.87) and similarly DefenseLifeCost is highly correlated with DefenseExpenditures (corr. coeff.: 0.77). These observations make sense because intuitively more OffenseLifeCost means more resources of the attacker getting destroyed leading to more OffenseExpenditures. The same logic applies to the defending entity, as well. For this reason and to make the problem simpler to solve, we eliminate two objectives – OffenseLifeCost and DefenseLifeCost – from further consideration. This reduces the number of objectives of the problem to three. We further reduce one more objective by constructing two conflicting objectives, as mentioned in Table 2.Table 2.Reduced objectives for WSOP.


	i
	Objective ([image: $$f_i$$])
	Offense Goal
	Defense Goal

	1
	OffenseExpenditures - DefenseExpenditures
	[image: $$\downarrow $$]
	[image: $$\uparrow $$]

	2
	OffenseHits
	[image: $$\uparrow $$]
	[image: $$\downarrow $$]






4.3 Multi-objective Optimization Without Co-Evolution
To have an understanding of the optimal solutions for each entity separately and without having control from the other entity, we optimize the WSOP objectives for each entity without using co-evolution as a multi-objective optimization problem. For the offense entity, the second objective (Table 2) is to be maximized. We convert this objective to formulate a two-objective minimization problem, as follows:[image: $$\min \left\{ (\textit{OffenseExpenditures - DefenseExpenditures}), -\textit{OffenseHits}\right\} .$$]



Intuitively, they are in conflict, as attempting to cause a large damage to the defense (small value of negative offense hits) will incur a large expenditure for the offense, thereby causing a large first objective value.
We employ the standard NSGA-II procedure [7] without co-evolution and run with 50 population members for 200 generations. The ND front is presented in Fig. 2. From the Figure, we can observe that to increase the number of offense hits from 10 to 300, the offense’s expenditure needs to be close to the defense’s expenditure. In all cases, an independent optimization of the offense’s objectives causes the defense to make larger expenditures than the offense and still not protect the defense’s assets to a large number.[image: ]
Fig. 2.Non-dominated fronts for independently optimizing each entity’s objectives without co-evolution.



We repeat the NSGA-II application for the defense entity next. Since the first objective is to be maximized (Table 2) for defense, we use the following formulation: [image: $$\min \left\{ -(\textit{OffenseExpenditures - DefenseExpenditures}), \textit{OffenseHits}\right\} .$$][image: ]
Fig. 3.PCP for all ND solutions obtained using independent optimizations of offense and defense entities. The highest trade-off solutions are shown in bold.



Figure 2b presents the trade-off ND front. Interestingly, the number of offense hits in the ND front is between zero and 0.8 (average over multiple scenarios), much smaller than that obtained by the offense’s independent optimization runs. This is because the objective OffenseHits is now being minimized, instead of being maximized. A complete control by defense via an independent optimization of its own objectives cause offense to make more expenditure and still not generate too much damage to the defense assets. This demonstrates the power of an optimization run in providing the best possible strategies for the chosen objectives. To demonstrate the difference between the obtained solutions, we choose the highest trade-off objective vectors for each entity from the respective plots: Fig. 2a for offense, and Fig. 2b for defense. In the respective ND front, the specific trade-off solution causes a maximum loss in one objective for a unit gain in the other objective [19], making it a preferred choice among other ND solutions. It is clear that the two trade-off solutions are completely different from each other. This reveals the competitive nature of optimal strategies for the two entities. To understand the difference of ND strategies for two entities, we present the decision variables corresponding to trade-off as well as other ND points using the parallel coordinate plots (PCPs) in Fig. 3. Clearly, the green and orange lines are aligned differently. Focusing on the two highest trade-off solutions (shown in bold), we observe that out of a total of 74 offense and defense variables, 53 variables (almost 70%) have completely different values. This experiment confirms that when we optimize the contradicting objectives, the algorithm searches in different portions of the search space resulting in solutions which are widely different in objective as well as variable space.

4.4 Multi-Objective Competitive Co-Evol. (MoCoEv) Optimization
Figures 2a and 2b have clearly shown that when strategies from two entities are intricately involved in defining objectives, individual optimization of one entity alone does not produce satisfactory results for both entities. The solutions are biased towards the entity for which the optimization is performed. This motivates us to consider the WSOP as a co-evolutionary optimization (CoEv) problem. Since each entity has two conflicting objectives on its own, the problem becomes a multi-objective co-evolutionary optimization (MoCoEv) problem. Moreover, since there is conflict in the individual optimal solutions between the two entities, as found by widely different values of the ND front solutions in Fig. 2, the problem becomes more challenging and is known as a multi-objective competitive co-evolutionary optimization (MoCCoEv) problem. In this subsection, we apply the MoCoEv algorithm presented in Sect. 3 to find an ND set of trade-off solutions, each of which takes into account both entities during the optimization process.[image: ]
Fig. 4.Offense and Defense ND sets by MoCoEv.



Competitive Trade-Off Solutions: We use a co-evolutionary version of NSGA-II having a population of size 50 for each co-evolving population and run the proposed MoCoEv algorithm for 200 generations with [image: $$\tau _1=\tau _2=5$$]. The final outcome of the MoCoEv algorithm are two ND sets of solutions (having 10 solutions each), one for each entity. We compute average objective values for each solution for one entity with every member of the other entity and then identify the ND solutions for both entities based on these average values.
The respective ND fronts based on these average objective vectors of each entity are plotted in Fig. 4. Clearly, for the offense population, objectives (OffenseExpenditures - DefenseExpenditures) and −OffenseHits are minimized, while for the defense population, the negative of the objectives are minimized.
It is interesting to note that both ND fronts are now closer to each other, meaning that the MoCoEv algorithm is able to emphasize both entities’ interests well in arriving at competitive solutions. The number of offense hits is now limited to a maximum of 20, instead of around 300 obtained using the offense’s independent optimization. In all defense ND solutions, offense expenditure is more than that of defense. To achieve up to 10 offense hits, the offense needs to make little more expenditure than the defense, while the offense has to out-spend the defense to destroy more than 10 assets of defense. For example, to achieve 20 offense hits, the offense has to spend about 8 million units more than the defense, however with about similar expenditure, the offense can achieve 9 offense hits. On the other hand, if the offense is happy with damage of about 2.5 units of assets, the offense entity can spend 2 million units of expenditure less than that of the defense. Moreover, ND solutions for the offense entity have a wider range of objectives than that of the defense entity. This can be due to the existence of more offense variables, thereby providing more ways to find a wider combination of variables. All these observations are interesting providing offense and defense users with a better insight into various alternate solutions before they prepare to launch any action.
Extracting Common Patterns in Trade-Off Solutions: The process of extracting common patterns in a set of ND solutions was termed as the task of “innovization” [8]. Patterns can be extracted from the ND solutions manually using certain problem information [8] or using an automated machine learning process [4]. Here, we use a manual process in which all 74 variables of both entities are plotted in the order of their similarity among the obtained ND solutions. For this purpose, we compute the coefficient of variation (CV - [image: $$\sigma /\mu $$]) of each solution and the order of the offense and defense variables in Fig. 6.[image: ]
Fig. 5.Heatmap of converged variables for offense and defense entities.



A higher CV indicates higher dispersion around the mean. So, a lower CV reflects a better-converged value of variables towards the mean value. It is reported in [1] that a threshold of [image: $$\sigma /\mu =0.3$$] is an acceptable limit for assuming a good convergence. With this threshold, we observe that six of the 50 offense variables and six of the 24 defense variables can be considered well converged. The number of values that each variable can take in the original formulation is mentioned in parentheses in Fig. 6.[image: ]
Fig. 6.Coefficient of variation for offense and defense variables indicate convergence of certain variables across ND solutions.



To analyze further, we normalize values for the converged variables over the PFs between zero and one and are plotted in a heat map in Fig. 5. Each variable’s values in 10 ND solutions are shown in columns for each entity. Almost identical colors for each row (variable) indicate the convergence level visually. For the offense variables, we note that three of the six variables are related to electronic warfare MP, suggesting that there is a set of plans for the offense entity that significantly inhibit the perception and communication of the defender. Other converged offense variables dictate where a strike is safe and effective (KS_IP), as well as the simple fact that carrying more air-to-ground munitions is consistently a good choice (striker_lethality). From the defense’s perspective, we observe that more surface-to-air missile launchers (num_iads) that can fire more missiles (num_reloads) for a longer duration (iad lethality) is a cost-effective strategy. This also pairs well with autonomous interceptors (interceptor manned).
Optimization With and Without Coevolution: Figure 7 marks the original high-fidelity objective vectors (in yellow circles) used to construct the surrogate models of the objectives. The data were centered around equal expenditures for both entities causing on average around four offense hits. These solutions are marked with the label “Surrogate Fitted Training Points”. If we do not perform any optimization run and try to locate the best strategies for the offense entity, we find the respective ND front marked using orange circles on the top-left part of the yellow circles. Similarly, when we locate the best strategies for defense, they are at the bottom-right corner of the yellow circles, marked using purple squares.[image: ]
Fig. 7.Training data, independently-optimized and MoCoEv strategies. (Color figure online)



We embed the individually optimized ND solutions in the plot for both offense and defense and they are marked using brown circles and black squares, respectively. Notice that both these sets clearly dominate the respective sets obtained from initial high-fidelity data only and without resorting to any optimization. Clearly, these individual optimal solutions are better due to the efforts put in by the optimization algorithm. However, it was discussed before that these individual solutions are not practical, as the optimizations ignore the ability of the other entity to influence the solutions of its own entity.
Next, we plot the MoCoEv ND solutions found for both entities in red circles and blue squares. All final strategies found via the MoCoEv optimization are also shown in green-colored open circles. It is clear that the coevolution-based solution sets are closer to each other, thereby respecting each other’s abilities to arrive at challenging solutions for each other. Due to the consideration of two conflicting objectives for each entity, both ND sets produce trade-off solutions between two objectives. We argue that the MoCoEv trade-off solutions stay as viable strategies from which each entity can choose a solution.
Multi-Criterion Decision Making on MoCoEv Solutions: Finding a set of ND solutions for each entity in a co-evolutionary process is a challenging computing task, but it only completes a part of the whole WSOP task. The next important task is to choose preferred solutions for implementation. Despite a plethora of multi-criterion decision-making (MCDM) studies in the literature [18, 22], MCDM studies for two co-evolved Pareto sets is missing. In this paper, we make an effort to propose a viable MCDM procedure.
Since two entities – defense and offense – are independent, likely they will also make decisions independently. However, the linking of the two entities in defining the objectives suggests that a sequential decision-making task must be made alternating between them. This will lead to a defender-attacker simulation game which will start with declaring a defense’s solution. The offense then has the opportunity to choose its solution to counteract the declared defense’s solution. After the offense’s solution is announced, the defense has the next move to choose its most appropriate action. This iterative process can continue until it reaches an equilibrium pair of strategies or an equilibrium cycle of strategies. With this iterative scheme of the MCDM procedure in mind, the question remains as to how to choose a preferred solution when the opponent has made its move.
Before we propose an MCDM scheme for this study, we make an important assertion about our decision-making approach. We assume that each entity will confine its decision-making to its own ND set corresponding to the final set of strategies for the other entity. Since the MoCoEv is expected to find the best possible trade-off solution set considering the opponent’s best possible moves, each set is expected to have the best counter-moves in them. Hence, it makes sense to use the obtained ND set to choose a solution from.[image: ]
Fig. 8.Initial strategy selection by offense and defense.


[image: ]
Fig. 9.Proposed method results in an equlibrium cycle of strategies.



As outlined in Sect. 3.2, we first identify the specific defense strategy corresponding to the smallest standard deviation in its objective vectors arising from the various combinations of solutions in the offense population. Figure 8a marks the size of each defense solution in proportion to the corresponding standard deviation arising from all offense strategies. Strategy 9 (second from top-left point), when combined with each offense ND solution produces the least standard deviation in both defense objective values. Hence, it may be considered the most robust strategy against any strategy that the offense entity may choose next. Thus, Defense_9 is selected as the initial defense strategy.
After selecting the initial defense strategy, we now plot the objective vector of every offense strategy with this defense strategy (Defense_9) in Fig. 8b. Clearly, not all objective vectors are non-dominated to each other. We now identify the non-dominated set from these vectors and choose the highest trade-off point. This strategy Offense_36, marked in a yellow circle, is the best response by the offense to the Defense_9 strategy of the defense.
Due to this lop-sided loss-to-gain ratio, there is no motivation to move to its neighbor for a better outcome. Next, it is the turn of the defense to find the best possible defense strategy from its own MoCoEv-obtained set of strategies. With a similar trade-off analysis of non-dominated solutions obtained from all objective vectors computed using Offense_36 and each defense’s ND solution, we observe that Defense_43 is the best option. Next, we find Offense_0 strategy of offense ND set is the best response. One more trade-off analysis of the defense ND set reveals that Defense_9 is now the best defense strategy. Interestingly, Defense_9 was one of the chosen strategies considered before and which led to Offense_0 in a few iterations. Continuing the decision-making process further will lead to a cycle of offense and defense strategies which we have already observed before. Thus, the MCDM process ends up in an equilibrium cycle of strategies between the two entities. This ends the WSOP task. Figure 9 shows the cycle by clearly marking the sequence of defense and offense strategies.


5 Conclusions and Future Studies
In this paper, we have proposed a multi-objective, competitive, co-evolutionary optimization algorithm and a decision-making strategy to deal with two agents, whose evaluation functions require both agent’s variables. In every sense, the problem has introduced challenges in arriving at practical solutions. The optimization problem is challenging due to the involvement of multiple conflicting objectives and inter-dependencies of both agent’s variables, leading to two non-dominated fronts. The decision-making is challenging due to involvement of two independent decision-makers, each deciding from a different non-dominated set of strategies in tandem and in response to opponent’s moves. Not only does each agent choose a preferred strategy from its own ND set by trading-off two conflicting goals, the chosen strategy must also be appropriate in response to opponent’s recently chosen strategy. Standard evolutionary multi-objective optimization (EMO) and multi-criterion decision-making (MCDM) methods are not as involved as MoCoEv and ensuing decision-making tasks.
We have applied the proposed approaches to a wargame strategy optimization problem (WSOP) to illustrate its working and revealing the complex interactions involved in solving an attacker-defender system. From the five objectives of interest for defense and offense agents, a correlation analysis has allowed us to reduce the problem to have only two objectives for each agent. For the first time, we have proposed a sequential MCDM approach by involving one agent at a time. A trade-off-based MCDM approach has been proposed to find the best ND solution of one entity as a response to all ND solutions of the other strategy. In the specific case study, the proposed MCDM scheme has resulted in an equilibrium cycle of offense-defense strategies as an end result.
This study has clearly shown the advantage of using evolutionary computation in addressing multi-objective competitive multi-agent systems and investigates a number of future studies. Iterated MCDM schemes may involve the depletion of resources into consideration as the game progresses. It may also restrict future moves only to moves allowed by the initial moves by each entity. More than two objectives can be considered to have more flexible trade-off solutions. The MoCoEv and ensuing MCDM approach can be applied to other similar multi-agent systems in achieving a better understanding of the effect of sequential decision-making strategies in achieving safe and secure systems.
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Abstract
Offshore wind farms (OWFs) have emerged as a vital component in the transition to renewable energy, especially for countries like the United Kingdom with abundant shallow coastal waters suitable for wind energy exploitation. As net-zero emissions targets propel investments in renewables, OWFs present unique engineering challenges, particularly in the design of cost-effective and efficient infrastructural networks such as layout and electrical system optimization. Diverging from the previous approaches in electrical system optimization for OWFs, this paper introduces network robustness as a pivotal metric in design evaluations, differing from traditional reliability evaluation focused studies. By designing approximate solutions to the capacitated minimum spanning tree (CMST) using an approach grounded in a radial space partitioning strategy, the application of the Non-dominated Sorting Genetic Algorithm II (NSGA-II), and a bespoke domain-specific mutation operator, we present a multi-objective exploration of the cost-robustness trade-off. To demonstrate the effectiveness of our approach and its ability to offer decision makers valuable insight on cable layout designs, we apply it to a real-world case study that considers the Anholt OWF. The obtained results indicate the ability of our approach to discover sets of high-quality solutions, underscoring its potential to enhance the strategic development of robust and economically viable OWF networks.
Keywords
topology optimizationnetwork robustnessoffshore wind farminter-array cablingoptimal trade-offsplanarity constraints
1 Introduction and Motivation
The integration of renewable energy sources, particularly wind and solar power, has become a pivotal aspect of energy investment strategies, driven by net-zero emissions policies enacted by several nations. Offshore wind farms (OWFs), in particular, are crucial for meeting the energy demands of countries with extensive shallow coastal waters, like the United Kingdom, where areas such as Dogger Bank offer prime conditions for wind energy harvesting. The rising popularity of OWFs brings with it a set of technical challenges, which are the byproducts of creating an efficient and cost-effective infrastructure. Typically, a wind farm comprises a central substation connected to numerous turbines via a complex cable network. The optimization of wind farm layout design is critical, as it directly influences the facility’s power production efficiency and the rate of return on investment.
OWF design can be categorized into two distinct segments: (i) wind farm layout optimization, which determines the placement of wind turbines by addressing the micro-siting problem, and (ii) electrical system optimization, which establishes the cable connection configuration and selects the appropriate cable types. Notably, the costs associated with the electrical infrastructure represent approximately 15% of the total initial outlay for an offshore wind farm, an amount that is on par with the expenditure for the turbines themselves [15].
The wind farm cabling challenge can be systematically broken down into several hierarchical layers. Berzan [1] categorizes this issue into three distinct levels:	1. The circuit problem represents the most basic and smallest scale of the issue, focusing on connecting a specified set of turbines to form a single circuit.

	2. The substation problem, which is of intermediate complexity, involves a designated substation and a group of turbines that need to be connected to it. The objective here is to link the turbines to the substation as cost-effectively as possible, typically resulting in a solution that resembles a spanning tree.

	3. The full farm problem encompasses a more complex scenario with potentially multiple substations and all turbines. The solution involves creating a forest of spanning trees, with each tree rooted to a substation, to efficiently connect the entire farm.





In the substation and full-farm problems, turbine locations are considered as nodes, and the cables connecting them act as edges in a graph, leading to a capacitated minimum spanning tree (CMST) problem [3] formalization with specific constraints based on cable types. Various heuristic algorithms such as the Esau-Williams algorithm [7], have been proposed to address the CMST problem. To overcome limitations inherent in these heuristics, such as cable capacity constraints, clustering techniques can be employed alongside them for improved effectiveness.
Moreover, metaheuristic algorithms have been developed to refine the solutions offered by traditional CMST heuristics, specifically targeting issues like the propensity to converge on local optima. These algorithms employ probabilistic criteria to more thoroughly explore the design space. Prominent metaheuristic methods include genetic algorithms (GA) and particle swarm optimization (PSO) [14].
In addition to considering the length and cost of cables in the full farm problem, various objectives are taken into account in optimization studies. Objectives include different forms of energy losses and reliability indexes, where the latter evaluates the amount of energy not supplied due to failures [4, 12]. To the best of our knowledge, the evaluation of network robustness has not been previously considered as an objective in the optimization of cable layouts. In this study, we address the cable layout problem by focusing on two main objectives: the cost associated with various types of cables and the robustness of the network. We apply the Non-dominated Sorting Genetic Algorithm II (NSGA-II) [5] in combination with a radial-based space partitioning approach to generate Pareto fronts that illustrate the trade-off between these two key objectives.
The structure of this paper is organized as follows: Sect. 2 introduces the problem, defining the cabling layout, the metrics for evaluation, and the example OWF utilized in this study. Section 3 outlines the proposed methodology. The numerical simulations we conducted are described in Sect. 4, and Sect. 5 presents our conclusions and outlook on future work.

2 Problem Definition
The full farm problem necessitates a variety of evaluation criteria to achieve the desired optimal solution. Departing from conventional studies, we recognize network robustness as a critical component in electrical system optimization, enhancing the system’s ability to handle failures effectively. In this preliminary study, we focus on two key evaluation criteria—cost and robustness—which must be addressed in a multi-objective optimization context due to their conflicting nature. Additionally, we detail the specifics of the Anholt OWF and its electrical system as this wind farm serves as the case study for our proposed approach.
2.1 Cable Cost Evaluation
Evaluating the cost of developed OWF cable layouts across a broad spectrum of cable capacities is one of the key objectives. This requires detailed information on cable costs relative to their respective capacities. The cable costs considered in this analysis encompass both procurement and installation expenses. It is important to note that this cost model does not account for the additional cable length required to connect from the seabed to the turbine’s transformer and back.
The primary function of the cable cost model in Eq. 1 is to highlight the relative cost differences between various cabling options, rather than to accurately estimate the total cost of the entire cabling layout. A wind farm can be represented as an undirected graph G with v vertices (representing turbines and substations) and e edges (representing cable segments). Let [image: $$G = \{V, E\}$$], where V is the set of all vertices and E is the set of all edges. The cost of the network is defined as:[image: $$\begin{aligned} C\!\left( G\right) = \sum _{e \in E} \text {cost}\!\left( e\right) \cdot \text {len}\!\left( e\right) \end{aligned}$$]

 (1)


where [image: $$\text {len}\!\left( e\right) $$] is the length of the cable calculated according to the Haversine distance [10] between the geo-location of the two end points, and [image: $$\text {cost}\!\left( e\right) $$] is the cost of the cable type assigned by the procedure described in Fig. 2 cross-referenced with the unit pricing grid in Table 1.

2.2 Network Robustness Evaluation
In power system modelling, a wide array of methodologies has been proposed to simulate cascading failures [9]. Each model offers unique focuses and advantages, yet comprehensive information about the overall phenomenon is still crucial for accurate simulations. Among these methodologies, modified topological models stand out by incorporating certain electrical properties, such as Kirchhoff’s law, line impedance or reactance, line capacity, and flow-based analysis.
From the perspective of cascading failures, robustness refers to the system’s ability to maintain normal service for a critical percentage of clients, even when some components fail. This study evaluates the robustness of wind farms using a network-based approach, drawing on the modified topological model for cascading failures developed by Zhang and Chi [17] derived from the admittance model by Grainer and Stevenson [8]. T, with [image: $$|T|=l$$] represents the set of wind turbines in G and S represents the set of the substations1 in G, and T, [image: $$S \subset V$$]. We define the robustness of the entire graph G as R(G) measured in Eq. (2):[image: $$\begin{aligned} R(G) &amp;= \frac{1}{v} \sum _{i \in V} P(i) \end{aligned}$$]

 (2)


where P(i) is defined as the percentage of vertices that still serve a substation after the failure of a component i. If component i is considered as failed, the component will be removed from the network and the robustness of the network given this failure is computed as P(i) as shown in Eq. (3). This computation is based on the fact that each failed component i creates a total of [image: $$k_i$$] subgraphs and for each such subgraph j, if there is no substation connected, power cannot be supplied by any of the vertices in the subgraph, i.e. the power output associate with the subgraph j is [image: $$Q(i,j)=0$$]. Alternatively, if subgraph j is still connected to a substation after the failure of component i, its associated power Q(i, j) is equal to the proportion of vertices p(i, j) it contains as defined in Eq. (4).[image: $$\begin{aligned} P(i) &amp;= \sum _{j=1}^{k_{i}} Q(i,j) \end{aligned}$$]

 (3)



[image: $$\begin{aligned} Q(i,j) = {\left\{ \begin{array}{ll} p(i,j), &amp;  \text {if a substation is connected to subgraph}\ j \\ 0, &amp;  \text {otherwise} \end{array}\right. } \end{aligned}$$]

 (4)





2.3 Multi-objective Formulation
For a fixed set of vertices V, the multi-objective problem defined in Eq. (5) considers two objective functions as we seek to determine optimal trade-offs when searching for a wind farm cabling topology [image: $$E^\prime $$] that simultaneously minimizes the cabling cost [image: $$ C(G^\prime )$$] and maximizes robustness [image: $$R(G^\prime )$$] for [image: $$G^\prime =\{V, E^\prime \}$$]:[image: $$\begin{aligned} F\!\left( G^\prime \right) = {\left\{ \begin{array}{ll} min \quad C\!\left( G^\prime \right) \\ max \quad R(G^\prime ) \end{array}\right. } \end{aligned}$$]

 (5)


subject to:[image: $$\begin{aligned} \forall s\in \left\{ 0, 1, \ldots , n-1\right\} \ \ \exists v\in V \ \text {such that}\ \text {section}\!\left( v\right) =s \end{aligned}$$]

 (6)



[image: $$\begin{aligned} \forall s\in \left\{ 0, 1, \ldots , n-1\right\} \ \ \left| \left\{ v : \text {section}\!\left( v\right) =s\right\} \right| \le v_{max} \end{aligned}$$]

 (7)



[image: $$\begin{aligned} \forall \left( e_1 \ne e_2\right) \in E^\prime \ \ \lnot \text {intersects}\!\left( e_1, e_2\right) \text {,} \end{aligned}$$]

 (8)


where [image: $$\text {intersects}\!\left( e_1, e_2\right) $$] is the condition that edges [image: $$e_1$$] and [image: $$e_2$$] are line segments that intersect in the plane, and [image: $$\text {section}\!\left( v\right) $$] is the OWF section number encoded for the vertex v (see Sect. 3.1 for details). The first two constraints are section-related and they ensure that there are no empty sections without turbines Eq. (6) and there are at most [image: $$v_{max}$$] turbines per section to mitigate excessive curtailment due to maximum cable capacity Eq. (7). Equation (8) concerns graph planarity and aims to prevent overlaps between cables.

2.4 The Anholt Offshore Wind Farm
The Anholt OWF was constructed in 2015 in the Kattegat Strait, approximately 15 km off the east coast of Denmark. It comprises a total of |T|=111 S (now Siemens Gamesa) SWT-3.6-120 type wind turbines, collectively boasting an installed capacity of 399.6 megawatts (MW). These wind turbines are strategically connected to a substation platform, positioned on the western side of the windfarm, as well as to each other via inter-array cables.
The inter-array subsea cables utilized within the Anholt OWF are standard medium voltage range 33 kilovolt (kV), each tailored to the specific requirements of the number of wind turbines it connects between the designated points and the offshore transformer. They are cross-linked polyethylene (PEX/XLPE) insulated and embedded not less than 1 m into sea bottom. Three variations of inter-array cables are installed: 150cu, 240cu, and 500cu, with cross-section levels adjusted accordingly. Although the precise cable specifications used in the Anholt OWF are not disclosed, we estimate cable capacity in terms of number of total upstream turbines that can be connected. These estimates are listed in Table 1. Despite various sources providing cost estimates for the specified cable cross-sections, it is important to note that these figures were calculated before the COVID19 pandemic, rendering them somewhat unreliable [6]. For the purposes of simplification in simulation studies, the proportional estimations presented in Table 1 have been selected for use.
Moreover, the connection between onshore facilities and the offshore transformer (33kV to 220kV) platform is facilitated by a 220 kV cable, ensuring efficient transmission of electricity generated by the wind turbines [16]. An illustrative layout of the entire Anholt OWF is provided in Fig. 5a, offering a comprehensive overview of the spatial arrangement and infrastructure of the wind farm.


3 Proposed Approach
Our approach to solving the full farm cabling optimization problem begins with the constructing a candidate solution (i.e. start tree) that connects every node of interest (i.e. wind turbine) to a desired starting point, typically the substation. Section 3.1 provides a detailed summary of the proposed topology assignment strategy for constructing the OWF’s start tree. The availability of different types of cables transforms the problem into a CMST scenario, where each candidate connection must be assigned specific capacities. This aspect is elaborated upon in Sect. 3.2. Lastly, Sects. 3.3 and 3.4 describe how the efficient optimization of the layout involves the application of a non-linear multi-objective solver, specifically the well-known NSGA-II, with a specially designed, domain-specific, genetic operator.
3.1 Cable Topology Assignment Based on Radial Space Partitioning
We define an encoding for our multi-objective optimization problem as shown in Eq. (9), where n is a parameter that controls the domain size of a candidate solution [image: $$\textbf{x}$$] by specifying the total number of OWF radial sections into which we wish to cluster all turbines. Conceptually, based on the hierarchical problem taxonomy proposed in [1], n can be used to define the number of substation problems one wishes to decompose the full farm problem into.[image: $$\begin{aligned} \textbf{x} &amp;= \left[ x_0, x_1, \ldots , x_{l-1}\right] \nonumber \\ x_i &amp;\in \left\{ 0, 1, \ldots , n-1\right\} \end{aligned}$$]

 (9)


Within this encoding, each turbine placeholder [image: $$x_i ( 0\le i \le l-1)$$] can be allocated to an arbitrary section, where l is the length of the encoding, equal to the number of turbines.
To construct an initial candidate/start tree, turbines are first sorted radially by their angle relative to the substation and then partitioned into n equally-sized subsets according to angle. If n does not evenly divide the number of turbines, some sections will contain [image: $$\left\lfloor \frac{l}{n} + 1 \right\rfloor $$] turbines, as illustrated in Fig. 1a.[image: ]
Fig. 1.Steps in constructing a full farm spanning tree for cable layout, shown on a simplified wind farm with fourteen turbines. Step [image: $$\left( a\right) $$] is only applied for the start tree (i.e. initial solution candidate).



To generate the cable layout (decode) from the encoding we create n separate minimum spanning trees, using Kruskal’s algorithm [11]. The distance metric employed is the Haversine formula [10], resulting in a spanning forest consisting of n disjoint trees, as shown in Fig. 1b.
In each section, the turbine closest to the substation is defined as the subroot. An additional cable is added to the subsection to connect its associated subroot to the substation. The substation is defined to be the root. This creates a single spanning tree of the set of all turbines plus the substation, where the substation is the root and there are n subroots. This layout is represented in Fig. 1c and the resulting overall spanning tree in Fig. 1d.

3.2 Cable Type Assignment
The electrical system design of the Anholt OWF incorporates three different types of cables, each distinguished by its cross-sectional size. These cross sections are designed to support the maximum current load that the cable can carry. In Table 1, we present each cable type along with the maximum number of upstream turbines that can be connected using it and the estimated costs assumed for our case study simulations. Here, the maximum turbine load [image: $$T_{max}$$] represents the capacity that constrains the spanning tree in the CMST problem.Table 1.Selected Cable Specifications Used in Anholt Case Study


	Cross Section ([image: $$mm^{2}$$])
	Maximum Turbine Load [image: $$T_{max}$$]
	Cost (M£/km)

	150
	4
	1

	240
	7
	1.5

	500
	15
	2.5





The cable chosen for each edge is the lowest cost cable with a maximum turbine load greater than or equal to the required load on the edge. This process is illustrated in Fig. 2.[image: ]
Fig. 2.Steps in cable type assignment, shown on one section of the Anholt layout.




3.3 Mutation
To ensure that the proposed representation is compatible with a wide range of metaheuristic solvers, we introduce a mutation operator designed to explore a local neighborhood through incremental adjustments. This operator is structured to randomly select with equal probability between two pre-defined movements, ensuring a uniform random distribution in their application: 	1.
Move One Vertex: As illustrated in Fig. 3, a random vertex i (i.e. position [image: $$x_i$$] in the encoded vector) is chosen and allocated to the previous or the next radial section (this corresponds to the its value either increasing by 1 or decreasing by 1, limited by the bounds 0 and [image: $$n-1$$]).

 

	2.
Swap Two Vertices: Shown in Fig. 4, this mutation involves swapping the section assignments of two random vertices i and j that reside in adjacent sections (i.e. [image: $$x_i \leftrightarrow x_j$$] if [image: $$|x_i-x_j|=1$$]).

 




[image: ]
Fig. 3.Illustration of “move one vertex” mutation operation.


[image: ]
Fig. 4.Illustration of “swap two vertices” mutation operation.



The constraint violation checks align with the problem formulation from Sect. 2.3 and are as follows: 	1.
Number of Sections: The total number of non-empty sections must be exactly n as per Eq. 6. This constraint ensures consistency across different optimization scenarios, allowing each configuration (i.e. setting of n) to be evaluated and compared independently.

 

	2.
Section Capacity: The number of vertices in any section must not exceed the maximum turbine load associated with the highest-rated cable type as per Eq. 7. In the case of Anholt, the setting [image: $$v_{max}=T_{max}(500cu)=15$$] prevents the scenario where the cable connecting the root to the subroot of a subtree is overloaded.

 

	3.
Graph Planarity: The resulting graph must be planar as per Eq. 8 to avoid the added costs and technical challenges associated with overlaying cables. This constraint is verified using a standard line-segment intersection test based on the cross-product, given the manageable number of line segments involved.

 





Section-related constraints (i.e. constraints no. 1 and 2) are handled within the mutation operator, as movements that result in their violation are rejected and alternative movements are explored until a suitable mutant is created. Constraint no. 3 (planarity) is treated in a softer manner as its violation is only signaled to the overarching control (meta-)heuristic. These mechanisms and constraints ensure that nearly all metaheuristic search processes can explore viable alterations while strictly complying with operational and technical parameters, thus maintaining the integrity and feasibility of the optimized layouts.

3.4 Multi-objective Optimization
To apply the proposed representation for optimizing the dual-objective problem we presently consider, we integrate our bespoke mutation operator in the NGSA-II [5] solver. We use an initial seed population of 1 that only contains the start tree and scale up to an operational population cap of 100 individuals. Each optimization run evaluates a fixed number of 10, 001 candidate solutions (i.e. 100 generations). Crossover operations are disabled as they are too disruptive; our aim in this study is to elicit the performance of the proposed domain-specific mutation operator.
We use the “Feasibility First” constraint handling option from the NSGA-II implementation in pymoo [2], which prioritizes feasible solutions during non-dominated sorting throughout the optimization.

3.5 Random Walk
To gain basic insights on the benefits of applying NSGA-II and mitigate the possibility that the final multi-objective result quality is solely predicated on the repeated application of the mutation operator, we also implemented a random walk (RW) strategy for this problem. Similar to NSGA-II, the random walk uses the bespoke mutation operator introduced in Sect. 3.3, thus ensuring the satisfaction of section-related constraints. RW is configured not to update the step if a newly generated solution violates the graph planarity constraint – i.e., Eq 8, keeping the search within the feasible space at all times.
Random walks start from the same initial candidate as the NSGA-II runs and explore for a total of 10,001 evaluated solutions (10,000 steps), including infeasible ones, matching the evaluation budget of the NSGA-II runs.


4 Results
The real-life Anholt OWF layout serves as the baseline design for our case study. The cabling configuration is illustrated in Fig. 5a. For comparison, in Fig 5b, we illustrate the result obtained when applying the traditional Esau-Williams (EW) heuristic [7] to solve the Anholt CMST problem. Notably, the resulting EW layout does not satisfy the planarity constraint, as several line segments (i.e. cables) that intersect or overlay one another. This indicates that the Anholt scenario is too complex for a basic/direct application of EW and would require more extensive domain expert input/modelling.[image: ]
Fig. 5.(a) Model of real-life Anholt wind farm layout: [image: $$\hbox {cost}=250.8$$]; [image: $$\hbox {robustness}=0.9518$$]. (b) Esau-Williams Solution for max capacity 15 turbines: [image: $$\hbox {cost}=232.7$$]; [image: $$\hbox {robustness}=0.9372$$].



For both NSGA-II and RW, we conducted 17 numerical experiments by setting the number of sections parameter n from a minimum of 8 to a maximum of 24. The minimum value is dictated by the [image: $$T_{max}(500cu) = 15$$] scenario setting, as dividing the [image: $$|T|=111$$] Anholt turbines into 7 non-empty clusters, would result in at least one cluster with more than 15 turbines. The maximum value of n was set at double the branching factor of the real-life Anholt layout. Given the stochastic nature of our solvers, each of the [image: $$2 \times 17=34$$] numerical experiments was repeated 50 times.
The objective space projections (i.e. Pareto fronts) of the final Pareto non-dominated solution sets (PNs) obtained by our multi-objective approach for each of the 17 NSGA-II numerical experiments are shown in Fig. 6a. As expected, the results show a positive correlation between the number of sections and the overall robustness of the OWF cable layout. Furthermore, for each setting of n, the shape of the associated Pareto front (PF) indicates the ability of our approach to identify cost vs. robustness trade-offs, even though robustness improvements become marginal (albeit at a very high level) for [image: $$n \ge 15$$]. Maximizing n would also maximize robustness with the trivial extreme case being each turbine individually attached to the substation for [image: $$n=|T|=111$$].
The importance of designing a solving strategy that allows for easy experimentation with several substation branching factors (i.e. settings of n) is underlined by the plot in Fig. 6b that shows the combined multi-section PF of all 17 individual optimization runs for both NSGA-II and RW. It is noteworthy that only 12 settings of n contribute to the combined multi-section NSGA-II PF as the optimization results obtained using [image: $$n=$$] 9, 11, 12, 13, and 14, are entirely dominated. Given that [image: $$n=12$$] is the branching factor in both the real-life Anholt layout and the EW solution, the plots in Fig. 6 showcase the ability of our approach to quickly provide decision makers with valuable insights on the art of the possible, even with a basic deployment (i.e. no parameter tuning for the solver).[image: ]
Fig. 6.Comparative Pareto fronts of numerical experiments. In subfigure (b), the indicators (a), (b), and (c) refer to the layouts in Fig. 7, whereas “Anholt” refers to the real-life OWF layout and “EW” refers to the Easu-Williams solution; both detailed in Fig. 5.



Interestingly, in the combined multi-section PF there is a large discontinuity whereby to obtain non-dominated solutions with a lower cost than those achievable for [image: $$n=16$$], there is a need to drop down to [image: $$n=10$$] and [image: $$n=8$$]. This discontinuity is punctuated only by a few solutions from the parameter setting [image: $$n=15$$]. Figure 7 shows the two optimal layouts for [image: $$n=10$$] and [image: $$n=16$$] that define this large discontinuity characterized by a relatively small increase in cost but a relatively large jump in robustness. Visually, we see this abrupt regime change correlates to the introduction of a design which eschews 500cu cables – used in Fig. 7a – in favor of keeping each section limited to the capacity of the 240cu cable as shown in Fig. 7c. One of the few [image: $$n=15$$] in-between solutions is highlighted in Fig. 7b and it features a single section linked using a 500cu cable.
The better overall performance of NSGA-II when compared to the random walk is directly observable in the combined multi-section PFs from Fig. 6b which are extracted from all the numerical experiments we have carried out. Additionally, for each solver, we constructed 50 individual multi-section PFs by aggregating the 17 PFs ([image: $$8 \le n \le 24$$]) corresponding to a given independent run number. When analyzing the individual multi-section PFs using the relative hypervolume indicator2 [18], NSGA-II achieved an average value of 0.699 (with a 0.006 standard deviation) and RW achieved an average value of 0.586 (with a standard deviation of 0.003). This superior average performance of NSGA-II was confirmed by a one-sided Mann-Whitney U test [13] with a 0.01 significance level (p-value [image: $$&lt;0.00001$$], Z-score [image: $$=8.61383$$]).
As previously mentioned, solutions that violate the graph planarity constraint are still presented to NSGA-II, which applies a feasibility-first approach that discards infeasible solutions once feasible solutions are found. Across NSGA-II runs, out of the 10,001 evaluated solutions, an average of [image: $$32.7\%$$] solutions were feasible. In contrast, RW treats graph planarity as a hard constraint during the search and as a result, only an average of [image: $$18.7\%$$] of evaluated solutions were feasible. The percentage of feasible solutions does not vary significantly across experiments with different settings for the number of sections parameter (standard deviation of [image: $$1.8\%$$] for NSGA-II and [image: $$0.5\%$$] for RW). It is noteworthy that while the proportion of feasible solutions is rather low due to the relatively high chance of mutations causing cable overlays, the comparative results indicate that the search space can be explored quite effectively by a robust solver like NSGA-II when applying strict feasibility-first constraint handling.[image: ]
Fig. 7.Layouts of the three letter-identified solutions from the combined NSGA-II PF in Fig. 6b. (a) [image: $$n=10$$]; cost=213.0; robustness=0.9458. (b) [image: $$n=15$$]; cost=213.7; robustness=0.9526. (c) [image: $$n=16$$]; cost=215.0; robustness=0.9567.




5 Conclusion and Future Work
The inter-array cable layout optimization problem for OWFs has been addressed through the development of a multi-objective formulation that incorporates both robustness and cable cost considerations. Building on previous efforts in the field, our methodology introduces network robustness as a critical metric in the design of OWFs, moving beyond the conventional reliability-focused assessments.
As a preliminary investigation, this newly developed approach was compared with the Esau-Williams heuristic and the original design of the Anholt OWF. This comparison demonstrated the significant advantages of our methodology, highlighting its potential to substantially enhance the strategic development of OWFs that are simultaneously robust and economically viable. Furthermore, the results of our case study highlighted the importance of choosing an appropriate substation branching factor when aiming to optimize a radial OWF topology, a relevant insight to both wind farm designers and equipment manufacturers.
Looking ahead, we plan to further refine our approach by integrated more sophisticated subgraph connection strategies, enabling us to explore more complex scenarios with multiple substations and/or loop-based topologies. Simultaneously, as we develop our understanding of the complexities involved in optimizing offshore wind farm infrastructures (e.g., bathymetric data, ecological impact), we aim to refine our problem definition by including more relevant constraints as well as potentially new objectives. Lastly, for the current experimental setup, one potential enhancement would be to experiment with (combinations of) different constraint handling options provided by pymoo: constraint violation as penalty/objective, [image: $$\epsilon $$]-constraint handling, repair.
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Footnotes
1S is a singleton set for many OWF layouts, including our present use case described in Sect. 2.4.

 

2The ideal point was set at (200, 0.97) and the anti-optimal/nadir reference point was set at (270, 0.93).

 



© The Author(s), under exclusive license to Springer Nature Switzerland AG 2024
M. Affenzeller et al. (eds.)Parallel Problem Solving from Nature – PPSN XVIIILecture Notes in Computer Science15151https://doi.org/10.1007/978-3-031-70085-9_24

EvoVec: Evolutionary Image Vectorization with Adaptive Curve Number and Color Gradients

Egor Bazhenov1  , Ivan Jarsky1, Valeria Efimova1 and Sergey Muravyov1
(1)ITMO University, Saint-Petersburg, Russia

 

 
Egor Bazhenov
Email: tujh.bazhenov.kbn00@mail.ru



Abstract
Vector and raster graphics are the two main types of 2D images used in computer graphics. Raster graphics are images consisting of pixels (dots); vector images are created using mathematical objects such as lines, curves, and shapes. The main advantage of vector graphics is that they can be scaled without loss of quality, which is useful for advertising, design, frontend development, and other fields of application. At the moment, the issue of vectorization (conversion from raster to vector graphics) has not been fully resolved. There are two main approaches: deterministic algorithms and machine learning-based algorithms. Both of these types are not able to work with a color gradient and have other disadvantages, such as artifacts for deterministic algorithms, and extremely long working time and predefined curve number for machine learning-based algorithms. To solve the problems of existing solutions, we propose an evolutionary algorithm for image vectorization. Its main idea is to iteratively improve vector images using mutations and crossover. The proposed algorithm does not require any necessary parameters other than the original image and can process color gradients. The results of comparison with existing solutions show that our algorithm qualitatively and quickly vectorize images. Particularly, our approach outperforms others in terms of pixel-by-pixel MSE by [image: $$15\%$$]. The implementation is publicly available (https://​github.​com/​EgorBa/​EvoVec-Evolutionary-Image-Vectorization).
Keywords
Image vectorizationevolutionary algorithmmachine learningvector graphics
1 Introduction
Raster and vector graphics are the primary forms of visual representation employed in computer graphics. Both types of graphics have their strengths and weaknesses and are used in various areas of design and visuals, depending on the specifics of the task.
Raster graphics or bitmaps consist of pixels (dots), each having a specific color and coordinates on the screen. The color is commonly set by three channels: red, green and blue (RGB). The bitmaps quality depends on their resolution and number of pixels, so this type of graphics is not scalable.
Vector graphics are images created using mathematical objects such as lines, curves, and shapes. Each shape is called a path and is defined mathematically using a coordinate vector. Vector images can be scaled without loss of quality [2], as they do not depend on the number of pixels. Vector images are usually saved in SVG [20] format.
The process of converting a vector image to a bitmap image is called rasterization [13], and the one from bitmap to vector image is called vectorization [25]. A rasterization process has already been studied in great detail, because there are a huge number of methods for its implementation [17]. However, the task of vectorization remains relevant, since existing solutions do not yet manage this task well.
There are two main approaches for vectorization: deterministic algorithms and machine learning-based algorithms. Deterministic algorithms include existing solutions from libraries or online services [9]. Their main disadvantage is that the quality of vectorization is not high, because these algorithms do not work with a gradient colors and sometimes create artifacts on a vectorized image. In turn, machine learning-based algorithms (like LIVE [15] or DiffVG [14]) can create structured vector images, so that is their main advantage. Their disadvantages include: long working time, inability to operate with a gradient, and the requirement for knowledge of the curves number in a vectorized image.
In this paper, we propose an another approach to vectorization problem, since existing solutions do not manage the task of vectorization sufficiently. We have achieved quality improvement through the use of an evolutionary algorithm. This allows to vectorize the image without additional parameters and using a gradient.
The result of this paper is an evolutionary algorithm that can vectorize a raster image using a variable curve number. Specifically, the main contributions are as follows: 	1.
The proposed algorithm does not require input parameters for vectorization.

 

	2.
The algorithm operates with a color gradient, which improves the vectorization quality.

 

	3.
Vectorized image does not require predefined curve number and has fewer curves than the deterministic algorithm result.

 

	4.
It works faster than existing algorithms based on machine learning.

 





For more information about existing solutions, see the Related Works Sect. 2. The Methods Sect. 3 will describe in detail the algorithm itself and the subtleties of its implementation. In the Comparisons and Experiments 4, the results of comparing the proposed algorithm operation with existing solutions and ablation study are presented. The Conclusion Sect. 5 summarizes the paper.

2 Related Work
In this section, we summarize previous approaches and present works that are closely related to our article. The existing surveys [8, 23] proposes vectorization methods classification. According to it, the two main groups of methods are deterministic algorithms and machine learning-based algorithms. Along with these algorithms, we also discuss evolutionary approaches in this section.
2.1 Vectorization Algorithms Based on Machine Learning
There are lots of machine learning-based vectorization algorithms, however some of them are universal (designed to vectorize any images) and the others are customized for a predefined type of images. Non-universal algorithms can only be used for highly specialized tasks and therefore they are not of particular interest for the general problem of image vectorization. Among universal algorithms we selected DiffVG [14] and LIVE [15] as the most widely used [11, 24] existing approaches.
DiffVG. Many machine learning-based vectorization algorithms use a process of a vector image gradual optimization so that its rasterization is similar to a bitmap image. This optimization is possible due to the method of differentiable rasterization of a vector image proposed in the DiffVG [14] paper. In this paper, the authors propose a functional operator that accepts a vector image as input and outputs its raster analog. The main purpose of this operation is to further transfer the resulting bitmap image to the loss function, to call the error back propagation algorithm and to calculate gradients for the parameters of the original vector image. Then, according to the standard practice, an optimization step can be performed to result in vector parameters updating. Thus, the vector image is changed according to the specified loss function, and if, for example, this loss function is MSE, then the vector image is optimized towards more similarity with the custom raster analog.
One of DiffVG advantages is that it does not have a rigid binding to any predefined type of vector images and it is able to process any images. However, DiffVG is not able to dynamically determine which shapes or segments should be added or removed from a vector image. The DiffVG method operates on vector images, preserving their original structure and changing only the values of the shape parameters, for example, color, point coordinates, and stroke width. This is one of the reasons why using DiffVG without additional improvements does not result in the images most closely resembling the original ones.
At the moment, the following innovations are used among the algorithms known: 1) according to a pre-selected scheme, step-by-step addition of the shapes to a vector image is applied (for example, in LIVE method), 2) DiffVG is used in neural networks for the purpose of differentiable transition from vector to raster domain, 3) DiffVG is used for final optimization of a vector image pre-generated by a separate neural network.
To the best of our knowledge, there are still no methods related to DiffVG that could remove unnecessary shapes and segments from a vector image.
Im2Vec. One of the first approaches integrating DiffVG into neural networks is the Im2Vec model [21], its main purpose is image vectorization. The model is a VAE (Variational autoencoder) transforming an input bitmap into a hidden space and then generating the parameters of the vector image corresponding to the input bitmap from the hidden space. The network is trained using DiffVG, due to which the generated vector image is converted to a raster image and a raster loss function is applied, evaluating the similarity of the generated raster image with the original raster image. The main disadvantage of this model is that the model is able to correctly vectorize only images similar to training set. At the same time, according to our experiments, this model is not able to synthesize complex vector images consisting of a large number of shapes and segments.
LIVE. The iterative vectorization approach is used in LIVE [15] method. Before running this algorithm, the scheme for adding new shapes must be specified. This scheme determines how many new shapes will be added at each stage of optimization. Instead of applying shapes to the canvas in random places, the algorithm searches for such monochrome areas in the image that are not covered by the desired shape.
The method also introduces two new loss functions. The first penalizes the algorithm for creating self-intersecting shapes, which in practice can lead to the appearance of unnatural patterns. The second loss function seeks to estimate the coincidence of the rasterization of vector shapes with the real area of the original raster image more correctly than by MSE. MSE approach was shown to be problematic due to the following considerations. Vector images are often a composition of various shapes superimposed on each other. The LIVE algorithm suggests adding shapes to a vector image step by step, starting with the outer large shapes, rather than the inner smaller ones. However, using the mean square error (MSE) as a loss function between the current external vector shape and the real raster area containing this external shape and its internal subfigures is incorrect. Instead, it is proposed to use the UDF (User-Defined Function) loss function, which evaluates how precise a vector shape corresponds to the desired boundaries and how correct its color is, rather than the average color of this external shape and its internal ones. The proposed losses allow more effective evaluating and improving the intermediate results of the LIVE algorithm when vectorizing images.
However, the main problem with the LIVE method is its very low image generation speed. In addition, the quality of vectorized images in terms of visual similarity to the original bitmap is still not precise.

2.2 Deterministic Algorithms
At the moment, a huge number of deterministic algorithms for vectorization exists [7, 9, 19, 27]. The main shortcomings of such algorithms are vectorization quality, as results are obtained with a partial loss of initial information, and a large number of unnecessary paths used in resulting vector image. These algorithms advantages include high vectorization speed and the absence of necessary parameters tuning to improve vectorization.
In our approach, deterministic algorithms are used to get an initial population. This helps to ensure that the initial vectorization quality of our algorithm will not be worse than the quality of the deterministic ones.

2.3 Evolutionary Vectorization
An evolutionary algorithm [1] is a numerical optimization method based on the principles of natural selection and evolution. To obtain more adapted individuals, evolutionary algorithms use mutations [28] and crossovers [22]. A mutation is a change in one particular individual using a special algorithm, that can improve or worsen it. Crossover is an operator which involves combining features from two parent individuals to create offspring. By exchanging features between parents, crossover promotes exploration of the search space and facilitates the creation of new potential solutions. One of the evolutionary algorithm main characteristics is the selection of the initial population [12], because all new individuals will be built on the basis of it. The important parameter of the evolutionary algorithm is the elite percentage [4]—the percentage of individuals selected from the current population for further development. The size of the population [10] has a great influence on the evolutionary algorithm quality, because the chance of getting a more adapted individual with a large population size is higher, therefore it is necessary to select the optimal value for it based on available computational power.
Vectorization of bitmaps using evolutionary algorithms was discussed in the paper [3]. The described approach has a number of significant drawbacks that do not allow it to be used for vectorization. The vectorization process has long working time, and the result is very different from the original images, because the algorithm works with discrete geometric shapes and use masks. This approach makes it possible to add different styles to vectorized images by user, but vectorized image does not have a high vectorization quality.
In our approach, we decided to use evolutionary algorithm, because image vectorization is a task of optimizing the resulting image quality. Our algorithm is more universal and makes it possible to get a vector image similar to the original.


3 Method
The main part of the proposed solution is the evolutionary algorithm, which is used to solve optimization problem. Image vectorization aims to optimize vector image to exactly repeat raster image, thus, it is an optimization task. A vectorized image is an individual to which appropriate mutation and crossover operators are applied to obtain a higher quality. For vectorization, we also create a population from various vectorization options and further improve and select only the best ones.
3.1 The Initial Population
Several options were considered to create the initial population. After conducting a number of experiments, it was concluded that the result of a deterministic algorithm should be copied to form an initial population of n individuals.
We also studied and tested various Python libraries for initial vectorization (Pixels2Svg1, Potrace2, SvgTracer3). SvgTracer is the best library we have found for our task, because it is the fastest and its results have the highest quality.

3.2 Mutations and Crossovers
To achieve the best quality of vectorization, we use four types of mutations: needle mutation, probabilistic gradient connection of paths based on color differences, probabilistic path deletion, and probabilistic path segment deletion. As crossover, we use a random exchange of paths.
A needle mutation is a probabilistic change in the coordinates of path segments added for preventing path overgrowth and shape correction. This mutation works in such a way that the needle mutation coefficient is added or subtracted to a probabilistically selected coordinate of a path. At the same time, it is limited by the size of the image, and this mutation also has its own subtypes such as: a constant value of the coordinate change and a gradual decrease in the value by which the coordinate changes. For more complex vectorization tasks, the second type of the mutation should be used, and for the rest—the first one. In Fig. 1, example A shows the problem that this mutation is designed to solve.[image: ]
Fig. 1.Example of different vectorization problem and their solution with different mutation. A—example of incorrect initial coordinates of a path. This problem is solved by needle mutation. B—artifact of vectorization. Mutation of dropping path removes this artifact. C—extra segment in the path. Mutation of dropping segment smoothes the curve.



While other mutation, the path is deleted with a certain degree of probability. The same approach is used for deleting the segments of the path. These mutations help to eliminate artifacts created during the initial vectorization. The mutation for deleting a path has an additional parameter responsible for the size of the deleted area, because large elements of the image should not be deleted. For example, in Fig. 1, Figures B and C illustrate this issue with artifacts.
The main purpose of the fourth mutation is the gradient connection of two paths based on the difference in their colors, set by a threshold, which can be tuned [26]. This mutation is applied with a certain probability, and the connection occurs using a gradient [6] from the color of the first path to the color of the second. Figure 2 shows how the algorithm works.[image: ]
Fig. 2.Example of how mutation works for gradient path joining. From left to right: the original image; the image vectorized by a deterministic algorithm; the process of applying the gradient mutation; the vectorized image.



The edge of the shape area is taken as the gradient start points. If there are more than two parts, then the area’s edge is taken only from the first part and the last one. For other parts, the center of mass is taken. This mutation creates the images with gradient coloring, which helps render the colors of the original image more accurately.[image: ]
Fig. 3.Example of random path exchange crossover.



We use only one crossover for probabilistic path exchange. To achieve better quality, two individuals can exchange random paths with a certain probability. The example is presented in Fig. 3.
Assume that two individuals I and II appeared after the mutation, let each individual has one good path and the other has bad path. Next, a crossover exchange of random paths is applied. For example, it chooses path A from individual I and path [image: $$C_1$$] from II, then swaps them. As a result, two new individuals are created, and individual I is much better due to the crossover.

3.3 Selection Function
Three selection function [16] were investigated. The selection function 1 is the pixel-by-pixel difference between the original bitmap image N and the current generated one M, formulated as follows:[image: $$\begin{aligned} F_1(N, M) = \sum _{i=0}^{w} \sum _{j=0}^{h} \left| N_{i,j} - M_{i,j}\right| , \end{aligned}$$]

 (1)


where w—width of image, h—height of image.
The second selection function 2 is the same, but the difference between pixels is calculated exponentially.[image: $$\begin{aligned} F_2(N, M) = \sum _{i=0}^{w} \sum _{j=0}^{h} e^{\left| N_{i,j} - M_{i,j}\right| * \lambda + c}, \end{aligned}$$]

 (2)


where [image: $$\lambda = \frac{50}{255}$$], [image: $$c=1$$] to get a more sensitive difference color map.
In the third selection function 3, the difference between pixels in [image: $$F_1$$] is squared.[image: $$\begin{aligned} F_3(N, M) = \sum _{i=0}^{w} \sum _{j=0}^{h} (\left| N_{i,j} - M_{i,j}\right| * \lambda )^2. \end{aligned}$$]

 (3)


where [image: $$\lambda = \frac{1}{255}$$] for normalization pixel colors.
This selection function is close in meaning to MSE [5]. As a part of the testing on different images, it was decided to focus on the third variant of selection function. This allows to account for stronger color differences better, while if the color is close to the original one, then the value function will be small.
In order to calculate the value of the selection function, a rasterizing of a vector image is required. We also studied and tested various Python libraries for rasterization ( Aspore4, Wand5, CairoSvg6). CairoSvg is the best library for this task due to its speed and quality of rasterization.

3.4 Color Correction
To improve the algorithm operation, the color correction function is added. Often, the original colors of the deterministic algorithm may differ from the original ones. To solve this problem, a special color correction algorithm was created. It selects pixel colors for which the difference between them and the original ones is greater than a certain hyperparameter responsible for the sensitivity of the correction. Next, it selects all paths containing such colors and chooses the color for this path, which prevails in this section of the image. The implementation of the method can be seen in the algorithm’s details.


4 Comparisons and Experiments
As a part of the work, various experiments were carried out to identify the best parameters of the algorithm, as well as comparison with other existing solutions. Additional functions have been developed to simplify and improve the operation of the algorithm and the experimental setup has been described in detail.
4.1 Experimental Setup
The main hyperparameters and thresholds are shown below. The number of individuals in one population is 30. The percentage of the elite is [image: $$10\%$$]. The number of iterations of the algorithm is 300. These parameters were derived empirically based on a large number of experiments.
All of the experiments were launched on CPU with 16 GB RAM and 10 cores. No GPUs have been used.

4.2 Comparison with Machine Learning Algorithms
Firstly, we compare algorithms based on machine learning—LIVE and DiffVG—with our algorithm in terms of execution time, quality, and number of paths. Note that for LIVE [image: $$N=16$$], for DiffVG [image: $$N=512$$], where N is the predefined number of paths. This constant was chosen in such a way that the working time of the machine learning algorithms was comparable to the working time of our algorithm. Hyperparameters of these algorithms are set to default values. For DiffVG and LIVE N is necessary parameter, but our algorithm does not need it.
Table 1 shows that algorithms based on machine learning have a longer working time than our algorithm. For DiffVG and LIVE, the number of equal pixels in raster and vectorized images is significantly less, which indicates a low quality of vectorization. The number of paths for images vectorized by machine learning algorithms is equal to the initial constant, they have not to be compared by this parameter.Table 1.Comparison of our algorithm with existing vectorization algorithms. The table shows metrics (vectorized image, working time, fitness value and number of paths) of algorithms: LIVE [15], DiffVG [14], Pixel2Svg, SvgTracer, and our algorithm.


[image: ]




4.3 Comparison with Deterministic Algorithms
Below we present a comparison of our algorithm with a deterministic algorithm based on various metrics. Pixel2Svg and SvgTracer were chosen as a deterministic algorithms, as they are powerful python libraries for image vectorization.
Table 1 clearly shows the advantage of our approach. The number of equal pixels between the original raster image and the vectorized one is higher due to gradient mutation. The proposed algorithm result contains fewer paths than others, due to the path deletion mutation, which means less weight of the vectorized image and interpretability. Our algorithm loses out in terms of execution time to deterministic algorithms, since at each iteration it is required to calculate the value of the selection function, which is a complex computational operation.Table 2.Relative performance comparison of our algorithm with deterministic algorithms.


	Size
	Pixels2Svg
	SvgTracer
	Comparison criterion is relative to our algorithm

	128[image: $$\,\times \,$$]128
	-1569.8 ± 67.7 %
	-500.7 ± 38.9%
	Number of paths

	-69.6 ± 4.2 %
	-16.9 ± 4.1 %
	Fitness

	256[image: $$\,\times \,$$]256
	-164.8 ± 13.5%
	-103.6 ± 10.1%
	Number of paths

	-27.9 ± 2.5%
	-13.8 ± 1.3%
	Fitness

	512[image: $$\,\times \,$$]512
	-80.4 ± 9.4%
	-67.1 ± 8.9%
	Number of paths

	-18.8 ± 1.7%
	-12.1 ± 1%
	Fitness

	1024[image: $$\,\times \,$$]1024
	-29.3 ± 5.7%
	-24.2 ± 4.7%
	Number of paths

	-9.6 ± 0.9%
	-6.8 ± 0.2%
	Fitness





Our evaluation of the algorithm was conducted on image groups comprising 100 images each, with varying resolutions: 128[image: $$\,\times \,$$]128, 256[image: $$\,\times \,$$]256, 512[image: $$\,\times \,$$]512, and 1024[image: $$\,\times \,$$]1024 pixels. As demonstrated in Table 2, our algorithm exhibits a decrease in the computational paths required and an enhancement in the efficacy of the selection function when compared to the performance metrics of existing algorithms.

4.4 Ablation Study
In this section, we discuss the importance of the proposed mutations and how they affect the final result [18]. Each mutation is probabilistic, that is why the test results for the same hyperparameters may differ.Table 3.An impact example of the individual mutations on the ultimate outcome. From left to right: the initial image for vectorization; the image is vectorized by our algorithm; the image is vectorized by our algorithm without needle mutation; the image is vectorized by our algorithm without mutation for deleting paths and segments; the image is vectorized by our algorithm without mutation of gradient fusion.


[image: ]



The main effect of the needle mutation is changing the path shape by changing their coordinates. This is useful if the vectorized shape does not look very similar to the expected one. Needle mutation was considered of two types. With a constant coefficient of change and uniformly decreasing. The first type proved to be better in the tests, and was later used in the research.
The removal of segments and paths is necessary to get rid of artifacts that occur during basic vectorization. It helps simplify the unnecessary complexity and the weight of the image, which is extremely convenient. However, there is an important addition: the deleted area should be less than or equal to the threshold responsible for the maximum square of the deleted area. This was done to avoid the problems associated with the complete removal of image important parts.
The last mutation, which gradiently connects the two or more paths, is also needed to simplify the structure of the images and for a clearer match to the originals due to the smooth transitions characteristic of bitmap images. The threshold between the color difference of paths can be tuned.
Thus, each of the mutations is responsible for a certain part of the improvement of the vectorized image. For example, Table 3 illustrates problems created by the absence of the proposed mutations. Their combination allows to achieve better vectorization results.[image: ]
Fig. 4.Fitness dependencies on various factors.


Table 4.The dependence of the algorithm final result on the population size and the iterations number.


[image: ]



An important part of the work was to choose the right population size, the number of algorithm iterations, and the elite percentage. Table 4 shows experiment results with various population size and the iterations number. Based on this table, it can be concluded that a larger number of individuals in the population and many algorithm iterations can create a vectorized image with higher quality. It is worth noting that with an increase in these parameters, the quality ceases to improve (see Fig. 4a,4b), so we chose the number of individuals in one population as 30 and the number of the algorithm iterations as 300.
Figure 4c shows the influence of the elite percentage on the final vectorized image. The algorithm working time does not depend on the percentage of the elite, but the vectorized image quality and the paths number depends on it. Thus, the elite percentage equal to [image: $$10\%$$] is the best.


5 Conclusion
We have presented an evolutionary approach designed for the raster images vectorization using a variable number of curves. Unlike existing algorithms our solution is able to work with gradient colors. Additionally, it achieves superior quality results within an acceptable timeframe compared to other existing vectorization algorithms such as LIVE, DiffVG, Pixels2Svg, and SvgTracer. To evaluate the quality of vectorization, we employ a pixel-by-pixel Mean Squared Error (MSE) loss calculation. This allows us to quantitatively measure the similarity between the vectorized image and the original bitmap image.
In order to further enhance the algorithm’s performance, we plan to incorporate new types of mutations and crossovers. These additions will address the current limitations, such as long operation time, and contribute to improving the algorithm accuracy. Another improvement involves increasing the algorithm’s speed by integrating alternative selection functions. By exploring different selection strategies, we aim to optimize the algorithm’s efficiency and reduce processing time.
Furthermore, we plan to directly operate with the contours of vectorized images. This approach will enable us to calculate the quality of vectorized images without the need for excessive rasterization. This advancement will simplify the evaluation process and increase the overall efficiency of the algorithm.
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Abstract
Accurate prediction of dissolved oxygen (DO) concentrations in lakes requires a comprehensive study of phenological patterns across ecosystems, highlighting the need for precise selection of interactions amongst external factors and internal physical-chemical-biological variables. This paper presents the Multi-population Cognitive Evolutionary Search (MCES), a novel evolutionary algorithm for complex feature interaction selection problems. MCES allows models within every population to evolve adaptively, selecting relevant feature interactions for different lake types and tasks. Evaluated on diverse lakes in the Midwestern USA, MCES not only consistently produces accurate predictions with few observed labels but also, through gene maps of models, reveals sophisticated phenological patterns of different lake types, embodying the innovative concept of “AI from nature, for nature”.
Keywords
Ecosystem modelingAdaptive learningFeature selection
1 Introduction
The concentration of dissolved oxygen (DO) in lakes is a key indicator of water quality and the health of freshwater ecosystems. Effective DO monitoring is critical for sustaining aquatic biodiversity and ensuring water security for human consumption [37]. DO concentrations are influenced not only by the exchange of oxygen between air and water, but also by the metabolic processes of primary production and respiration [31]. As articulated by Edward A. Birge one century ago [1]: The fluctuations in a lake’s oxygen illustrate its “life cycle” more clearly than many other ecological indicators. This is particularly evident in nutrient-rich eutrophic lakes, where algal blooms can significantly deplete oxygen, creating detrimental “dead zones” for aquatic life.
Accurate prediction of DO concentrations requires a comprehensive study of different phenological patterns across various ecosystems. In particular, DO concentration is closely intertwined with ecosystem phenology, influenced by morphometric and geographic information, mass fluxes, weather conditions, trophic state, and watershed land use. In deeper lakes, for instance, light scarcity and decreased mixing with the oxygen-rich surface can lower oxygen [27, 30]. Temperature fluctuations impact oxygen solubility and biochemical activities [33]. Land use changes reshape DO patterns and metabolism phenology [11, 38].
Given the importance of predicting DO concentration, scientists across limnology, hydrology, meteorology, and environmental engineering have devised process-based models to simulate the dynamics of freshwater ecosystems. These models, aimed at evaluating the effects of external and internal factors, often combine hydrodynamic and water quality models [10]. Examples include DYRESM [7], GLM [8], MyLake [28]. These models utilize first-order principles (e.g., mass and energy conservation), but also involve many parameterizations or approximations due to incomplete physical knowledge or excessive complexity in modeling certain complex processes, resulting in inherent model bias.
Advanced data-driven methods like deep learning [17], offer an alternative to process-based models for complex scientific problems (e.g., prediction of DO concentration). Their success is contingent upon effective feature selection [2, 4, 18], however, most extant methods face several major challenges in this problem. Firstly, predicting DO involves sophisticated phenological patterns across various metabolic processes. Directly considering a large number of feature interactions can easily introduce noise, while manual selection risks overlooking critical details. Secondly, most feature selection approaches rely on global models built under expert guidance and lack the flexibility to adapt to various tasks and datasets. As a result, they often fail to select relevant feature interactions for different lake types and prediction tasks. Finally, the sparse nature of DO data further complicates model training, as frequent and comprehensive data collection is hindered by substantial human labor and material costs.
To address these challenges, cognitive evolutionary search (CELS) has been developed [43], utilizing an evolutionary algorithm to adaptively evolve models for selecting feature interactions under task-specific guidance. Unlike conventional methods constrained by model fitness evaluation [35, 41, 45, 46], CELS introduces a novel model fitness diagnosis technique. Despite its advancements, CELS still contends with issues of “reproductive isolation”, which may result in the convergence of similar models within a population, thereby limiting the development of specialized models for distinct tasks [19, 34].
Leveraging insights from CELS, this paper proposes an advanced evolutionary algorithm, namely Multi-population Cognitive Evolutionary Search (MCES), where cognitive ability refers to the malleability of organisms to orientate to the environment [43]. MCES utilizes multi-population models to effectively serve diverse lake types and predictive tasks, mirroring the adaptive strategies of species in diverse habitats. In MCES, feature interactions are envisaged as genomes and models as organisms within ecosystems, conceptualizing tasks as the natural environments these organisms inhabit. Internally, MCES assesses the capacities of genes, with mutations occurring probabilistically when existing traits are detrimental to survival. The models within MCES undergo crossover and mutation within their respective populations and, though less commonly, engage in inter-population crossover. This genetic diversity and flexibility allow models to dynamically adapt and select appropriate phenological feature interactions, catering to specific environmental conditions of different lake types and tasks.

2 Related Work
Existing research suggests that evolution-based feature selection is often limited to filters and wrappers due to model fitness evaluation constraints [35, 41]. Specifically, wrapper methods use the performance of the learning algorithm as its evaluation criterion, while filter methods use the intrinsic characteristics of the data. On the other hand, embedded approaches simultaneously select features and learn a classifier, therefore conventional algorithms cannot evaluate the fitness of the model [35, 41]. Only genetic programming (GP) and learning classifier systems (LCSs) are able to perform embedded feature selection, but they are not practical [6, 20, 26, 35, 41]. For additional research on evolution-based feature selection, please refer to [43].
Research on the population structure of EAs has demonstrated the benefits of segmenting the initial population into multiple sub-populations. These sub-populations exchange information, and regrouping operators are triggered at regular intervals to maintain the population’s diversity and balance exploitation with exploration capabilities [39, 47]. Various models like the shuffle or update parallel differential evolution (SOUPDE) [36] and the multi-population-based cooperative coevolutionary algorithm (MPCCA) [29] utilize unique mutation strategies and population dynamics to optimize performance across diverse problem-solving scenarios.

3 Problem Definition and Preliminaries
Problem Definition. Our goal is to predict the DO concentration at a daily scale. We simplify our analysis by dividing the water column into two distinct layers with separate oxygen and metabolic kinetics: the epilimnion (upper surface layer) and the hypolimnion (lower bottom layer). We treat the DO prediction for the epilimnion and hypolimnion as two tasks.
For each lake, we have access to its phenological features [image: $$\pmb {x}_t$$] on each date t. These features, spanning m diverse fields [image: $$\pmb {x}_t = \{ x_t^1, \cdots , x_t^m \}$$], encompass morphometric and geographic details such as lake area, depth, and shape; flux-related data like ecosystem and sedimentation fluxes; weather factors comprising wind speed and temperature; a range of trophic states from dystrophic to eutrophic; and diverse land use proportions extending from forests to wetlands. Besides input features, we also have observed DO concentrations [image: $$y_t$$] (for both the epilimnion [image: $$y_{t}^\textrm{epi}$$] and hypolimnion [image: $$y_{t}^\textrm{hyp}$$]) on certain days.
We use an embedding layer to convert input phenological features into a series of multi-field feature embeddings [image: $$\pmb {f}_t = [\pmb {f}^1_t, \cdots , \pmb {f}^m_t]$$], where [image: $$\pmb {f}^i_t = \text {embed}(x^i_t)$$]. Initially, numerical features are bucketed into categories, and each category is then represented as a one-hot vector that is transformed into an embedding vector through a perceptron layer [44]. Our model uses these embeddings to predict DO concentrations [image: $$\hat{y}_t$$] for both the epilimnion [image: $$\hat{y}_{t}^\textrm{epi}$$] and hypolimnion [image: $$\hat{y}_{t}^\textrm{hyp}$$].
Feature Interaction Selection. The process of feature interaction selection aims to identify the most informative feature interactions that can facilitate the prediction of target DO concentrations [image: $$\mathcal {H}: \mathcal {M}(\pmb {f}, \pmb {g}(\pmb {f}))\rightarrow \hat{y}$$], where [image: $$\pmb {g}$$] denotes the set of operations to interact on feature pairs, and [image: $$\pmb {g}(\pmb {f})$$] denotes the set of interactions. In DO prediction case, the algorithm [image: $$\mathcal {H}$$] aims to minimize the MSE loss for the outputs of the prediction model [image: $$\mathcal {M}$$], given as:[image: $$\begin{aligned} \mathcal {L}(\mathcal {M}) = \frac{1}{|B|}\sum _{t \in B} \Big (y_{t} -\hat{y}_{t} \Big ) ^2, \end{aligned}$$]

 (1)


where B denotes the set of instance indices in a mini-batch, [image: $$\hat{y}_{t}$$] denotes the predictive result given through the learned model.
As the fundamental components in feature interaction, operations are functions where two individual features are converted into an interaction. For the sake of simplicity, we adopt four representative operations as candidate operations to present instantiations of MCES, i.e., [image: $$\pmb {g}=\{ \oplus , \otimes , \boxplus , \boxtimes \}$$]. Detailed explanations of these operations and their use in evolution-based feature selection are provided in Appendix A.
Metabolic Process-Based Model. In this work, we use a metabolic process-based model to simulate DO labels [16]. The process-based model divides the water column into the upper epilimnion and lower hypolimnion during stratified periods. It is focused on analyzing metabolic dynamics in warmer months. Flux features (denoted as F) affecting DO concentrations are calibrated with observed data [16]. More details of the process-based model are provided in Appendix B.

4 Overall Framework
The overall framework is depicted in Fig. 1 and involves two stages of learning: (1) MCES for feature interaction selection using simulated labels, and (2) model refinement using real observed labels.
Specifically, we first utilize metabolic process-based models to generate simulated DO labels given the phenological features [image: $$\pmb {x}_t$$]. Using these simulated labels, we implement our proposed feature interaction selection algorithm MCES. The models in MCES adaptively evolve to select relevant feature interactions within populations for different lake types and tasks. In the subsequent stage, we refine these evolved models using real-world observed DO concentration data. This mirrors natural genetic decoding, where selected feature interactions are further optimized to reflect actual ecological dynamics.[image: ]
Fig. 1.Overall framework.



Identifying Different Lake Types. As a preprocessing step, lakes are classified based on characteristics critical to oxygen dynamics-primarily surface area and volume. Larger surface areas improve atmospheric oxygen exchange, while greater volumes are associated with higher oxygen consumption in deeper waters. We use a balanced K-means clustering algorithm to uniformly distribute the lakes in dataset [image: $$\pmb {L}$$] into four categories based on volume and area: small lakes [image: $$\pmb {L}_\textrm{S}$$], medium lakes [image: $$\pmb {L}_\textrm{M}$$], large lakes [image: $$\pmb {L}_\textrm{L}$$], and extra-large lakes [image: $$\pmb {L}_\textrm{xL}$$].

5 Multi-Population Cognitive Evolutionary Search
In this section, we detail the feature selection stage, employing simulated labels [image: $$\tilde{y}_{t}$$] to implement MCES. We begin by introducing the establishment of multiple populations, and explain how each individual within these populations is modeled. We then delve into the fundamental mutation and crossover mechanisms. Lastly, we provide an instantiation of the search process.
5.1 Multiple Populations
In MCES, each population comprises a set of models designed specifically for a particular combination of lake type and prediction task (e.g., predicting DO in the epilimnion of large lakes). Consequently, we establish eight unique populations: [image: $$\pmb {P}^\textrm{epi}_\textrm{S}$$], [image: $$\pmb {P}^\textrm{hyp}_\textrm{S}$$], [image: $$\pmb {P}^\textrm{epi}_\textrm{M}$$], [image: $$\pmb {P}^\textrm{hyp}_\textrm{M}$$], [image: $$\pmb {P}^\textrm{epi}_\textrm{L}$$], [image: $$\pmb {P}^\textrm{hyp}_\textrm{L}$$], [image: $$\pmb {P}^\textrm{epi}_\textrm{xL}$$], [image: $$\pmb {P}^\textrm{hyp}_\textrm{xL}$$]. Here the subscript [image: $$\{{\textrm{S,M,L,xL}}\}$$] represents different lake types, and the superscript [image: $$\{{\textrm{epi, hyp}}\}$$] represents two different prediction tasks (i.e., epilimnion or hypolimnion).
With a population size of n (where [image: $$n&gt;1$$]), we initialize each population with n models for feature interaction selection: [image: $$\pmb {P} = \{ \mathcal {M}_1, \cdots , \mathcal {M}_n \}$$]. We conceptualize each model as a natural organism that evolves to enhance its traits for improved fitness within its environment. These traits, inherited through the organism’s genomes, stem from the interplay between features and operations, much like nucleotides and their connections. Following various linkages of nucleotides, we extend the operation set with four types of operations as the search space, i.e., [image: $$\pmb {g}=\{ \oplus , \otimes , \boxplus , \boxtimes \}$$]. If [image: $$g_k$$] is a chosen operation from [image: $$\pmb {g}$$], an interaction [image: $$g_k(\pmb {f}^i_t, \pmb {f}^j_t)$$] is defined by applying the operation [image: $$g_k$$] to a pair of features [image: $$(\pmb {f}^i_t, \pmb {f}^j_t)$$].
Motivated by the goal of enhancing model fitness through the preservation of beneficial genetic information, we aim to discern and prioritize important features and their interactions via a parameterized method, called internal genetic evaluation. The idea is to introduce a set of relevance parameters to strengthen relevant feature interactions while diminishing or mutating those that contribute less. In this context, we define relevance parameters for features [image: $$\pmb {f}_t $$] and interactions [image: $$\tilde{g}(\pmb {f}_t)$$] as [image: $$\pmb {\alpha } = \{ \alpha _i | 1\leqslant i\leqslant m\} $$] and [image: $$\pmb {\beta } =\{ \beta _{i,j} | 1\leqslant i&lt;j\leqslant m \} $$], respectively. Here, [image: $$\tilde{g}(\pmb {f}_t)$$] denotes the interaction of applying any operations from [image: $$\pmb {g}$$] to a pair of features. The predictive response of our model at time step t is formulated as:[image: $$\begin{aligned} \hat{y}_{t} = \mathcal {M}\big ( \pmb {\alpha } \cdot \pmb {f}_t, \pmb {\beta } \cdot \tilde{g}(\pmb {f}_t) \big ), \end{aligned}$$]

 (2)


where [image: $$\mathcal {M}$$] can be any individual model in the population. In this work, we use a sequence encoder with Long-Short Term Memory (LSTM) networks [9] to efficiently encode temporal information and the dynamics of feature interactions. The model [image: $$\mathcal {M}$$] is thus depicted as:[image: $$\begin{aligned} \begin{aligned} &amp; \pmb {h}^{\iota }_t = \textrm{LSTM} \Big ([ \pmb {\alpha } \cdot \pmb {f}_t, \pmb {\beta } \cdot \tilde{g}(\pmb {f}_t)];\pmb {h}^{\iota }_{t-1} \Big ), \\ &amp; \hat{y}_{t} = \pmb {W}^{\iota } \cdot \pmb {h}^{\iota }_t + \pmb {b}^{\iota }, \end{aligned} \end{aligned}$$]

 (3)


where [image: $$\pmb {h}^{\iota }_t$$] represents a series of hidden states, and [image: $$\pmb {W}^{\iota }$$] and [image: $$\pmb {b}^{\iota }$$] denote the weight and bias parameters, respectively. The loss function for model [image: $$\mathcal {M}$$], calculated using simulated labels [image: $$\tilde{y}_{t}$$], is defined as:[image: $$\begin{aligned} \mathcal {L}(\mathcal {M}) = \frac{1}{|B|}\sum _{t \in B} \Big (\tilde{y}_{t} -\hat{y}_{t} \Big ) ^2, \end{aligned}$$]

 (4)


where B denotes the set of instance indices within a mini-batch.
We use a regularized dual averaging (RDA) optimizer to learn the relevance parameters [image: $$\pmb {\alpha }$$] and [image: $$\pmb {\beta }$$], with the aim to distinguish between relevant and irrelevant feature interactions through this process [3, 40]. When the absolute value of the cumulative gradient average value in a certain position in [image: $$\pmb {\alpha }$$] or [image: $$\pmb {\beta }$$] is less than a threshold, the weight of that position in relevance parameters will be set to 0, resulting in the sparsity of the relevance [22, 40]. Meanwhile, the parameters of the embedding layer (for [image: $$\pmb {f}_t$$]) are optimized using the Adam optimizer [14]. Unlike AutoML [23, 24], which categorizes [image: $$\pmb {\alpha }$$] and [image: $$\pmb {\beta }$$] as high-level decisions and treats feature embeddings as lower-level variables for bi-level optimization, our approach simplifies this process. To circumvent the complex and costly bi-level optimization, we update feature embeddings and relevance parameters jointly using single-level optimization with gradients on the training set, as [image: $$\nabla _{\pmb {f}} \mathcal {L}(\pmb {f}_{iter-1}, \pmb {\alpha }_{iter-1}, \pmb {\beta }_{iter-1}) $$] and [image: $$\nabla _{\pmb {\alpha ,\beta }} \mathcal {L}(\pmb {f}_{iter-1}, \pmb {\alpha }_{iter-1}, \pmb {\beta }_{iter-1})$$], respectively.

5.2 Mutation Mechanism and Crossover Mechanism
With our definitions of population and feature interaction selection models, we further detail the mutation and crossover mechanisms in MCES. The crossover mechanism is bifurcated into intra-population and inter-population crossover.
Mutation Mechanism. The mutation serves as a fundamental mechanism of our search process. It primarily aims at mutating the operations associated with irrelevant interactions into alternative operations, and thus generating a new model (the offspring). Specifically, for an interaction [image: $$g_k(f^i_t, f^j_t)$$], mutation is triggered with a probability [image: $$\sigma $$] after every [image: $$\tau $$] steps if the relevance parameter [image: $$\beta _{i,j}$$] drops below a threshold [image: $$\lambda $$]. In other words, to regenerate a new interaction, the operation [image: $$g_k$$] of the interaction [image: $$g_k(f^i_t, f^j_t)$$] mutates into another operation [image: $$g_l $$], given as:[image: $$\begin{aligned} g_k = \left\{ \begin{aligned} g_l \; \text {with probability} \; \sigma , \;\;\;\; &amp; \text {if} \quad \beta _{i,j} &lt; \lambda , \\ g_k, \;\;\;\;\;\;\;\;\;\;\;\;\;\;\;\;\;\; &amp; \text {otherwise}, \end{aligned} \right. \end{aligned}$$]

 (5)


where [image: $$g_l$$] is randomly selected from the operation set as [image: $$g_l = \{ g\, | \, g \in \pmb {g}, g \ne g_k \}$$]. The new interaction [image: $$g_l(f_i, f_j)$$] replaces the irrelevant interaction [image: $$g_k(f_i, f_j)$$], and its corresponding relevance [image: $$\beta _{i,j}$$] is reset. Consequently, the parent model [image: $$\mathcal {M}$$] evolves into its offspring [image: $$\mathcal {M}'$$], which incorporates these fresh interactions with revised relevance [image: $$\pmb {\beta }'$$], and maintains features with relevance [image: $$\pmb {\alpha }'$$] inherited from [image: $$\pmb {\alpha }$$].
Intra-Population Crossover Mechanism. Given a population [image: $$\pmb {P} = \{ \mathcal {M}_1, \cdots , $$] [image: $$\mathcal {M}_{\nu }, \cdots , \mathcal {M}_n \}$$], we use [image: $$\pmb {\beta }^{\mathcal {M}_{\nu }}$$] to denote the relevance parameters of interactions for each model [image: $$\mathcal {M}_{\nu }$$]. The obtained [image: $$\pmb {\beta }^{\mathcal {M}_{\nu }}$$] can vary across different models in [image: $$\pmb {P}$$]. Therefore, within this population, the models may have a variety of operations for interacting with each feature pair [image: $$(f_i, f_j)$$], represented as [image: $$g_{i,j}^{\pmb {P}} = \{ g_{i,j}^{\mathcal {M}_1}, \cdots , g_{i,j}^{\mathcal {M}_\nu }, \cdots , g_{i,j}^{\mathcal {M}_n} \}$$]. The intra-population crossover mechanism aims to select the most suitable operation (of which interaction has the largest relevance) within the population to apply on the feature pair for the offspring model [image: $$\mathcal {M}'$$], given as:[image: $$\begin{aligned} g_{i,j}^{\mathcal {M}'} = \arg \max _{g_{i,j}^{\mathcal {M}_\nu } \in \, g_{i,j}^{\pmb {P}}} \beta _{i,j}^{\mathcal {M}_{\nu }}. \end{aligned}$$]

 (6)


Meanwhile, the relevance parameters of interactions in this offspring model are inherited from their respective parent models (i.e., the selected [image: $$\mathcal {M}_\nu $$]).
Inter-Population Crossover Mechanism. For two distinct populations [image: $$\pmb {P}_A = \{ \mathcal {M}^A_1, \cdots , \mathcal {M}^A_{\nu }, \cdots , \mathcal {M}^A_n \}$$] and [image: $$\pmb {P}_B = \{ \mathcal {M}^B_1, \cdots , \mathcal {M}^B_{\nu }, $$] [image: $$\cdots , \mathcal {M}^B_n \}$$], we use [image: $$\pmb {\beta }^{\mathcal {M}^A_{\nu }}$$] and [image: $$\pmb {\beta }^{\mathcal {M}^B_{\nu }}$$] to denote the relevance of interactions for two populations [image: $$\pmb {P}_A$$] and [image: $$\pmb {P}_B$$], respectively. The inter-population crossover mechanism works as follows: For each feature pair [image: $$(f_i, f_j)$$], we select the most suitable operation from [image: $$\pmb {P}_B$$] to interact on the feature pair in the offspring model of [image: $$\pmb {P}_A$$]. Conversely, the most suitable operation of the feature pair from [image: $$\pmb {P}_A$$] is selected for the offspring model of [image: $$\pmb {P}_B$$], given as:[image: $$\begin{aligned} g_{i,j}^{\mathcal {M}_A'} = \arg \max _{g_{i,j}^{\mathcal {M}^B_\nu } \in \, g_{i,j}^{\pmb {P}_B}} \beta _{i,j}^{\mathcal {M}^B_{\nu }}, \;\;\;\; g_{i,j}^{\mathcal {M}_B'} = \arg \max _{g_{i,j}^{\mathcal {M}^A_\nu } \in \, g_{i,j}^{\pmb {P}_A}} \beta _{i,j}^{\mathcal {M}^A_{\nu }}. \end{aligned}$$]

 (7)


Meanwhile, the relevance parameters of interactions in the offspring models are inherited from their respective parent models.

5.3 Instantiation of the Search Process
Utilizing mutation, intra- and inter-population crossover mechanisms, we implement MCES as detailed in Algorithm 1. MCES begins by randomly initializing eight distinct model populations (line 1). It then follows a series of iterative steps (lines 6–28), continuing until convergence. Each iteration involves optimizing offspring models and their relevance parameters within each population.
For every [image: $$\tau $$] iterations, the algorithm (lines 9–16) selects and replaces the worst model [image: $$\mathcal {M}$$] in each population [image: $$\pmb {P}$$] based on the designated loss function (Eq. (4)). The selection process can be expressed as:[image: $$\begin{aligned} \mathcal {M} = \arg \max _{\mathcal {M}_\nu \in \pmb {P}} \mathcal {L}( \mathcal {M}_\nu ). \end{aligned}$$]

 (8)


When the algorithm replaces the worst model [image: $$\mathcal {M}$$] with the offspring model [image: $$\mathcal {M}'$$], a new offspring [image: $$\mathcal {M}'$$] is generated through intra-population crossover and subsequent mutation, enhancing genotypic diversity, thus enabling the search process to effectively avoid local optima and explore global regions.
For every [image: $$ep \times \tau $$] iterations (lines 18–27), we randomly select a pair of populations, [image: $$\pmb {P}_A$$] and [image: $$\pmb {P}_B$$], either based on a shared task (i.e., epilimnion or hypolimnion) across different lake types or on the same lake type but with different tasks, with selection probability balanced by a coin flip. This leads to the generation of new offspring models [image: $$\mathcal {M}_A'$$], [image: $$\mathcal {M}_B'$$] through inter-population crossover between [image: $$\pmb {P}_A$$], [image: $$\pmb {P}_B$$], promoting the exchange of advantageous genotypic patterns across different lake types and tasks. Meanwhile, each remaining population generates its offspring, [image: $$\mathcal {M}'$$], through intra-population crossover, followed by mutation of all offspring.
Finally, the algorithm concludes by delivering a set of the best models, one from each population (line 29), thereby ensuring a comprehensive exploration and exploitation of the search space across diverse environmental contexts.
[image: ]
Algorithm 1Multi-population Cognitive Evolutionary Search





6 Model Refinement
Inspired by nature’s replication and transcription processes, which translate genetic information into protein sequences to equip organisms with diverse functions, we proceed to a model refinement stage. Here our objective is to refine the model to better leverage the features and interactions obtained from MCES. At this stage, we select the corresponding model by the lake type and task, and then use observed labels for the model refinement. Relevant features and interactions are selected according to their relevance parameters [image: $$\pmb {\alpha }$$], [image: $$\pmb {\beta }$$]. If [image: $$\alpha _{i}=0$$] or [image: $$\beta _{i,j}=0$$], the corresponding features or interactions are fixed to be discarded permanently. Given the scarcity of observed data, we inherit parameters from the preceding LSTM to ensure the model’s effective learning, given as:[image: $$\begin{aligned} \begin{aligned} &amp; \pmb {h}^{o}_t = \textrm{LSTM} \Big ([ \pmb {\alpha } \cdot \pmb {f}_t, \pmb {\beta } \cdot \tilde{g}(\pmb {f}_t)];\pmb {h}^{o}_{t-1} \Big ) \\ &amp; \hat{y}_t = \pmb {W}^{o} \cdot \pmb {h}^{o}_t + \pmb {b}^{o} \end{aligned} \end{aligned}$$]

 (9)


where [image: $$\pmb {h}^{o}_t$$] represents a series of hidden states, with [image: $$\pmb {W}^{o}$$] and [image: $$\pmb {b}^{o}$$] as the weight and bias parameters. The relevance [image: $$\pmb {\alpha }$$], [image: $$\pmb {\beta }$$] are fixed and serve as attention units.
To address the disparity between abundant simulated and scarce observed labels, we’ve developed a new loss function for LSTM that integrates both types of data through weighted imputation [12, 42]. This assigns a greater weight to the loss on observed data and a smaller weight to simulated data, effectively addressing the scarcity of observed labels. The loss function is expressed as:[image: $$\begin{aligned} \mathcal {L}(\mathcal {M}) = \frac{1}{|B|}\sum _{t \in B} \mathbb {I}\big (y_{t} \big ) \Big (y_{t} -\hat{y}_{t} \Big ) ^2 + \rho \Big (1-\mathbb {I}\big ( y_{t} \big ) \Big ) \Big ( \tilde{y}_{t} -\hat{y}_{t} \Big ) ^2, \end{aligned}$$]

 (10)


where [image: $$\hat{y}_{t}$$] denotes the predicted DO concentration, [image: $$y_{t}$$] is the observed DO concentration, [image: $$ \tilde{y}_{t} $$] is the simulated DO concentration, [image: $$\mathbb {I}(x)$$] is an indicator function that equals 1 if x is observed (true) and 0 otherwise (false), and [image: $$\rho $$] is the tradeoff parameter balancing observed and simulated labels.

7 Experimental Evaluation
7.1 Dataset
We evaluate the proposed MCES for predicting DO concentration using a dataset that documents over 41 years of ecological observations from 375 lakes in the Midwestern USA, starting in 1979. This dataset includes around 5.58 million daily records, each with 39 fields of phenological features such as morphometric, flux data, weather conditions, trophic states, and land use details. Observed DO data were sourced from the Water Quality Portal (WQP). Lake residence time was taken from the HydroLAKES. Trophic state probabilities (eutrophic, oligotrophic, dystrophic) were from the dataset [25]. Land use proportions of each lake’s watershed were taken from the National Land Cover Database (NLCD). An account of these features is available in Appendix C. For training MCES, we use data from all 375 lakes. We then selectively conduct testing on lakes that have the most comprehensive DO observations for each type. For large and extra-large lakes, we use data up to 2017 for training, 2018 for validation, and 2019 for testing. For small and medium lakes, where DO observations in 2019 are relatively sparse, we use data up to 2016 for training, 2017 for validation, and 2018 for testing.

7.2 Baselines
We compare to a set of baselines in our experiment: Sim DO Conc.: This baseline is the metabolic process-based model used in our first stage, leveraging few observed labels to calibrate simulations that can significantly augment the data for other baselines. LSTM: As adopted in our model refinement stage, LSTM incorporates simulated labels for weighted imputation and backward gradient adjustments, a necessity for convergence given the scarcity of observed labels. EA-LSTM & KGSSL [5, 15]: These time series prediction models, which assimilate hydrological behavior and physical processes, respectively, are regarded as cutting-edge within hydrological and ecological domains. LSTM, EA-LSTM, and KGSSL use individual features for input without feature interaction modeling. AutoInt, AutoGroup, & AutoFeature [13, 21, 32]: These methods are at the forefront of feature interaction modeling. They have demonstrated their utility and versatility through extensive commercial deployment, showcasing their capacity to model complex feature combinations.Table 1.Comparative performance of DO concentration ([image: $$g / m^{3}$$]) prediction in terms of root mean square error (RMSE) across different lake types and tasks. The mean and standard deviation (displayed in grey) of RMSE are calculated from five runs.


[image: ]




7.3 Implementation Details
To implement MCES, we perform a grid search setting feature embedding size [image: $$|\pmb {f}^i_t|=15$$]. We use RDA optimizer [3, 40] to discriminate the relevant and irrelevant feature interactions, with the learning rate [image: $$\gamma =10^{-3}$$], adjustable hyperparameters [image: $$c=0.5, \mu =0.8$$]. We set the population size as [image: $$n=4$$]. We set the mutation mechanism as the mutation threshold [image: $$\lambda =0.2$$], the mutation probability [image: $$\sigma =0.5$$], and the mutation step size [image: $$\tau =10$$]. We set the inter-population crossover step size [image: $$ep=10$$], and the tradeoff parameter [image: $$\rho =0.1$$]. To assess the effectiveness of utilizing multiple populations and refining models, we conduct ablation studies with the following variants: MCES (-refine): This variant drops the model refinement stage, using only the simulated labels from the first stage for training. MCES (-multi): Instead of using multiple populations, this variant trains a single population on all data, and tests it separately across different lake types. This setup also excludes the inter-population crossover mechanism. MCES (-inter): This variant does not include the inter-population crossover mechanism.[image: ]
Fig. 2.Time-series analysis of DO concentrations: a comparison of predicted (MCES), simulated, and observed values.




7.4 Experimental Results
Performance Comparison. Table 1 presents a comparative analysis of MCES against various baselines, utilizing root mean square error (RMSE) across diverse lake types and tasks, with both mean and standard deviation calculated over five runs. From the results, we have the following key observations: First, machine learning models universally outperform simulations alone, underscoring the value of integrating observed labels with simulated labels for enhanced prediction accuracy. Second, EA-LSTM and KGSSL surpass LSTM in performance, evidencing the advantage of incorporating hydrological behaviors and physical processes into models, particularly when faced with a scarcity of labels. Third, AutoInt, AutoGroup, and AutoFeature demonstrate the predictive power of feature interactions, offering significant improvements over models that rely solely on individual feature inputs. Fourth, MCES outperforms all baseline models, attributing its success to the adaptive modeling of interactions through evolutionary operation selection. Unlike other methods that indiscriminately handle all feature interactions, MCES discerns relevant feature interactions for specific lake types and tasks, optimizing their impact while minimizing less pertinent ones. Lastly, ablation study results reveal that MCES performs better than MCES (-refine), highlighting the value of combining real with simulated labels for accuracy. MCES also exceeds MCES (-multi), emphasizing the necessity of distinct populations for different ecological settings. Moreover, MCES outshines MCES (-inter), demonstrating the benefits of inter-population interactions. These interactions promote the sharing of effective feature interactions among populations, thereby improving the algorithm’s accuracy and stability.
Figure 2 offers a time-series comparison of predicted (i.e., MCES), simulated, and observed DO concentrations, with a specific emphasis on the summer season of the testing period. The analysis reveals that MCES predictions not only align closely with observed values but also demonstrate sensitivity to subtle features and interactions, enhancing their accuracy. While simulated DO concentrations also generally exhibit a clear trend, there are instances of slight deviation from observed data. Encouragingly, both predicted and simulated values largely mirror observed trends, highlighting the efficacy and significance of our proposed MCES in advancing research in this domain.[image: ]
Fig. 3.Visualization of gene maps for medium lakes.



Visualization of Gene Maps. The model populations accommodate different lake types and tasks, leading to a rich diversity in model traits. These traits influence their survival and fitness rates, mirroring the selection process for operations and feature interactions. To demonstrate the model’s evolutionary process and how feature interactions adapt across different lake types and tasks, we visualize the model’s gene maps. Adopting an encoding where [image: $$\oplus =0, \otimes =1, \boxplus =2, \boxtimes =3$$], we can diagnose the model’s fitness as a symmetric matrix. Distinct colors are allocated to each operation, creating a vibrant gene map where each gene symbolizes an interaction; like red “0”, green “1”, yellow “2”, and blue “3”. For example, a green “1” within the “depth [image: $$\times $$] area” block signifies that the element-wise product [image: $$\otimes $$] is identified as the optimal operation for “depth” to interact with “area”. The intensity of the colors on the gene map is directly correlated with the relevance of the interactions, with darker hues denoting higher relevance and lighter ones suggesting lesser importance. Individual features are also visually encoded as single-hued bars. Interactions deemed irrelevant, with their relevance parameters reduced to 0, are excluded, leaving their corresponding genes depicted in white “[image: $$-1$$]”.
In Appendix D, we present gene maps for all lake types and tasks, using end-of-training data to highlight relevant feature interactions for DO concentration prediction. For instance, in Fig. 3, we showcase gene maps for medium lakes.
These maps reveal that, in larger lakes, the DO dynamics are predominantly influenced by sediment oxygen demand and atmospheric exchange, reflecting their extensive water volumes. Conversely, smaller lakes exhibit DO concentrations that are notably impacted by local land use and meteorological factors due to their shallower depths and greater vulnerability to changes in their external watershed environments. Across the board, temperature-related interactions are significant, affecting DO solubility and the lake’s biological processes. Additionally, wind speed and atmospheric exchange flux stand out as key drivers of surface gas exchange influencing epilimnion, while the trophic state markers provide indicators of possible oxygen production in the epilimnion and eventual hypolimnetic depletion due to the formation of algal blooms. These findings suggest that diverse ecological factors interplay differently across lake environments, necessitating adaptable prediction models that can cater to these variances.
Additionally, we have included animations in the supplementary materials to illustrate the evolution path of MCES. These animations display yearly changes in relevant feature interactions for DO concentrations from 1979. The enduring patterns of feature interactions hint at consistent ecological processes, while deviations in their relevance suggest adaptation to environmental shifts and human activities. Changes in the importance of certain interactions may stem from better land management or climate variations affecting lake stratification. Meanwhile, the emergence of new significant interactions could be a reaction to changes in lake usage or watershed practices. These temporal dynamics underscore the adaptability of MCES, which recalibrates the significance of feature interactions to align with the changing lake environments over time.
In Appendix E, we also demonstrate the impact of feature interactions identified by MCES. By adjusting the RDA optimizer’s parameters, we consistently choose a sparser set of feature interactions, accepting a trade-off in accuracy. Simultaneously, a random strategy is applied for comparative purposes, where operations for feature interactions are allocated at random, and some interactions are arbitrarily removed as sparsity intensifies. The gene map showcased at a feature interaction sparsity level around 0.5 offers insight into the model’s structure under reduced complexity. This experiment highlights MCES’s superior performance even as many feature interactions are discarded, emphasizing its precision in identifying relevant interactions under task guidance. Conversely, the random approach shows a quicker performance drop due to the loss of important interactions. When feature interactions become exceedingly sparse, both methodologies suffer in performance, indicating that a limited set of feature interactions fails to significantly contribute to the model’s predictive capabilities. In such cases, individual features primarily drive performance.


8 Conclusion
This paper presents a novel evolutionary algorithm, namely Multi-population Cognitive Evolutionary Search (MCES), blending adaptive learning with natural processes for predicting DO concentrations. MCES employs multi-population models customized for varied lake types and tasks, reflecting the diverse survival strategies of species across various habitats. Evaluated on a variety of lakes in the Midwestern USA, MCES not only demonstrates accurate DO concentration predictions with limited observed data but also reveals sophisticated phenological patterns, highlighting its utility for environmental science and freshwater management. MCES introduces an innovative concept of “AI from nature, for nature”. We encourage further exploration and development of new algorithms inspired by MCES, aimed at benefiting the environment.
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Abstract
New methods to construct adequate Boolean functions for use in cryptography have had to evolve in accordance with the requirements of continually proposed cryptosystems. Among the desired properties in Boolean functions are balancedness, high non-linearity, algebraic immunity, and resilience, all of which contribute to making the cryptosystem more resistant to various attacks. In 2016, the FLIP steam-cipher was proposed, which requires weight-wise perfectly balanced Boolean functions. As the field of cryptography evolves, so does the need for new methods of constructing Boolean functions. Our research contributes to this ongoing exploration. Evolutionary algorithms are among the explored approaches. However, much of the work has focused on 8-variable functions. In this investigation, previous work done on 8-variable functions is revisited and applied to the search for 16-variable WPB Boolean functions. The investigation yielded promising results, finding 16-variable WPB Boolean functions with high general non-linearity and weight-wise non-linearities that surpassed previous results. This marks a significant advancement in the exploration of EAs’ potential in cryptography.
Keywords
Boolean Functionsevolutionary algorithmscryptography
1 Introduction
Among their many applications, Boolean functions play today an important role in cryptography. Within symmetric key cryptography, the two main types of ciphers are block cipher and stream cipher [10, 23]. There exist a number of different cryptographic attacks, including linear, differential, and algebraic attacks [18]. In 2016 the stream cipher known as FLIP was presented, which requires a particular type of functions known as Weight-wise Perfectly Balanced (WPB) [4, 15, 16]. The balance of these WPB functions is global and specific for each weight of the domain elements.
For Boolean functions [image: $$f:{\mathbb F}_2^n\rightarrow {\mathbb F}_2,$$] the search space is of size [image: $$2^{2^n},$$] where n is the number of variables in the function. There exist three main search methods for finding optimum Boolean functions: random search, algebraic methods, and heuristic methods. Additionally, a hybrid search of algebraic and heuristic methods [19] may be used. In this work, heuristic methods are used, specifically evolutionary algorithms (EAs).
The search for ideal Boolean functions for cryptography, in general, has been carried out with single-objective algorithms [2, 9, 12, 14, 15] and with multi-objective algorithms [1, 18]. Additionally, in previous investigations [18], three representations and evolutionary algorithms are used: genetic algorithms (GAs) with binary encoding, genetic programming (GP) with tree representation, and finally, Cartesian genetic programming (CGP) with graph representation.
Regarding the search and study of the WPB functions, their investigation has thus far only been carried out with single-objective algorithms [7, 11, 14, 15]. However, as far as the authors are aware, so far the use of heuristics has been limited to the construction of 8-variable functions. Thus, this work focuses on the application of EAs for the construction of 16-variable WPB Boolean functions with high non-linearity. Moreover, though the focus is to construct WPB Boolean functions with high non-linearity, throughout the investigation other cryptographic parameters were also evaluated in order to gauge the robustness of the functions generated using this approach.

2 Background
Let [image: $${\mathbb F}_2$$] be the finite field with two elements. These elements can be represented by [image: $$\{0, 1\}$$] with addition modulo two, represented by [image: $$\oplus $$]. Similarly, [image: $${\mathbb F}_2^n$$] denotes the n-dimensional vector space over [image: $${\mathbb F}_2$$], [image: $$n\in {\mathbb N}.$$] The following definitions and theorems come from [3, 13, 15, 18].
Definition 1
Every function with domain [image: $${\mathbb F}_{2}^{n}$$] and co-domain [image: $${\mathbb F}_{2}$$] is called a Boolean function. The set of all Boolean functions is denoted as [image: $$\mathcal {B}_n.$$]

Thus [image: $${\mathcal {B}}_{n}:=\{f|f:{\mathbb F}_{2}^{n}\rightarrow {\mathbb F}_{2}\}$$] and has dimension [image: $$2^{n}$$] as a vector space structure; therefore, has cardinality [image: $$2^{2^{n}}.$$] The set of images of a function [image: $$f\in \mathcal {B}_{n}$$] can be represented by a truth table as a vector of length [image: $$2^n$$] denoted[image: $$\begin{aligned} ev(f):=\left( f(v)_{v\in {\mathbb F}_{2}^{n}}\right) \end{aligned}$$]



or through a table as in Table 1. The inputs must always be arranged in the same order, most typically ordered lexicographically.
An example of a Boolean function is the function [image: $$f(x)\in {\mathcal {B}}_{2}$$] defined by[image: $$f(x_{1},x_{2})=x_{1}\oplus x_{2}\oplus 1.$$]



The set of images of f in lexicographic order determines the vector[image: $$[1,0,0,1].$$]




Table 1.Truth table for the Boolean function [image: $$f(x_1,x_2)=x_1\oplus x_2\oplus 1$$].


	[image: $${x}_1$$]
	[image: $${x}_2$$]
	ev(f)

	0
	0
	1

	0
	1
	0

	1
	0
	0

	1
	1
	1





Definition 2
The support of a vector [image: $$x\in {\mathbb F}_2^n,$$] denoted supp(x),  is the set containing the non-zero positions in the vector. The Hamming weight of a vector [image: $$x\in {\mathbb F}_2^n,$$] denoted [image: $$w_H(x),$$] is the number of non-zero positions in the vector.

Definition 3
The support of a Boolean function [image: $$f\in \mathcal {B}_n,$$] denoted supp(f),  is the set containing the non-zero positions in its truth table. The Hamming weight of a Boolean function [image: $$f \in \mathcal {B}_n,$$] denoted [image: $$w_H(f),$$] is the number of non-zero positions in its truth table.

Definition 4
The Hamming distance between two vectors x, y, denoted [image: $$d_H(x,y),$$] indicates the number of positions in which their values are different. The Hamming distance between two functions f, g, denoted [image: $$d_H(f,g),$$] indicates the number of positions in their truth tables where their values differ.

It can be seen that[image: $$\begin{aligned} supp(x)=\{i ~|~ x_i\ne 0, i=1,\ldots , n \}, \end{aligned}$$]




[image: $$\begin{aligned} supp(f)=\{x\in {\mathbb F}_2^n ~|~ f(x) \ne 0 \}. \end{aligned}$$]



Also,[image: $$\begin{aligned} w_H(x)=|supp(x)|, \end{aligned}$$]




[image: $$\begin{aligned} d_H(x,y)=w_H(x\oplus y), \end{aligned}$$]




[image: $$\begin{aligned} w_H(f)=|supp(f)|, \end{aligned}$$]



and[image: $$\begin{aligned} d_H(f,g)=w_H(f \oplus g). \end{aligned}$$]





Definition 5
A Boolean function [image: $$f\in \mathcal {B}_n$$] is globally balanced if its truth table has an equal number of zeros and ones.

Hence, a Boolean function [image: $$f\in \mathcal {B}_n$$] is globally balanced if [image: $$w_H(f)=2^{n-1}$$]. Table 1 is a clear example of this.
Definition 6
A Boolean function [image: $$f\in \mathcal {B}_n$$] is weight-wise perfectly balanced (WPB) when the truth tables corresponding to vectors of constant Hamming weight [image: $$1 \le k \le n-1$$] are balanced.

When working with WPB Boolean functions, the truth table corresponding to each vector of constant Hamming weight is referred to as a slice. For an n-variable Boolean function, the slice with constant Hamming weight k is denoted [image: $$E_{n,k}$$]. There exist different ways to represent Boolean functions, one of which is the Algebraic Normal Form (A.N.F.).
Definition 7
A Boolean function [image: $$f\in \mathcal {B}_n$$] has a A.N.F. if it can be expressed as[image: $$f(x_{1},\ldots ,x_{n}):=\bigoplus _{u\in {\mathbb F}_{2}^{n}}a_{u} \left( \prod _{i=1}^{n}x_{i}^{u_{i}} \right) ;\quad u=(u_{1},\ldots , u_{n}), \quad a_{u}\in {\mathbb F}_{2}.$$]






Definition 8
The basic Boolean functions, over [image: $${\mathbb F}_2^n$$], are the affine functions defined by the set[image: $${\mathcal {A}}:=\{f\in \mathcal {B}_n|f(x_{1},\ldots ,x_{n})=a_{1}x_{1}\oplus \cdots \oplus a_{n}x_{n} \oplus a_{0}=a\cdot x \oplus a_{0}\},$$]



[image: $$a=(a_{1},\ldots ,a_{n})\in {\mathbb F}_2^{n}$$] and [image: $$a_{0}\in {\mathbb F}_{2}.$$] If [image: $$a_0=0$$], then f is called a linear function.

Definition 9
The non-linearity, denoted NL(f),  of the Boolean function f is the Hamming distance between f and the set of all affine functions.

Non-linearity can be expressed in Hamming distance notation:[image: $$NL(f):=\min _{g\in \mathcal {A}}d_H(f,g).$$]



Similarly, the weight-wise non-linearity refers to the non-linearity of a particular slice and is denoted [image: $$NL_k(f)$$]. That is, the minimum Hamming distance between the restriction of f to [image: $$E_{n,k}$$] and the restriction of affine functions in [image: $$\mathbb {F}_2^n$$] to [image: $$E_{n,k}$$]. These non-linearities are given by:[image: $$\begin{aligned} NL_k(f) = \min _{g,deg(g)\le 1} |supp_k (f+g)| \end{aligned}$$]

 (1)




Definition 10
Let [image: $$f\in \mathcal {B}_n$$], [image: $$a\in {\mathbb F}_2^n$$]. The Walsh-Hadamard transform of f,  denoted [image: $$W_f$$], is defined as:[image: $$W_f: {\mathbb F}_2^n\rightarrow {\mathbb F}_2, ~~ ~~W_f(a):=\sum _{x\in {\mathbb F}_{2}^{n}}(-1)^{f(x)+a\cdot x},$$]



where [image: $$a\cdot x$$] is the usual dot product on [image: $${\mathbb F}_{2}^{n}$$].

It is also possible to express non-linearity in terms of the Fourier transform:
Theorem 11
The non-linearity of the Boolean function [image: $$f\in \mathcal {B}_n$$] is[image: $$NL(f)=2^{n-1}-\frac{1}{2}\max _{a\in \mathbb {F}_2^n} |W_f(a)|.$$]






Theorem 12
(Parseval’s equality) Let [image: $$f\in \mathcal {B}_n$$]. Then[image: $$\sum _{a\in {\mathbb F}_2^n}[W_f(a)]^{2}=2^{2n}.$$]






Using Parseval’s equality we know that [image: $$\underset{a}{\text{ max }}|W_f(a)|\ge 2^{\frac{n}{2}}.$$] Thus, the non-linearity of a Boolean function has an upper bound, [image: $$NL(f)\le 2^{n-1}-2^{\frac{n}{2}-1}.$$]
In particular, if f is a globally balanced function with n-variables, then it’s maximum non-linearity may be obtained using aforementioned bound when n is an even number [20].
Definition 13
A Boolean function is a bent function if it achieves maximum non-linearity.

If f is a balanced function, then [image: $$W_f(0)=0$$]. Hence, f can never achieve maximum non-linearity and, conversely, bent functions cannot be balanced. Thus, when looking for balanced Boolean functions, these will inevitably have a non-linearity below the maximum.
Definition 14
The algebraic degree, [image: $$\deg $$], of a Boolean function f is the number of variables in the longest term of the function in ANF.

Definition 15
The annihilator of a Boolean function f is a Boolean function g over [image: $$\mathbb {F}_2^n$$] such that [image: $$f \cdot g = 0$$].

Definition 16
The algebraic immunity of a Boolean function f over [image: $$\mathbb {F}_2^n$$], AI(f), is the lowest value d such that f or [image: $$f \oplus 1$$] admits an annihilating function of degree [image: $$\deg $$].


3 Methodology
This Section presents the details of the evolutionary algorithm (EA) used in this investigation, with the objective of finding WPB Boolean functions with high non-linearity. First, the search space and corresponding encoding of the individuals is presented. Second, the variation operators used in the EA are analysed. Third, the fitness function used to evaluate the individuals is presented. Finally, this Section concludes by detailing the experimental settings employed for the application of the EA used in this investigation.
3.1 Search Space
WPB Boolean functions exist within the set of all n-variable Boolean functions, [image: $$\mathcal {B}_n=\{f:\mathbb {F}_2^n \rightarrow \mathbb {F}_2\}$$]. The naive way to search for the desired WPB Boolean functions would be to explore the entirety of [image: $$\mathcal {B}_n$$]. However, the size of [image: $$\mathcal {B}_n$$] is super-exponential in n, having a cardinality of [image: $$2^{2^n}$$]. Moreover, WPB Boolean functions are only defined for [image: $$n=2^m, m \in \mathbb {N}$$] [17].
For n-variable Boolean functions with [image: $$n\ne 2^m, m\in \mathbb {N},$$] Weight-wise Almost Perfectly Balanced (WAPB) functions have been defined [6], however this investigation focuses solely on WPB functions. Since the size of the search-space for WPB Boolean functions grows rapidly, an exhaustive search is only viable for [image: $$n \in \{2,4\}$$], neither of which is large enough for use in real-life situations. This investigation seeks to expand on previous research by applying an EA successfully used for the construction of 8-variable WPB Boolean functions [14], now for the construction of 16-variable WPB Boolean functions. Consequently, the cardinality of the search space for this problem is [image: $$2^{2^{16}} \approx 2.0035 \times 10^{19728}.$$]
Based on previous results [14, 22] it was decided to use the entirety of [image: $$\mathcal {B}_n$$] as the search space. This very choice of search space is precisely the reason that makes heuristics a suitable method to tackle this problem.

3.2 Encoding and Variation Operators
Based on the results of previous work [14], the encoding used throughout this investigation was the WPB representation, as described below.
It is known that a Boolean function may be uniquely represented by its truth table. While this is usually done by showing the images of the function in lexicographic order after the inputs, in the WPB representation this is done by dividing the image of the function into [image: $$n+1$$] vectors, each corresponding to a slice. Within each slice, the lexicographic order is set as usual. Considering[image: $$\begin{aligned} I = \left[ [0],[1,0,1,0],[0,0,0,1,1,1],[1,1,0,0],[1]\right] \end{aligned}$$]

 (2)


an example of an individual represented in this manner for a 4-variable Boolean function is shown. This representation allows us to exploit the unique qualities of a WPB Boolean function more efficiently, by ensuring that the desired weight distribution is better preserved during the application of variation operators.
The two variation operators contemplated in the EA are the crossover and the mutation operators. In this work the crossover operator used was the counter-based crossover (cbc) operator. Within each slice of an individual every gene is randomly selected from one of the two parents, however two counters keep track of how many genes take a value of one and how many take a value of zero, once either of the counters reaches a value of l/2, where l is the length of the slice, the remaining genes in the slice will take the opposite value, thus ensuring balance within each slice. This particular operator was chosen given that it demonstrated the best results in the search for 8-variable WPB Boolean functions with high non-linearity [14, 15]. On the other hand, the mutation operator used was the classic swap mutation, but applied to each slice of the WPB representation, as in previous research [14]. That is, with a probability [image: $$p_m$$], the values of two randomly selected genes will be swapped. If the two genes chosen to be swapped have the same allele, then the function will not be altered.

3.3 Fitness Functions
The fitness function for the optimisation of non-linearity in the EA is Function 3, the same as was used for the construction of 8-variable WPB Boolean functions previously [14].[image: $$\begin{aligned} fit_{NL}(f) = \delta _{pen} \cdot \left( \min _{2 \le k\le 2/n} \{NL(f)\}\right) - pen(f) . \end{aligned}$$]

 (3)


Three main components can be identified in the fitness function, which when combined evaluate if a function is WPB and, if this is the case, what the non-linearity of said function is.
The non-linearity evaluated in this case is the general non-linearity as described in Section (2). However, in order to make the computations more efficient the calculation is carried out using the function from the Boolean Function module of SAGEMath System [24]. As can be seen, the term describing the non-linearity is also dependent on the [image: $$\delta _{pen}$$] component, which is a Boolean component, taking a value of one when the penalisation vanishes [image: $$pen(f)=0,$$] and a value of zero otherwise; which brings us to the penalty component, pen(f),  calculated as follows:[image: $$\begin{aligned} pen(f) = \sum _{k=1}^{n-1} unb_k(f), \end{aligned}$$]

 (4)


where [image: $$unb_k(f)$$] will be defined later in (5).
The WPB representation is essential for this evaluation, as it must be carried out by slices, given that a function may be globally balanced without being WPB. Slices for [image: $$k=0$$] and [image: $$k=n$$] are not taken into account, this is because they have a cardinality of one, which can never be balanced. In fact, when evaluating the former are taken as having a value of 0 and the latter as having a value of 1.
The unbalancedness of a slice, [image: $$unb_k(f)$$], is given by[image: $$\begin{aligned} unb_k(f) = \left| \frac{\#E_{n,k}}{2}-w_H(f_{(k)})\right| , \end{aligned}$$]

 (5)


where [image: $$\#E_{n,k}$$] is the cardinality of slice k, which in turn is given by[image: $$\begin{aligned} {n \atopwithdelims ()k}, \end{aligned}$$]



and [image: $$w_H(f_{(k)})$$] is the Hamming weight of the restriction [image: $$f_{(k)}$$], given by[image: $$\begin{aligned} w_H(f_{(k)}) = \frac{\#E_{n,k} - W_{f_{(k)}}(0)}{2}. \end{aligned}$$]

 (6)


When calculating the penalty, the restricted Walsh-Hadamard Transform is calculated, this is done in the same way as stated in Sect. 2, with the sole difference that now [image: $$a \in E_{n,k}$$], rather than [image: $$a \in \mathbb {F}_2^n$$], as in the usual case.

3.4 Experimental Settings
The evolutionary algorithm used for this investigation was programmed by the authors in Python. To improve efficiency certain calculations were carried out using the Boolean Function module of SAGEMath System [24], particularly the evaluations of general non-linearity, algebraic immunity, resiliance and algebraic degree. Additionally, the calculations of the weight-wise non-linearities were calculated with the aid of the code by Gini and Méaux [5]. The programs were executed using a virtual server with a Manjaro OS with a RAM of 16GB and 8 cores.Table 2.Outline of the configuration set up used for the EA considered.


	Iterations
	Pop. Size
	Generations
	Tournament size
	[image: $$p_c$$]
	[image: $$p_m$$]

	30
	100
	20,000
	3
	1
	0.7





Table 2 shows a summary the parameters used for all the iterations of the experiment carried out as part of this investigation. All experiments were run for 16-variable Boolean functions, using their unique WPB representation, as described in Sect. 3.2. A population of 100 individuals was used in all the iterations. This was a change from the parameters used in previous work [14] on account of the resources required to evaluate 16-variable Boolean functions.
Parent selection was done through 3-tournament elimination, as in previous work [14, 15]; three individuals are selected at random from the population, the two with the highest fitness are chosen as parents, and the third is replaced with the offspring after the variation operators are applied. The variation operators were applied based on the results obtained previously [14], as described in Sect. 3.2. That is, applying the counter-based crossover with a probability of [image: $$p_c = 1$$], and the swap mutation with a probability of [image: $$p_m= 0.7$$].
Using the described parameters, 30 iterations of the experiment were run, considering 20,000 generations in each case.
Though the EA aims to optimise the general non-linearity of a WPB Boolean function, there are other characteristics that are important for the implementation of WPB functions. Thus, the best individual in each iteration was also evaluated for the following characteristics: (a) degree, (b) algebraic immunity, (c) resiliance and (d) weight-wise non-linearity.


4 Results
In this Section the results of the experiment previously described are presented. In addition to the global non-linearities reached by the EA, the complementary cryptographic parameters of the best individual in each iteration are presented to give a more global understanding of the results obtained. Based on these cryptographic parameters, a comparison is made with other known results [8] where the highest global non-linearity of [image: $$NL(f)=32,598$$] has been attained for a WPB Boolean function using algebraic methods. Unfortunately, for the function with [image: $$NL(f)=32,598$$], values are not known for any of its other cryptographic parameters, thus function [image: $$h_{16}$$] [6] is also used as a reference, having the highest known weight-wise non-linearities for a 16-variable WPB Boolean function. Function [image: $$h_{16}$$] was also constructed using algebraic methods. Table 3 shows the values for each cryptographic parameter of [image: $$h_{16}$$].Table 3.Cryptographic parameters of function [image: $$h_{16}$$] [6]. In addition to the non-linearities, [image: $$h_{16}$$] has [image: $$res(f)=0$$], [image: $$IA(f)=8$$] y [image: $$\deg =14$$]. [image: $$NL_g$$] refers to the global non-linearity of the function, while [image: $$NL_i, 2 \le i \le 14$$] specifies the restricted non-linearity of each slice. Slices 0, 1, 15 and 16 are not considered as they have a value of zero in all cases.


	 	[image: $$NL_g$$]
	[image: $$NL_2$$]
	[image: $$NL_3$$]
	[image: $$NL_4$$]
	[image: $$NL_5$$]
	[image: $$NL_6$$]
	[image: $$NL_7$$]
	[image: $$NL_8$$]
	[image: $$NL_9$$]
	[image: $$NL_{10}$$]
	[image: $$NL_{11}$$]
	[image: $$NL_{12}$$]
	[image: $$NL_{13}$$]
	[image: $$NL_{14}$$]

	[image: $$h_{16}$$]
	30704
	28
	172
	688
	1884
	3629
	5103
	5567
	5103
	3629
	1884
	688
	172
	28





To begin with, in all instances the EA managed to find WPB Boolean functions, despite the search space including infeasible, non-balanced individuals. These results are congruent with those obtained previously [14], even though [image: $$\mathcal {B}_{16}$$] is a significantly larger search space than [image: $$\mathcal {B}_8$$], thus showing the effectiveness of heuristic methods in approaching this problem.
Then, the fitness values reached from our experiments on each iteration are considered. To do this, the fitness value of the best individual is taken as a reference to asses the performance of the EA results. First, recall that a 16-variable bent function has non-linearity of [image: $$NL(f)=32,640,$$] and that a 16-variable WPB Boolean function theoretically has a maximum non-linearity of [image: $$NL(f) = 32,638$$], though in practise the highest non-linearity that has been attained is [image: $$NL(f)=32,598$$] [8].
Table 4 shows the results of the experiments. Global non-linearity consistently exceeds 32,200, closely approaching the highest non-linearity reached thus far [8] and far exceeding that of [image: $$h_{16}$$]. Additionally, a distribution of non-linearities has been proposed for 16-variable functions [7], which suggests that using a random search the expectation would be to find functions with non-linearities between 31,886 and 32,300, thus showing the improved results when using an EA as opposed to a random search.Table 4.Non-linearities of WPB Boolean functions generated using 20,000 generations of the EA. As complementary cryptographic parameters all Boolean functions generated had [image: $$res(f)=0$$], [image: $$IA(f) = 8$$] and [image: $$\deg =15$$].


	 	[image: $$NL_g$$]
	[image: $$NL_2$$]
	[image: $$NL_3$$]
	[image: $$NL_4$$]
	[image: $$NL_5$$]
	[image: $$NL_6$$]
	[image: $$NL_7$$]
	[image: $$NL_8$$]
	[image: $$NL_9$$]
	[image: $$NL_{10}$$]
	[image: $$NL_{11}$$]
	[image: $$NL_{12}$$]
	[image: $$NL_{13}$$]
	[image: $$NL_{14}$$]

	[image: $$\mu $$]
	32311.5
	37.0
	229.8
	818.8
	2041.9
	3810.4
	5487.1
	6194.7
	5490.3
	3807.8
	2042.2
	818.3
	230.0
	37.5

	[image: $$\sigma $$]
	18.1
	2.2
	3.4
	5.6
	7.7
	11.2
	15.5
	16.3
	16.6
	19.8
	8.5
	5.9
	3.5
	2.1

	[image: $$\min $$]
	32286
	30
	218
	803
	2024
	3792
	5453
	6153
	5456
	3745
	2018
	805
	222
	32

	[image: $$\max $$]
	32356
	41
	235
	828
	2055
	3834
	5508
	6222
	5516
	3835
	2056
	829
	236
	41





Although the EA only aimed to optimise the non-linearity of WPB Boolean functions, these functions must also exhibit other characteristics. Some of these characteristics are algebraic immunity, resilience and, in this particular case, weight-wise non-linearities, as outlined in Sect. 2. Thus, the best individuals are evaluated for each of these characteristics in order to determine their robustness. In all instances [image: $$h_{16}$$] is used as a reference, as this is the function with best values as far as the authors are aware.
The weight-wise non-linearities for each slice have a value greater than zero, which in itself is a positive result. Previously, when high global non-linearities were achieved it was often the case that functions would have poor results when weight-wise non-linearities were evaluated [8]. Furthermore, when compared with [image: $$h_{16}$$] the non-linearity for each slice surpasses those of [image: $$h_{16}$$] in every instance. This, in combination with the high general non-linearities obtained, is an excellent result, for it shows the high quality of these functions regarding non-linearity both globally and by slice.
When considering resilience, algebraic degree and algebraic immunity, the values show consistency across all iterations. Having ensured that the functions are balanced and have high non-linearity, the third component required to ensure good resistance against correlation attacks is resilience. Unfortunately, in this case all functions have a resilience [image: $$res(f)=0$$], which is likely linked to the Siegenthaler bound [21], given that they also have maximum algebraic degree, [image: $$\deg =15.$$] This result is consistent with previous results, which is one of the factors that has lead to the exploration of weight-wise almost perfectly balanced Boolean functions as an alternative to WPB functions. Algebraic immunity, on the other hand, is required to ensure functions will withstand algebraic attacks. In all cases the Boolean functions obtained have maximum algebraic immunity, [image: $$AI=8$$], which is clearly the desired result. This result is on par with that of [image: $$h_{16}$$].

5 Conclusion and Further Work
We endeavoured to expand upon previous work on constructing WPB Boolean functions using evolutionary algorithms. These functions are particularly interesting due to their role in the FLIP [16] stream cipher. However, as the number of variables in the function increases, the complexity of constructing them also increases. Thus, this investigation aimed to extend the application of an EA previously used to construct 8-variable functions [14] to the construction of 16-variable WPB Boolean functions. Additionally, this investigation expanded the scope of the analysis by evaluating other cryptographic parameters in addition to non-linearity, which allowed a better understanding of the quality of the Boolean functions generated. Giving continuity to the results obtained previously [14], individuals in the EA were represented using the WPB representation [15], and taking the entirety of [image: $$\mathcal {B}_{16}$$] as the search space. Moreover, the same fitness function was used, with the only difference being that the Boolean Functions module [24] was used to conduct evaluations during implementation.
Our results show that this approach is feasible for larger-scale cases, particularly for 16-variable functions. Despite the increased search space size, the EA continued to successfully reach feasible solutions with the desired high non-linearity while searching throughout the entirety of [image: $$\mathcal {B}_{16}$$]. In addition, to the sought-after high non-linearity, our results also yielded good values for other cryptographic parameters, namely algebraic immunity and weight-wise non-linearities, which evidences the robustness of this approach. Notably, the results show that the results obtained using heuristic methods can match and even surpass the results obtained from random search and algebraic methods.
Going forward, we plan to adapt this approach to the search of Weight-wise Almost Perfectly Balanced (WAPB) Boolean functions, immensely increasing the scope of possibility. Particularly, the consideration of WAPB functions allows us to increase the number of variables at a more moderate pace, thus allowing the code to be gradually adjusted to larger cases. In addition, having observed the good performance of evolutionary algorithms for this problem, it would be interesting to explore the use of multi-objective evolutionary algorithms (MOEA) to optimise more than one criterion simultaneously. Having now considered the weight-wise non-linearities in this analysis, the MOEA could aim to optimise each of these non-linearities individually.
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Abstract
Bent Boolean functions are interesting mathematical objects with diverse real-world applications. Besides looking at the whole class of bent functions, one could also consider subclasses like rotation symmetric bent functions or (anti)-self-dual bent functions. Such classes are naturally smaller, making it (potentially) easier to enumerate functions inside the class with a computer investigation.
This work considers a novel problem of evolving rotation symmetric (anti)-self-dual bent functions. We consider two solution encodings and a number of evolutionary algorithms. We successfully find rotation symmetric (anti)-self-dual functions for several Boolean function sizes, which are the first known examples of such functions. We hope this work will open a new research direction that will result in finding more such functions for larger dimensions, as well as algebraic constructions that will be valid for infinite Boolean function sizes.
Keywords
Boolean functionsrotation symmetric functionsself-dual bent functions
1 Introduction
Boolean functions are mathematical objects used in diverse applications, such as coding theory [15, 17], combinatorics [28], and cryptography [2]. Boolean functions have also been an active research topic for more than 50 years, resulting in the discovery of many subclasses with specific properties. One such class is bent (maximally nonlinear) Boolean functions. Although bent functions may have limitations for certain applications like cryptography, they are still used in other domains like coding theory [15] and sequences [23]. While bent functions are much rarer than general Boolean functions, many still exist (see Table 2). As such, it makes sense to concentrate on specific subclasses of bent functions. Since subclasses are smaller, the functions belonging there could be easier to enumerate.
The first subclass we consider is rotation symmetric functions. Rotation symmetric functions are functions that are invariant under cyclic shifts of the input coordinates. They are interesting because such functions can have a simple structure and representation. Second, we focus on (anti-)self-dual bent Boolean functions. A bent function is called self-dual if equal to its dual, and anti-self-dual if equal to the complement of its dual [28]. Both subclasses are well-known and have been explored for many years. Still, despite all the work done, it is unknown how many such functions exist already for [image: $$n=8$$] inputs. We note that metaheuristics were also often used to search for such functions. For instance, for [image: $$n=9$$], metaheuristics searching in the space of rotation symmetric Boolean functions managed to find functions with nonlinearity 241, something that was an open question for several decades whether they even exist [14]. Moreover, we note that both rotation symmetric bent functions and (anti)-self-dual bent functions are successfully constructed with metaheuristics for various Boolean function sizes (see Sect. 3 for details).
In this work, we consider a novel application where we aim to evolve rotation symmetric (anti)-self-dual bent functions. To the best of our knowledge, such a combination was never explored, and before this work, it was not known whether such functions even existed. We conduct our search using evolutionary algorithms and consider two solution representations: bitstring and floating-point. We find rotation symmetric (anti)-self-dual functions for [image: $$n=6,8$$]. While we do not find any such function for larger sizes, we observe that bitstring representation works better for smaller n and floating-point representation works better for larger n. Since we do not find rotation symmetric (anti)-self-dual bent functions for every tested size, we cannot answer the question of whether they exist in general or if there is something specific for small n only. Still, we consider our work to open a new direction in research of bent Boolean functions, and future work could consider both metaheuristic and algebraic construction perspectives.

2 Preliminaries on Boolean Functions
2.1 Notation
We denote positive integers with n and m. We denote the Galois (finite) field with two elements by [image: $$\mathbb {F}_{2}$$] and the Galois field with [image: $$2^n$$] elements by [image: $$\mathbb {F}_{2^n}$$]. An (n, m)-function represents a mapping F from [image: $$\mathbb {F}_{2}^{n}$$] to [image: $$\mathbb {F}_{2}^{m}$$]. When [image: $$m=1$$], the function is called a Boolean function in n inputs/variables and is denoted by f. We endow the vector space [image: $$\mathbb {F}_2^n$$] with the structure of the field, since for every n, there exists a field [image: $$\mathbb {F}_{2^n}$$] of order [image: $$2^n$$] that is an n-dimensional vector space. The usual inner product of a and b equals [image: $$a\cdot b = \bigoplus _{i=1}^{n} a_{i}b_{i}$$] in [image: $$\mathbb F_{2}^n$$].

2.2 Boolean Function Representations
The Walsh-Hadamard transform [image: $$W_{f}$$] is a unique representation of a Boolean function f that measures the correlation between f(x) and the linear functions [image: $$a\cdot x$$], see, e.g., [2] with the sum calculated in [image: $${\mathbb Z}$$].[image: $$\begin{aligned} W_{f} (a) = \sum \limits _{x \in \mathbb {F}_{2}^{n}} (-1)^{f(x) + a\cdot x}. \end{aligned}$$]

 (1)


The Walsh-Hadamard transform is very useful as many Boolean function properties can be evaluated through it. Since the complexity of calculating the Walsh-Hadamard transform with a naive approach equals [image: $$2^{2n}$$], it is common to employ a more efficient method called the fast Walsh-Hadamard transform [2], where the complexity is reduced to [image: $$n2^n$$].
Another unique representation of a Boolean function f on [image: $$\mathbb {F}_{2}^{n}$$] is by its truth table (TT). The truth table of a Boolean function f is the list of pairs of function inputs (in [image: $$ \mathbb F_2^n$$]) and function values, with the size of the value vector being [image: $$2^n$$]. The value vector is the binary vector composed of all [image: $$f(x), x \in \mathbb {F}_2^n$$], with a certain order selected on [image: $$F_2^n$$]. Usually, as seen in, e.g., [2], one uses a vector [image: $$(f(0),\ldots , f(1))$$] that contains the function values of f, ordered lexicographically.
Nonlinearity. The minimum Hamming distance between a Boolean function f and all affine functions, i.e., the functions with the algebraic degree1 at most 1 (in the same number of variables as f), is called the nonlinearity of f. The nonlinearity [image: $$nl_{f}$$] of a Boolean function f can be easily calculated from the Walsh-Hadamard coefficients, see, e.g., [2]:[image: $$\begin{aligned} nl_{f} = 2^{n - 1} - \frac{1}{2}\max _{a \in \mathbb {F}_{2}^{n}} |W_{f}(a)|. \end{aligned}$$]

 (2)


The Parseval relation [image: $$\sum \limits _{a\in {\mathbb F}_2^n}W_f(a)^2=2^{2n}$$] implies that the nonlinearity of any n-variable Boolean function is bounded above by the so-called covering radius bound:[image: $$\begin{aligned} nl_{f} \le 2^{n-1}-2^{\frac{n}{2} - 1}. \end{aligned}$$]

 (3)


Eq. (3) can be reached with equality if and only if n is even, and functions reaching the bound are called bent functions.
Balancedness. A Boolean function f is called balanced if it takes the value one the same number of times ([image: $$2^{n-1}$$]) as the value zero when the input ranges over [image: $${\mathbb F}_2^n$$].
Bent Boolean Functions. The functions whose nonlinearity equals the maximal value [image: $$2^{n-1}-2^{n/2-1}$$] are called bent. Bent Boolean functions exist for n even only [2]. Bent Boolean functions are a very active research topic with applications in, e.g., coding theory [15] and telecommunications [23]. Bent Boolean functions are rare, and we know the exact numbers of bent Boolean functions for [image: $$n\le 8$$] only (see Table 2). Naturally, besides considering the whole class of bent Boolean functions, it is also possible to consider certain subsets that may be easier to analyze or provide additional properties. For more information, we refer interested readers to a survey on bent Boolean functions [5].

2.3 Rotation Symmetric Functions
A Boolean function over [image: $$\mathbb {F}_2^n$$] is called rotation symmetric (RS) if it is invariant under any cyclic shift of input coordinates: [image: $$(x_0, x_1, \ldots , x_{n-1}) \rightarrow (x_{n-1}, x_0, x_1, \ldots , x_{n-2}).$$] The number of rotation symmetric Boolean functions is smaller than the number of Boolean functions, as the output value remains the same for certain input values. Stănică and Maitra used the Burnside lemma to deduce that the number of rotation symmetric Boolean functions equals [image: $$2^{g_n}$$], where [image: $$g_n$$] equals [29]:[image: $$\begin{aligned} g_n = \frac{1}{n}\sum _{t|n}\phi (t)2^{\frac{n}{t}}, \end{aligned}$$]

 (4)


and [image: $$\phi $$] is the Euler phi function (counting the number of positive integers less than n that are coprime to n). Thus, [image: $$g_n$$] represents the number of orbits where an orbit is a rotation symmetric partition composed of vectors equivalent under rotational shifts. We provide the number of orbits for the rotation symmetric Boolean functions in Table 1. Already for [image: $$n=10$$], exhaustive search is not an option. Bent rotation symmetric functions are maximally nonlinear and invariant under any cyclic shift of input coordinates. Rotation symmetric bent functions are much rarer than general bent functions, and all RS bent functions found belong to classic classes of bent functions (i.e., were already known as bent functions when they have been found) [21].Table 1.The number of orbits for the rotation symmetric Boolean functions. The number of Boolean functions for each dimension then equals [image: $$2^{g_n}$$].


	variables
	4
	6
	8
	10
	12
	14
	16

	[image: $$g_n$$]
	6
	14
	36
	108
	352
	1182
	4116






2.4 Self-dual Bent Functions
For a bent function f on [image: $$\mathbb F_{2^n}$$], we define its dual as the Boolean function [image: $$\widetilde{f}: \mathbb F_{2^n} \rightarrow \mathbb {F}_2$$] satisfying:[image: $$\begin{aligned} 2^\frac{n}{2} (-1)^{ \widetilde{f}(x)}=W_f(x) \ \text {for all} \ x \in \mathbb F_{2^n}. \end{aligned}$$]

 (5)


The dual [image: $$\widetilde{f}$$] of a bent function is also bent. A bent function f is said to be self-dual if [image: $$\widetilde{f}(x) \oplus f(x) = 0$$] for all [image: $$x \in \mathbb {F}_2^n$$], and anti-self-dual if [image: $$\widetilde{f}(x) \oplus f(x) = 1$$]. Stated differently, a bent function is called self-dual if it is equal to its dual and anti-self-dual if it is equal to the complement of its dual. Self-dual bent functions are much rarer than general bent functions.

2.5 On the Number of Bent Functions
The numbers of Boolean functions (or upper bound values) are given in Table 2. First, we note that bent Boolean functions are rare, and we know the exact number of bent Boolean functions for [image: $$n \le 8$$] only. For rotation symmetric functions, the total number of such functions is easy to calculate from Eq. (4). However, the number of rotation symmetric bent functions is not generally known, and experimental results are available for smaller sizes only [29]. Furthermore, for the self-dual bent functions of 8 variables, we have results for quadratic functions (those with the algebraic degree at most two) only. The total number of self-dual bent functions is thus larger. Note there are as many anti-self-dual bent functions as there are self-dual bent functions. We can see that both rotation symmetric bent functions and self-dual bent functions are rare.Table 2.The number of (bent) Boolean functions. Note that no known bound exists on the number of bent rotation symmetric (RS) functions. We denote self-dual bent functions by SD and note that there are as many self-dual bent functions as anti-self-dual functions.


	n

	criterion
	4
	6
	8
	10
	12
	14
	16

	# general
	[image: $$2^{16}$$]
	[image: $$2^{64}$$]
	[image: $$2^{256}$$]
	[image: $$2^{1024}$$]
	[image: $$2^{4096}$$]
	[image: $$2^{16384}$$]
	[image: $$2^{65536}$$]

	# bent
	896
	5425430528
	[image: $$2^{106.3}$$]
	[image: $$2^{638}$$]
	[image: $$2^{2510}$$]
	[image: $$2^{9908}$$]
	[image: $$2^{39203}$$]

	# RS
	[image: $$2^{6}$$]
	[image: $$2^{14}$$]
	[image: $$2^{36}$$]
	[image: $$2^{108}$$]
	[image: $$2^{352}$$]
	[image: $$2^{1182}$$]
	[image: $$2^{4116}$$]

	# RS bent
	8
	48
	15104
	−
	−
	−
	−

	# SD
	20
	42896
	104960
	−
	−
	−
	−





More information about Boolean functions can be found in, e.g., [2, 17].


3 Related Work
Many works consider the design of Boolean functions with metaheuristics. The first such works can be traced to more than 25 years ago [22]. Since balanced Boolean functions have direct applications in cryptography, they were considered before bent Boolean functions. Indeed, we can trace the first application of evolutionary algorithms to evolve bent Boolean functions to 2003 [8]. Yang et al. used evolutionary algorithms and the trace representation of Boolean functions to evolve bent Boolean functions [32]. Hrbacek and Dvorak used Cartesian Genetic Programming to evolve bent Boolean functions up to 16 variables [10]. The authors investigated various configurations of algorithms to speed up the evolution process. Since the size of the search space and the cost of evaluating individuals are common difficulties when evolving Boolean functions, this approach allowed better results than related works. Picek and Jakobovic used genetic programming to evolve algebraic constructions that are then used to construct bent Boolean functions [25]. The authors provided results of up to 24 variables. Since the constructions in the evolution process are evaluated for small sizes only, this approach avoids the computational bottleneck connected with large Boolean functions. Following a similar approach, Mariot et al. used evolutionary strategies to evolve a secondary construction based on cellular automata for quadratic bent functions [20]. Husa and Dobai used linear genetic programming to evolve bent Boolean functions and provided results up to 24 inputs [11].
Stănică et al. used simulated annealing to evolve rotation symmetric Boolean functions [30]. To our knowledge, this is the first work that considers metaheuristics and rotation symmetric Boolean functions. Kavut and Yucel used a steepest-descent-like iterative algorithm to construct imbalanced Boolean functions in 9 variables where the authors considered the generalized rotation symmetric Boolean functions [14]. Liu and Youssef used simulated annealing to construct balanced rotation symmetric Boolean functions [16]. Wang et al. employed genetic algorithms to construct rotation symmetric Boolean functions [31]. Carlet et al. investigated several evolutionary algorithms to evolve balanced and bent rotation symmetric Boolean functions [3]. They concluded that using the bitstring or floating-point representation works better than the symbolic one, which opposes common results when evolving general bent functions.
To our knowledge, there is one work that considers metaheuristics and self-dual functions. Carlet et al. used several evolutionary algorithms and showed it is possible to evolve (anti)-self-dual bent functions for Boolean functions up to 16 variables [4]. They concluded that symbolic encoding works better than the bitstring one and that the problem does not seem more difficult than evolving general bent functions (despite self-dual functions being much rarer).
Besides these subsets of bent functions, related works show that the community investigated several more options. For instance, Picek et al. considered evolving quaternary bent Boolean functions, which are a generalization of bent (binary) Boolean functions [27]. Mariot et al. used evolutionary algorithms to evolve hyper-bent Boolean functions [18]. Hyper-bent Boolean functions are a subclass of bent Boolean functions that achieve maximum distance from all bijective monomial functions. Mariot and Leporati used a genetic algorithm to evolve semi-bent Boolean functions by spectral inversion where the solutions are encoded with the Walsh-Hadamard spectrum [19]. For a recent overview of metaheuristic approaches for the design of Boolean functions, we refer readers to [7].

4 Methodology
4.1 Solution Encodings
Bitstring Encoding. The most common option for encoding a Boolean function is the bitstring (BS) encoding [7], which commonly represents the truth table of a Boolean function. For a Boolean function with n inputs, the truth table is coded as a bit string with a length of [image: $$2^n$$]. However, for rotation symmetric Boolean functions, the number of truth table entries to be coded is lower and is specified in Table 1. For each evaluation, the bitstring genotype is first decoded into the full Boolean truth table (which is trivial since we know the orbits), after which we transform it into the Walsh-Hadamard spectrum and, finally, calculate the nonlinearity property.
Floating-point Encoding. The second approach to representing a Boolean function is the floating-point genotype, defined as a vector with continuous variables. This requires defining the translation of a vector of floating-point numbers into the corresponding genotype, which is then translated into a complete truth table (binary values). The idea behind this translation is that each continuous variable (a real number) of the floating-point genotype represents a subsequence of bits in the genotype. All real values in the floating-point vector are restricted to the interval [0, 1]. If the genotype size is [image: $$g_n$$], the number of bits represented by a single continuous variable of the floating-point vector can vary:[image: $$\begin{aligned} decode = \frac{g_n}{dimension}, \end{aligned}$$]

 (6)


where the parameter dimension denotes the floating-point vector size (number of real values). This parameter can be modified if the genotype size is divisible by its value. The first step of the translation is to convert each floating-point number to an integer value. As each real value must represent decode bits, the size of the interval decoding to the same integer value is given as [image: $$interval = \frac{1}{decode}$$]. To obtain a distinct integer value for a given real number, every element [image: $$d_i$$] of the floating-point vector is divided by the calculated interval size, generating a sequence of integer values as [image: $$nt\_value_i = \lfloor * \rfloor {\frac{d_i}{interval}}.$$] The final translation step involves decoding the integer values into a binary string that can be used for evaluation. From there, we calculate the Walsh-Hadamard spectrum and nonlinearity. For further details on using floating-point representation for evolving rotation symmetric Boolean functions, see [3].

4.2 Fitness Functions
To evolve bent Boolean functions, one only needs to check that the maximal absolute value in the Walsh-Hadamard transform equals [image: $$2^{\frac{n}{2}}$$] (see Eq. (2)). For self-dual functions, each Walsh-Hadamard coefficient must not only be equal to this absolute value: considering Eq. (5), its sign must agree with the corresponding output value in the function’s truth table. For instance, if [image: $$f(a) = 0$$] for [image: $$a \in \mathbb {F}_2^n$$], the corresponding coefficient [image: $$W_f(a)$$] in the Walsh-Hadamard transform must assume the value of [image: $$+2^{\frac{n}{2}}$$], and [image: $$-2^{\frac{n}{2}}$$] otherwise; for anti-self-dual functions, the previous values are inverted.
Therefore, our first fitness function (denoted by [image: $$fit_1$$]) counts the number of entries in the Walsh-Hadamard transform whose absolute value is equal to [image: $$2^{\frac{n}{2}}$$] and whose sign matches the corresponding output value in the truth table. Formally, given [image: $$f: \mathbb {F}_2^n \rightarrow \mathbb {F}_2$$], its fitness score under [image: $$fit_1$$] is defined as:[image: $$\begin{aligned} fit_1(f) = |\{a \in \mathbb {F}_2^{n}: \ W_f(a) = 2^{\frac{n}{2}}\cdot (-1)^{f(a)} \}| . \end{aligned}$$]

 (7)


Since the number of entries in the Walsh-Hadamard transform is equal to the truth table size ([image: $$2^n$$]), the range of this fitness function is [image: $$[0, \dots , 2^n]$$], where [image: $$2^n$$] denotes the optimal value that corresponds to a self-dual bent function.
The second fitness function we employ takes a closer look into the deviation of each Walsh-Hadamard entry from the desired value. Apart from the number of correct values, as evaluated by [image: $$fit_1$$], we sum the absolute differences (from either [image: $$2^{\frac{n}{2}}$$] or [image: $$-2^{\frac{n}{2}}$$]) of every incorrect coefficient, and divide the sum with the product of the maximal possible difference ([image: $$2^{\frac{n}{2}}$$]) by the total number of entries ([image: $$2^n$$]). Consequently, the deviation part is normalized in [0, 1], and its difference from 1 is simply added to the number of correct entries computed through [image: $$fit_1$$]. Hence, the fitness score of [image: $$f: \mathbb {F}_2^n \rightarrow \mathbb {F}_2$$] under [image: $$fit_2$$] is formally defined as:[image: $$\begin{aligned} fit_2(f) = fit_1(f) + \left[ 1 - \frac{\sum _{a \in \mathbb {F}_2^n} \left| 2^{\frac{n}{2}}\cdot (-1)^{f(a)} - W_f(a)\right| }{2^n \cdot 2^{\frac{n}{2}}} \right] . \end{aligned}$$]

 (8)


The integer part of [image: $$fit_2$$] always equals the value obtained with [image: $$fit_1$$]. In particular, when the normalized sum of the deviations is 0 (that is, we reached an optimal solution), the difference from 1 is not added to [image: $$fit_1$$]. Thus, the optimal fitness value for [image: $$fit_2$$] is the same as [image: $$fit_1$$], i.e., [image: $$2^n$$].
In the experiments, both of these fitness functions are used for both self-dual and anti-self-dual bent functions. Note that since our search is constrained to the rotation symmetric functions space only, the fitness functions do not need to add any constraints regarding it. Finally, we note that one can efficiently calculate the Walsh-Hadamard spectrum by using the fast Walsh-Hadamard transform (butterfly algorithm of complexity [image: $$n2^n$$]).

4.3 Algorithms and Parameters
Bitstring Encoding. For bitstring encoding (denoted by TT), we employ a steady-state selection with a 3-tournament elimination operator (denoted by SST). In each iteration of the algorithm, three individuals are chosen at random from the population for the tournament, and the worst one in terms of fitness value is eliminated. The two remaining individuals in the tournament are used with the crossover operator to generate a new child individual, which then undergoes mutation with individual mutation probability [image: $$p_{mut} = 0.5$$]. The mutated child replaces the eliminated individual in the population.
We use the simple bit mutation and the shuffle mutation. The simple bit mutation inverts a randomly selected bit, and the shuffle mutation shuffles the bits within a randomly selected substring. We used one-point and uniform crossover operators. The one-point crossover combines a new solution from the first part of one parent and the second part of the other parent with a randomly selected breakpoint. The uniform crossover randomly selects one bit from both parents at each position in the child bitstring that is copied. Each time the evolutionary algorithm invokes a crossover or mutation operation, one of the previously described operators is randomly selected.
Floating-point Encoding. When FP encoding is used, one can vary the number of bits a single FP value will represent (decode, Eq., (6)). Based on related work [3], all FP-based algorithms use the same setting with [image: $$decode = 3$$]. The floating-point representation can be used with any continuous optimization algorithm, which increases its versatility. In our experiments, we investigated the following algorithms: Artificial Bee Colony (ABC) [13], Clonal Selection Algorithm (CLONALG) [1], CMA-ES [9], Differential Evolution (DE) [24], Optimization Immune Algorithm (OPTIA) [6], and a GA-based algorithm with steady-state selection (GA-SST), which is also used with TT and whose behavior is described above. With this encoding, the GA uses arithmetic, average, BLX-[image: $$\alpha $$], heuristic, local, flat, one-point, and SBX crossover [26], as well as simple mutation (generates a random number from the given interval). Additionally, we employed an experimental algorithm based on the GA-SST selection scheme with the Hooke-Jeeves pattern search as a local search operator, denoted by Genetic Hooke-Jeeves (GHJ). Due to lack of space, we do not provide parameter values for all the algorithms but note we used the ECF software framework2 with default parameter values [12]. All algorithms use the same stopping criterion of [image: $$10^6$$] evaluations.


5 Experimental Results
First, we run exhaustive search for [image: $$n=4$$], which was trivial as there are only 20 self-dual bent functions (and 20 anti-self-dual functions). We then checked each of those functions if they are also rotation symmetric. We found 2 self-dual and 2 anti-self-dual functions when [image: $$n=4$$]. Table 3 summarizes all the results obtained through the experimental analysis. The table represents the maximum nonlinearity values obtained for each experiment in 30 executed runs. The results are separated into two main categories, depending on whether self-dual (SD) or anti-self-dual (ASD) functions evolved and whether the fitness function [image: $$fit_1$$] or [image: $$fit_2$$] was used. Each group provides the results for the TT representation with SST and the FP representation with different optimization algorithms.
The results demonstrate that the optimal result was obtained in every experiment for the smallest ([image: $$n=6$$]) problem size. However, for Boolean functions in 8 inputs, we see that in many cases, the optimal values are not obtained, especially for the anti-self-dual case, where the optimal value was not obtained even once. For larger problem sizes, no optimal solution was obtained. Until size 12, we see that using the TT representation resulted in better results than the FP representation. However, for sizes 14 and 16, we see a reverse trend since the FP representation resulted in better results. Regarding the FP representation, no algorithm consistently achieved the best results; however, in many cases, the GHJ and SST algorithms performed better than others. Finally, regarding the fitness function, there is, again, not a consistent trend among all the experiments, but it is safe to say that [image: $$fit_2$$] generally leads to better results.Table 3.The summary of the best-obtained experimental results. We denote self-dual functions with SD and anti-self-dual functions with ASD. The best results are in bold style.


	 	 	Rep.
	Alg.
	6
	8
	10
	12
	14
	16

	Self-dual (SD)
	[image: $$fit_1$$]
	TT
	SST
	64
	256
	385
	718
	910
	1504

	FP
	ABC
	64
	224
	288
	569
	875
	1536

	FP
	CLONALG
	64
	256
	355
	690
	896
	1584

	FP
	DE
	64
	224
	290
	498
	812
	1536

	FP
	GHJ
	64
	256
	308
	544
	896
	1532

	FP
	OptIA
	64
	224
	330
	630
	847
	1536

	FP
	SST
	64
	256
	376
	643
	973
	1768

	[image: $$fit_2$$]
	TT
	SST
	64
	256
	420
	708
	938
	1696

	FP
	ABC
	64
	216
	330
	606
	966
	1920

	FP
	CLONALG
	64
	256
	340
	660
	868
	1568

	FP
	DE
	64
	208
	307
	480
	770
	1432

	FP
	GHJ
	64
	256
	360
	680
	973
	2016

	FP
	OptIA
	64
	224
	278
	652
	910
	1576

	FP
	SST
	64
	256
	338
	678
	983
	1808

	Anti-self-dual (ASD)
	[image: $$fit_1$$]
	TT
	SST
	64
	224
	360
	708
	938
	1616

	FP
	ABC
	64
	176
	335
	528
	952
	1632

	FP
	CLONALG
	64
	224
	325
	648
	847
	1608

	FP
	DE
	64
	160
	270
	486
	910
	1456

	FP
	GHJ
	64
	224
	275
	558
	882
	1560

	FP
	OptIA
	64
	182
	305
	630
	854
	1648

	FP
	SST
	64
	224
	384
	660
	917
	1744

	[image: $$fit_2$$]
	TT
	SST
	64
	224
	362
	694
	868
	1744

	FP
	ABC
	64
	192
	310
	600
	924
	2032

	FP
	CLONALG
	64
	224
	332
	630
	931
	1568

	FP
	DE
	64
	160
	286
	459
	812
	1480

	FP
	GHJ
	64
	224
	305
	660
	952
	2064

	FP
	OptIA
	64
	184
	324
	606
	847
	1544

	FP
	SST
	64
	224
	309
	606
	1085
	1664





To better outline the differences between the methods, Figs. 1 and 2 represent the results obtained by the 30 algorithm executions in the form of box plots. For the FP representation, only the SST and GHJ algorithms were selected, as they generally performed better than the others. For problem size 6, the algorithms obtained the optimal value in almost all executions. However, for size 8, the algorithms have obtained this optimal value only in a few runs. The figures for the remaining sizes just confirm what was said previously about the results, that the TT representation performs better for problem sizes lower than 14 and that fitness function [image: $$fit_2$$] generally leads to better results than [image: $$fit_1$$].[image: ]
Fig. 1.Box plot results for problem sizes 6, 8, and 10


[image: ]
Fig. 2.Box plot results for problem sizes 12, 14, and 16



To further investigate whether the differences between the results are statistically significant, we have used the Kruskal-Wallis test with the Bonferroni correction method and Dunn’s post hoc test. The critical value was set to 0.05. For brevity, for the FP, only the results obtained by GHJ were used (since this method achieved among the best results). For [image: $$n=6$$], the tests demonstrate that there is neither a difference between the representations (TT against FP) nor a difference between the two fitness functions, both for self-dual and anti-self-dual functions. For problem sizes 8, 10, and 12, the statistical tests reveal that the results obtained by the FP representation are significantly worse than those obtained by the TT representation. On the other hand, sizes 14 and 16 demonstrate a reverse trend. In that case, the results obtained using the FP representation are significantly better than those obtained by the TT representation. Furthermore, for size 16 and the FP representation, the [image: $$fit_2$$] fitness function resulted in significantly better results.
Table 4 represents the execution times of the tested representations and fitness functions. For brevity, for the FP representation, only the execution times obtained by GHJ are presented in the table. All methods were coded in the C++ programming language using the ECF framework3. The experiments were performed on a Windows 10 PC with an AMD Ryzen Threadripper 3990X 64-core processor and 128 GB RAM. The table shows that for smaller problem sizes, all variants have the same execution time. However, as the problem size increases, we observe that the execution time of the FP representation increases more than the execution time of the TT representation. Regarding the difference between the two fitness functions, the results are not consistent. In some cases, the algorithm terminates faster when using the deviation function, and in some cases not. We postulate this happens as the deviation factor should allow more fine-grained evolution, but when solutions get stuck in local optima, the value may be too small to influence the evolution process (since nonlinearity can be even value only). Potentially, a local search that allows slightly worse solutions could be a mechanism to overcome this problem.Table 4.Execution times (in seconds) of selected experiments.


	 	 	Rep.
	6
	8
	10
	12
	14
	16

	SD
	[image: $$fit_1$$]
	TT
	2
	4
	13
	53
	90
	135

	FP
	2
	4
	18
	53
	240
	937

	[image: $$fit_2$$]
	TT
	2
	4
	13
	52
	65
	227

	FP
	1
	3
	10
	46
	294
	972

	ASD
	[image: $$fit_1$$]
	TT
	2
	5
	13
	51
	32
	274

	FP
	2
	5
	18
	53
	234
	956

	[image: $$fit_2$$]
	TT
	2
	5
	13
	56
	36
	153

	FP
	1
	4
	12
	48
	250
	1004





5.1 Limitations
The main limitation of our work is that we found rotation symmetric (anti)-self-dual bent functions in three dimensions only (4, 6, and 8 inputs). As such, while it is a good indication that such functions may exist for every n, more results are needed to confirm this. Moreover, from Table 2, we can see that for those sizes, it is possible to conduct an exhaustive search of rotation symmetric functions, and then, each such function can be checked if it is also bent and (anti)-self-dual. We note that it would not make sense first to try to find all (anti)-self-dual functions and then check which ones are rotation symmetric since then, we need to start from the search space of [image: $$2^{256}$$]. Another limitation (or, better said, trade-off) lies in the differences in the evolutionary algorithm performance considering different encodings. For rotation symmetric functions, bitstring and floating-point encodings work significantly better than the symbolic one [3], while the situation for the (anti)-self-dual function is the opposite [4]. As such, it would not necessarily make sense to consider the simultaneous evolution of rotation symmetric bent functions and (anti)-self-dual bent functions.

5.2 Future Work
Since this is the first work to consider the evolution of rotation symmetric (anti)-self-dual functions, and before it, it was not even known that such functions existed, there are multiple potential future research directions. First, our work considered the evolution of (anti)-self-dual functions within the space of rotation symmetric functions only. While the approach worked well for smaller sizes, it is unclear how difficult it is for the evolutionary process to converge from rotation symmetric functions to (anti)-self-dual bent ones. Thus, one option could be to first evolve (anti)-self-dual bent functions and then run an exhaustive search on those functions and check which ones are rotation symmetric. We believe this approach is more difficult than the one we followed, but it could result in different functions being obtained. Next, our evolutionary search considered several encodings and algorithms, but more thorough parameter tuning is possible, which could also result in successful results for larger n.
From the mathematical perspective, our results do not answer whether rotation symmetric (anti)-self-dual functions exist for every even n. If so, can we find an algebraic construction for it? The results we obtained could be used as the first step in the process of finding an algebraic construction. More precisely, one could take the truth tables of all obtained functions, translate them into their algebraic forms, and try to find some pattern that would allow a construction to be built.


6 Conclusions
In this work, we provide a novel problem and ask whether it is possible to construct rotation symmetric (anti)-self-dual bent functions. Our answer is affirmative, as we find such functions for several (consecutive) sizes. We also observe that bitstring representation works well for smaller sizes, while floating-point representation is better for larger sizes. Considering this is a new problem, there are various possible future work directions, and we hope our research will inspire the community to try to find more such functions and better understand their properties.
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Footnotes
1The algebraic degree [image: $$deg_f$$] of a Boolean function f is defined as the number of variables in the largest product term of the function’s algebraic normal form having a non-zero coefficient, see, e.g., [17]. The algebraic normal form is a unique representation where an n variable Boolean function can be considered to be a multivariate polynomial over [image: $$\mathbb {F}_{2}$$].
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7 end for
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Output: a solution in P for mutation
Process:

1: e —1x10719;

2: fori=1to |P| do

3:  x « the i-th solution in population P;
4:  probs[i] «— 1/{|e(z) — B| +¢)

5: end for

6: probs — Normalization(probs);

: Select « from P according to the probabilities probs
: return

o =
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Algorithm 1: Optimization Algorithm
Input : training data D = {Xi,Yi}fJ:l, learning rate 7, iteration Njter, batch
size N; batch;
Output: learnable parameter w. and wq
Initialize model parameter w. and wq;
for i «— 1 to Nijer do
for j « 1 to N/Npatch do
Sample a mini-batch;
Calculate the batch loss according to Eq. (16);
Compute gradient: Vw,® and Vawg®;
Update model: w. = we — n X Vw, (i);
wg = wg — 1 X Vwg®;

o bW N
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hood size); Fstage, and a (control parameters).
Output: P (the final population).

1: Generate a random population P = {x1,...,Xn};

2: Generate the set of weight vectors W = {w1,...,wn}, and assign T neighboring
subproblems for each subproblem (denote the neighborhood of the i-th subproblem
as Bi);

3: Set isUsed «— false;

4: for gen =1 to Gpqy do

5 for each subproblem (i =1,...,N) do

6: Select solutions from B; to generate the offspring o;;

7 if gen > 9staqe then

8 (P, flag) « IdentifyDRS (P, o;, T, a);

9 if flag = false then

10: Continue;

11: end if

12: end if

13: Update the B; with o;;

14: end for

15: if gen > 2 - ¥4104e and isUsed = false then
16: W «— AdjustWeights (P);

17: isUsed « true;

18: end if

19: end for
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Algorithm 1: HVGSA-EMOA

A more detailed pseudocode as well as the source code are provided in

https: //github.com/HisaoLabSUSTC/HVGSA-PPSN2024

1 Function HVGSA-EMOA(Algorithm, Problem)
/% Part O: parameter specification

2 (r, k, n, teamCap, rest) « (50, 10, 50, 5, 10)

3 Population « Problem.Initialization()

4 Archive.Store(Population)

5 ref «— Max(Population) x 1.1

6 while Algorithm.notTerminated() do

/* Part 1: team selection
7 team «— TeamSelection(Population)
/* Part 2: HVGSA
8 team «— HVGSA (team, rest, Archive)
/* Part 3: environmental selection
9 for i =1 to Size(team) do
10 | Population + Reduce(Population U {team;})
11 end
12 for i =1 to Problem.N — Size(team) do
13 Offspring + GenerateOne(Population)
14 Archive.Store(Offspring)
15 Population + Reduce(Population U {Offspring})
16 end
17 ref « max(Population) x 1.1

18 end

*/

*/

*/

*/
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Input: N tree-walks, initial state so, PW parameter pw, reference state constant ref
Output: A search tree

1: Initialize constraints from the CSP module

2: for i =1to N do

w

25:

27:
28:

s = 8o, S = {s}
sref = s
while s is not a leaf state and is not simulatable do > Tree-walk step
if n(s)® < |s.children| then > PW test, section 2.2
if n(sref) <=ref OR n(s) > ref then > GRAVE reference state test
sref = s
end if
for all a € s.children do > Compute GRAV E(s, a)
= e f.pAMAF+zT;-{-.5iI:;V>I<I:i FPAMAFXs.p > Eq. 2
grave = (1. — B) X s.mean + (8 x sref. AMAF > Eq. 1
end for
Select a = argmar{GRAV E(s,a) | a € s.children}
else
Sample a new action a from Acsp(s)
Add P(s,a) as a child node of s > P(s,a) is the transition function
end if
s = P(s,a), S = SU{s}
end while
while s is not a terminal state do > Simulation step

Sample a € Acsp(s) based on default policy
s = P(s,a), S = SU{s}

end while

score = evaluate(s)

for all s € S do > Backpropagation step
Update s with score >Eq.3& 4

end for

29: end for
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Algorithm  2:  FlipDecision Algorithm 3: Update Weights (w,

(parent, W, POIi]) z, W, N)
Data: parent, W, PO, i Data: w, z[N], W[N], N

1 rand « random(0,1); 1 for i — 0 to N do

2 if parent[POJi]] = 0 then 2 if x[i] = 0 then

3 | if rand > W[POi]] then 3 if W[i] >w then

4 return FALSE; 4 ) Wi] — Wi] — w;
5 else 5 £8€

6 return TRUE; 6 Wi < 0;

7 else 7 else

. 1<
8 | if rand > W[POJ{]] then 8 ik V‘;‘[}l,— i
9 return TRUE; 9 [ = Wil +w;
i 10 else

10 else 11 Wi — 1;
11 return FALSE; - i

12 return W;
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Algorithm 1. Multi-population Cognitive Evolutionary Search

Input: Training dataset of four types of lakes Ls, Lm, L1, Lx1, each lake has features
£+, simulated DO labels 4, 1P over T' days; operation set g.

1z

27:

Generate M’ via intra-population crossover in P.
Mutate M.

end for
while not converged do

for each P do
Optimize M’ with o 8'.
if mod(¢,7) = 0 then
Select the worst M.
Replace M in P with M’.
if mod(¢,ep x 7} # 0 then
Generate M’ via intra-population crossover.
Mutate M.
end if
end if
end for
if mod(¢,ep x 7} = 0 then
Choose (P4, Pg) either by task or lake type.

Generate (M4, M%) via inter-population crossover of P4, Pg.

for each P not in (P4,P5) do
Generate M’ via intra-population crossover.
end for
for each P do
Mutate M.
end for
end if

28: end while
29: return the set of best models M = argmin g, cp £(M,) from each population P.
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Algorithm 1: General framework of moRBC-WP.
Data: N, §
1 7+ 0; // Index of the elements in PO
2 steps + 0; // Counts the variables visited (flipped or skipped)
3 archive — 0; // Initializes an empty archive
4 parent — New random parent;
5 PO + Create new permutation order randomly;
6 W « Initialize weights at their default value of 0.5;
7 while termination criteria not fulfilled do
8 flip « FlipDecision(parent, W, POJi]); // Fig. la and Algorithm 2
9 if flip = TRUE then

10 child «— mutate(parent, POJi]);

11 if child > parent then // Child dominates parent

12 parent «— child;

13 steps +— 0;

14 W «— UpdateW eights(8, child, W, N); // Algorithm 3
15 else if parent > child then// Parent dominates child
16 delete child,;

17 W — UpdateW eights(8,parent, W,N); // Algorithm 3
18 else // Child and parent are non-dominated

19 archive «— UpdateArchive(child);

20 W «— UpdateWeights($, child, W,N); // Algorithm 3

21 steps + +;

22 i+ (i1+1)%N; // Circularly iterate to the next position in PO
23 W «— DecayWeights(W ,N);

24 if steps = N then // All bits in the parent have been visited

25 archive «— UpdateArchive(parent);

26 parent — restart(); // Restart strategy from moRBC
27 1+ 0;

28 steps + 0;

29 PO + Create new permutation order randomly;

30 W «— Reset weights to 0.5;

31 return archive;
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Input: P (the population).
Output: W (the set of weight vectors).

[uy

: p + Estimate a parameter via P for the PF shape [24];

R + Generate a set of uniformly distributed weight vectors;
w; <—1—wi1/p fori=1,...,m and every w € R;
W« 0,
for i =1 tom do
Wimp ¢— arg glel% W3
W — WU Winp;
R<R \ Wimp;
end for

: while [W| < N do

Wimp ¢ argmax {gélyrg, llw — VII2};

W — WU Wimnp;
R — R\ Wimp;

: end while
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Input: A the current archive, G the knowledge groups, L the learning set, and
de the number of groups to update.
Output: The updated knowledge groups.
S — Filter(L)
for z € S do
K « Extract(z)
G ={Gy,...,Gq,} « SelectGroups(G,d., )
Update(G, K)
L—90
return G
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Algorithm 2: Prediction
Input : candidate solution set X, model parameter w,. and wgq, number of
selected solutions k;

Output: selected subset S

Initialize S « 0;

for i — 1 to k do
Calculate the utility value for each solution in X\S according to Eq. (2);
Yy + argmazz;ex\sU(z;,S);
S—Suy

W N =
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Algorithm 1: CluSO

Input: objective number: m; problem dimension: d, solution number: k;
swarm size: s; iteration number: T'; learning parameters: «, 5;
Output: global best MaCS: X9'°.
Randomly initialize the sets of position and velocity vectors:
P,V « InitPV(s,d);
Get the set of objective embeddings based on the objective values of all position
vectors in P: E «— ObjEmb(P, m);
Initialize the set of objective clusters using the k-means clustering algorithm:
C « ObjClu(E, k);
Initialize the current best and global best MaCSs: X%, X9'° « InitX (P, C);
fort=1to T do
Update P and V: P,V « UpdatePV(P,V, X" X9° C, a, B);
Update X“*": X°*" « UpdateX C(P,C);
Update X9'°: X9° « UpdateXG(X ", X9'°);
Update C: C « UpdateC(X9'°);
end
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Py =P
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centre = MIDDLE_ POINT (Z[Wstart], Z[Wend])
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for nodey;; € radius do
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return P
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5 while { < {4, do
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Dt = {0, u Wi
9 end
10 Build a forward MTGP model N (e (X)), 0Fme (x)) using UL, Dick
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13 Build an inverse MTGP model N (imt,; (wk* ), Ot i (wk*))) using
{D{, ..., D%} for the j-th decision variable
14 end
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