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ABSTRACT

This paper proposes Extreme Learning Surrogate assisted
Asynchronous ~ Multi-Objective  Optimization Based on
Decomposition (AELMOEA/D) that multi-objective
optimization problems with expensive and different evaluation
time by integrating a surrogate evaluation model and an
asynchronous evolution method. Extreme Learning Surrogate
assisted Multi-Objective Optimization Based on Decomposition
(ELMOEA/D), which is a surrogate-assisted MOEA/D, was
proposed to reduce the number of actual evaluations, while
asynchronous evolution methods were proposed to reduce the
waiting time for evaluation of solutions in a parallel evolutionary
algorithm. This paper employs ELMOEA/D as a surrogate
assisted EA and introduces an asynchronous manner into it. Our
experiment proves that our proposed AELMOEA/D can obtain
optimal solutions faster than ELMOEA/D without performance
deterioration.
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1 INTRODUCTION

Evolutionary Algorithm (EA) has been applied to many real world
problems such as engineering design from the viewpoint of
versatility and high search performance [1]. In general EAs, many
solution candidates are generated through the optimization
process, and their evaluation values are obtained. When applying
EAs to real world problems, since the evaluation time of solutions
is expensive, enormous calculation time is required to obtain the
optimal solution. To tackle this problem, parallel EAs have been
proposed by many researchers. However, the evaluation time of
solution may differ from each other when the evaluation time of
solution is expensive. In such situation, the conventional parallel
EAs waste a lot of computational time because they evolve
solutions by waiting for the evaluation of all solutions in the
population and it is necessary to wait for the slowest evaluation.
To overcome these problems caused by the evaluation time of
solutions in optimization problems,
approaches, one is a surrogate assisted EA, while another is an
asynchronous evolution.

In the previous researches, several surrogate assisted methods
have been proposed such as ParEGO [2], MOEA/D-RBF [3] and
ELMOEA/D [4]. A surrogate assisted EA constructs a surrogate
evaluation model from already evaluated solutions by using
machine learning techniques, and generates promising solutions
by some optimizers like EAs or other methods based on a
generated surrogate model. For example, in the ELMOEA/D, the
surrogate evaluation model is generated by Extreme Learning
Machine (ELM) [5], which is a kind of machine learning method.
ELMOEA/D generates promising solutions by using Multi-
Objective Evolutionary Algorithm based on Decomposition
(MOEA/D) [6], which is one of the most powerful multi-objective
EA, with a surrogate evaluation model constructed by ELM. Since
the evaluation time of a generated surrogate model is extremely
shorter than actual evaluation time and actual evaluations are
applied only to the promising solutions, a surrogate assisted EA
can reduce the computational time of optimization.

On the other hand, an asynchronous EA was proposed to
reduce waiting time of computational nodes in a parallel

there are two recent
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computational environment. Concretely, an asynchronous EA
continuously generates a new solution without waiting for other
solutions, unlike conventional synchronous approaches need to
wait for evaluations of all solutions in a population. Asynchronous
EAs can efficiently evolve solutions with different evaluation time
since the evolution continues without waiting for other solutions
with long evaluation time. For example, asynchronous particle
swarm optimization (APSO) [7] and asynchronous differential
evolution (ADE) [8] were proposed as methods extending
conventional synchronous EAs to asynchronous ones.

Although the effectiveness of these two approaches was

revealed, they cannot solve both problems regarding the
computation time of solutions. A surrogate assisted EA cannot
deal with the difference of the evaluation time in a parallel
environment, while an asynchronous EA has limited ability to
reduce actual evaluation time. Toward this problem, this research
aims to reduce both evaluation time and waiting time in a parallel
environment. To achieve this goal, we explore an integration of a
surrogate assisted approach with an asynchronous approach.
Concretely, in our approach, promising solutions are generated
based on a surrogate model, then they are evaluated in a parallel
environment and a new solution is generated whenever an actual
evaluation of any solution completes as an asynchronous manner.
As an application of an integration of surrogate assisted and
asynchronous approach, we propose an extreme learning surrogate
assisted asynchronous multi-objective evolutionary algorithm
based on decomposition (AELMOEA/D), which is a multi-
objective EA integrating ELMOEA/D as a surrogate assisted EA
with an asynchronous approach. To investigate the effectiveness
of as the proposed AELMOEA/D, we conduct the experiment that
compares our proposed AELMOEA/D with existing ELMOEA/D
by using the ZDT, MOP benchmarks.
The remaining of this paper is organized as follows. Section II
shows related works regarding surrogate assisted EA and
asynchronous EAs. Section III explains the proposed
AELMOEA/D. Section IV conducts the experiment to compare
the proposed and the previous methods on MOP benchmarks and
shows their result. Finally, Section V concludes this research and
shows future work.

2 RELATED WORK

2.1

Multi-objective Optimization Problem (MOP) is a problem of
minimizing or maximizing k mutually competing objective
functions f(x) (Eq. (1)) [9].

{ min fx) = {fi(%), (), -, fi G}

Subjectto: x4 < xg <xygq (d=1,---,Np)
X = (Xy,"*,Xyp,) 18 @ D dimensional solution. x; 4, Xy, are

Multi-objective optimization problem

(1

lower or upper bounds of d** variable. f:Q — R¥ is a vector
having several objective functions and maps the decision variable
space Q to the objective space.

In MOPs, it is difficult to obtain a single solution when each
objective function is in a trade-off relationship. Therefore, the

2
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goal of MOPs is to achieve the Pareto optimal solution set. The
Pareto optimal solution set is defined with the dominance
relationship of solutions in MOPs. The definition of the
dominance relationship of solutions in the case of minimization of
MOP is denoted as follows: When two solutions X, y satisfy Vj €
{1, ki) < fi(y)andIm € {1, -, k}: £, (%) < fn(¥), it is
said that X dominates y (x < y). The Pareto optimal solution set
consists of solutions that are not dominated by any other
solutions.
2.2 Multi-Objective Evolutionary Algorithm
Based on Decomposition (MOEA/D) [6]

MOEA/D is a multi-objective evolutionary algorithm that
decomposes MOP into many scalar optimization sub-problems
based on an aggregation function with the weight vector
uniformly distributed in the objective space as shown in Fig. 1.
Solutions are arranged on each weight vector direction, and a
single objective search is performed locally. For each weight
vector, it is possible to search uniform and diverse Pareto solution
set on the objective space while maintaining the solution selection
pressure by limiting the genetic operation within the
neighborhood. The algorithm of MOEA/D is as follows:
1.  Initialization

i Generate weight vectors 4; spread uniformly
(i=1,,N)
Explore a neighborhood set B (i) of weight vector 4;
Generate an initial population X4, -*+, Xy

ii.
iii.

2. Update
i Select two parents randomly from B (i)
il. Generate offspring by using the genetic operators
ii. Update reference point z*:
. . T .
(z= [mm(f1 (x)) I mln(fk(x))] , k is the
number of objective functions.)
iv. Update solutions using an aggregation function
9|4, z)
3. Stopping Criteria

If stopping criteria are satisfied, the search is terminated.
Otherwise, return to Step 2.
Although several aggregation functions were proposed, this
research employs the Penalty Boundary Intersection (PBI)
aggregation function. PBI is defined as (Eq. (2)):

( gxlw,z) = d, + 0d,

{ e — 2wl

L Tl

Ld, = If0) — (z + dyw)ll,

@

where 0 is the user defined parameter.

23 Extreme Learning Surrogate Models in
Multi-Objective Optimization Based on
Decomposition (ELMOEA/D)

ELMOEA/D is a kind of MOEA with a surrogate evaluation
model. ELMOEA/D employs extreme learning machine (ELM) as
a surrogate evaluation model and generates promising solutions
by using MOEA/D on a constructed ELM model. MOEA/D-DE is
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PRI

minimize

Figure 1: A concept of MOEA/D

employed in ELMOEA/D, which uses operators from Differential
Evolution (DE), in particular DE/rand/1/bin, to generate new
solutions based on two control parameters: F and CR. Since the
surrogate evaluation model can estimate the evaluation value in
shorter time than actual evaluation time and actual evaluation
value is calculated only for promising solutions generated by
MOEA/D with the surrogate evaluation models, ELMOEA/D
significantly reduces the optimization time by reducing the
number of actual evaluations.

In their research, ELMOEA/D was compared with
conventional surrogate assisted MOEAs (MOEA/D-RBFens and
ParEGO) and MOEA/D-DE. From a set of 47 benchmark
problems, ELMOEA/D obtained the best results for 30
benchmarks and was statistically equivalent to the best algorithm
in other 8 benchmarks. ELMOEA/D showed promising results in
MOP benchmarks with twice the decision variables commonly
used in the literature. This is because ELM has ability to estimate
the evaluation value even in the high dimensional decision
variables.

The following subsections explain the detail of ELM and
ELMOEA/D.

2.3.1 Extreme Learning Machine (ELM) [5]. ELM is a kind
of the machine learning technique. ELM is constructed as a Single
Layer Feed Forward Neural Network (SLFN) with K hidden layer
neurons and the activation functions g(w,X,b). As the most
interesting feature of ELM, the hidden layer parameters are
randomly assigned and do not need to be adjusted, while the
output weight are only adjusted as follows from N distinct
samples of n dimensional inputs X; with m dimensional outputs
tiZ

Input: N distinct samples (x;, t;)

(x; = [xin, Xz, xin]T € Rt = [ty tig, -+ ti]” € R™)
1. Randomly assign input weight w; and bias b;, (i=1,":-,K)
2. Calculate the hidden neurons outputs H by Eq. (3)
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Figure 2: The flow of ELMOEA/D

H= {hij} (i=1-,Nandj=1,-,K)
{ = g(wj,x;, b)) ©)
3. Calculate output weight 8 Eq. (4)
B=H'T @

H' is the Moore-Penrose generalized inverse of matrix H
[10]. T = [ty, -+, ty] T is the matrix of desired outputs.

The advantages of ELM include the following:
ELM can prevent over-learning since the output weight is
the only parameter to be learnt.
It does not assume the differentiability for the activation
function.
Only one parameter, the number of hidden layers K, should
be manually set by the user.
Iterative processing is not necessary since the output weight
is uniquely determined. Therefore, the learning time is fast.

Sigmoid (SIG), Gaussian (GAU) and Multiquadric (MQ) are used
mainly as the activation functions of ELM. Three activation
functions are defined as follows:

®  Sigmoid (SIG):

1
gsic(W,x b) = 1+ exp(—(w-x+ b)) ®)
®  Gaussian (GAU):
86au(W,x,b) = exp(—bllx — wl|?) (6)

®  Multiquadric (MQ):

guo(W,x,b) = (llx — wl|? + b?)1/2 @



GECCO ’17 Companion, July 15-19, 2017, Berlin, Germany

W,

W —

Bs(wg2) = {ws, we, wy, wg)

P
TN, 3
Wiz We3

Figure 3: Relationship diagram of MOEA/D weight vector
and selector set

2.3.2 ELMOEA/D. Figure 2 shows the flow of ELMOEA/D.
The left side of this figure shows the process with the actual
evaluation, while the right side shows the optimization process on
the constructed surrogate model. The algorithm of ELMOEA/D is
as follows:

1. [Initialization of population, training set, and selector set

Initial population of MOEA/D (P°) and ELM's initial
training set ( P ) are generated by Latin Hypercube
Sampling (LHS) [11]. LHS can generate various solution
sets within the range of solutions set for each problem. All
initial solutions are evaluated with actual evaluation.

Selector weight sets to select promising solutions are
collected. Each selector weight vector wg € Wy (Number:
Ny) is associated with a subset of the weight vector W of
MOEA/D, By(Wsy) = {Wn1, -, Wni } (Ks = N/Ng). As
shown in Fig. 3, K; neighbor vectors of each selector vector
are selected from weight vector W of MOEA/D and are
associated in B (ws'n).

2. Construction of surrogate evaluation model

The surrogate evaluation model is constructed by learning
the output weight of ELM using training set ;Y. For the
activation function of ELM, we select the one with the
smallest mean square error (MSE) out of models using
sigmoid function, Gaussian function, Multiquadric function.
In this procedure, the original expensive function f is
transformed into an evaluation function f, having a low
calculation cost.

3. Optimization with MOEA/D on the constructed surrogate
model

The population is optimized up to the maximum number of
generations (G generation) with MOEA/D while evaluating
with alternative evaluation model f, constructed in Step 2.

4. Selection of Ny solutions to be actually evaluated (promising
solutions)

From the population P¢ optimized up to the Gth generation,
promising solutions are selected based on the weight vectors
of selector set W. The fitness of solutions belonging to
B;(wsy) is calculated using aggregate function (PBI is
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used) based onw,; € B;(Ws,). Among them, the best
solution is selected as a promising solution belonging to the
selector vector wy, ;. This process is performed for each
weight vector set and totally N; solutions are selected for the
actual evaluation.

5. Update population and training set

Apply actual evaluation to all selected solutions and add
them to the population P9*! and select next training set
Pthr1 from the evaluated N solutions and the previous
training set Ptg .

6. Reconstruction of MOEA/D population

If the number of the non-dominated solutions is larger than
the size of the population, the initial population for
MOEA/D is randomly selected from the non-dominant
solutions, and if it is not enough, it is generated by LHS.

7. Repeat Step 2 to 6 until the stopping criteria.

2.4 Asynchronous EA

Since conventional parallel EAs generate solution candidates for
next generation by evaluating all solutions, they need to wait for
completing the slowest evaluation. Therefore, in the case that the
optimization problem having different evaluation times, they
waste much idling time to wait for the end of the slowest
evaluation even if other solutions complete their evaluations
quickly. To overcome this problem, some recent researches
proposed asynchronous EAs that asynchronously evolve solutions
without waiting for the evaluation of other solutions. The general
procedure of the asynchronous EA is as follows:

Initial population generation

Parallel solution evaluation

When evaluation of a solution is completed

A)  Survival selection of solution

B) Generate children from the evaluated solutions
C)  Start evaluation of children

Asynchronous particle swarm optimization (APSO) [7] and
asynchronous differential evolution (ADE) [8] are proposed as an
extension of conventional synchronous EAs to asynchronous
ones. APSO is an asynchronous extension of Particle Swarm
Optimization (PSO) [12]. Synchronous PSO obtains all the
evaluation values of all particles and then updates the best
position gpes: of the whole group. On the other hand, APSO
sequentially updates gpes; every time the evaluation of each
particle is completed. ADE is an asynchronous extension of
differential evolution (DE) [13]. In ADE, every time evaluation of
each solution is completed, child solutions are generated without
waiting for evaluation of other solutions and executes survival
selection every time evaluation of each solution is completed.

The advantage of an asynchronous EA is that there is no
waiting time because it does not wait for all solution evaluations.
However, if the actual evaluation time itself of the solution is
expensive, the ability of an asynchronous EA to reduce the
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computational time for optimization cannot be expected even if
the waiting time is reduced.

3 EXTREME LEARNING SURROGATE
ASSISTED  ASYNCHRONOUS  MULTI-
OBJECTIVE OPTIMIZATION BASED ON
DECOMPOSITION (AELMOEA/D)

3.1

Although the effectiveness of these two approaches, the
surrogate model EAs and asynchronous EAs, was revealed, they
cannot solve both problems regarding the computation time of
solutions. Concretely, a surrogate assisted EA reduces the number
of actual, computationally expensive fitness evaluation by
generating promising solutions with a surrogate model, while it
cannot deal with the difference of the evaluation time in a parallel
environment. On the other hand, an asynchronous EA has limited
ability to reduce actual evaluation time.

Toward this problem, this research aims to reduce both
evaluation time and waiting time in a parallel environment by
integrating a surrogate approach and an asynchronous approach.
Toward this aim, we propose Extreme Learning assisted
Asynchronous MOEA/D (AELMOEA/D) that introduces the
asynchronous evaluation to ELMOEA/D. In AELMOEA/D,
solutions are evaluated in a parallel, master-slave computational
environment, and a promising solution is asynchronously
generated on the ELM surrogate evaluation whenever fitness
evaluation of one solution completes.

Overview

3.2 The algorithm of AELMOEA/D

To apply an asynchronous approach to ELMOEA/D,
AELMOEA/D must select only one solution from solutions
optimized by MOEA/D on the surrogate search space, unlike the
original ELMOEA/D selects Ny solutions based on the weighted
vector of selector set. In this research, the proposed
AELMOEA/D selects one selector set in order, and chooses one
solution within the selected selector set according to fitness value
calculated by an aggregation function.

Figure 4 shows the flow of AELMOEA/D. The procedure of
AELMOEA/D is as follows:

1. [Initialization of population, training set, and selector set

Construction of surrogate evaluation model

3. Optimization with MOEA/D on the constructed surrogate
model
4. i=1i+1mod N;
5. Selection promising solution(s):
i. If first generation: Select N solutions as same as
ELMOEA/D

il. Otherwise: The ith (initial value of i = 1) selector set
Bg(ws;) is selected to choose a current promising
solution. The fitness of solutions belonging to

Bg(ws;) is calculated using an aggregate function
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Figure 4: The flow of AELMOEA/D

(PBI is used) based on w,; € B;(wg;). Among them,
the best solution is selected as a promising solution.

6. Update population and training set
7. Reconstruction of MOEA/D population
8. Repeat Step 2 to 7 until the stopping criteria.

In this flow, Steps 1, 2, 3, 6, 7, and 8 are same as the original
ELMOEA/D, while Steps 4 and 5 are modified for an
asynchronous evolution. In Step 5, since all slave nodes initially
idle at first as described in Step 5-i, N solutions are selected and
sent to slave nodes, while after that, a promising solution is
generated whenever one solution evaluation completes as
described in Step5-ii.

By simplifying the objective function using the surrogate
evaluation model, it is possible to reduce the number of actual
evaluations that could not be reduced by an existing asynchronous
EA. In addition, it is possible to reduce the waiting time of
computational nodes that has occurred in ELMOEA/D by making
the evaluation asynchronous.

4 EXPERIMENT

4.1 Overview

To verify the effectiveness of our proposed AELMOEA/D, we
conduct the experiment to compare AELMOEA/D with the
original ELMOEA/D. The target problem is the ZDT test suite
[14] of the two-objective minimization benchmark problems. The
design variable is 30 dimensions for of ZDT1 and ZDT2, while 10
dimensions for ZDT3, ZDT4, and ZDTS6.

Hypervolume (HV) [15] is used as the evaluation indicator of
the obtained Pareto solution set in this experiment. We assess two
methods from the viewpoint of the search ability, the
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computational time, and the convergence speed. The search ability
is assessed according to the median HV of 25 independent trials
after the maximum number of actual evaluations, while the
computation time to complete the maximum number of actual
evaluations is compared in both methods. The convergence speed
is assessed by comparing the computational time until when the
median of HVs in 25 trials reaches to a certain percentage of the
maximum HV of each ZDT benchmark. Note that the
convergence speed is assessed with 90% for ZDT1, 75% for
ZDT2, 85% for ZDT3 and ZDT6, 60% for ZDT4. These
percentages are determined according to the result of
AELMOEA/D where it achieves HV of given percentage in all 25
trials.

In this experiment, we use the pseudo master-slave parallel
computing environment that refers the computational time model
proposed in the previous research [16].
evaluation of any solutions is performed in t,, (time units) on any
distributed slave nodes, while the sequential computation tasks
(i.e., ELM learning and MOEA/D optimization on the surrogate
evaluation) are performed in t (time units) (<< t,) on the master

Concretely, the fitness

node in order to create a new solution. ¢, is a degree of the
variance of evaluation time, and solution evaluation time is
determined according to the normal distribution with the mean ¢,
and the standard deviation t, Xc, if ¢, > 0.

4.2 Parameter

The following parameters of ELMOEA/D and AELMOEA/D are
used in this experiment, which are the same as those in [4]:
® Number of selector weights (Ns): 10
® Training set size: 10N
(Np: the number of decision variables of the problem)
Initial minimum distance (¢): 0.001
The number of generations (G): 100
Population size (N): 100
Neighborhood selection probability (§): 0.9
PBI penalty (8): 5
DE scaling factor (F): 0.5
DE crossover rate (CR): 1.0
Polynomial mutation rate (p,,): 1/Np
Number of hidden neurons (Ny): 2Np + 1
Activation Function (4): {SIG, MUL, GAU}
Regularization parameter (C): {275, 20, 25}
Maximum number of actual evaluations (Ng): 2000
while the following settings for the pseudo master-slave parallel
environment are used:
The number of slave nodes: 10 (= Ny)
Mean solution evaluation time (t,): 1000
Master node operation time (tg): 1
The variance of evaluation time (¢, ): {0.02, 0.05, 0.1, 0.2}
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4.3 Result

TABLE I shows the median HV value after the maximum actual
evaluation number (“HV” column in TABLE I), the calculation
time to obtain the defined percentage of the maximum HV of each
ZDT benchmark (“Convergence time” column in TABLE I), and
the total calculation time to evaluate the maximum number of
actual evaluations (“Total time” column in TABLE 1) in the
proposed AELMOEA/D and the previous ELMOEA/D. Values in
parentheses indicate the standard deviation in “HV” and “Total
time” columns and the number of trials that reach to the defined
percentage of the maximum HV of each ZDT benchmark in 25
independent trials (maximum 25). The bold style in TABLE I
indicates that this value is significantly better than another, while
“*” marks indicate that the significant difference between two
methods is found by the Wilcoxon rank sum test with 5% of
significance level (marked with “*”) or 1% of significance level
(marked with “**”),

First, according to “HV” column in TABLE I, it is confirmed
that the median values of HV in AELMOEA/D and that in the
previous method are not significantly different according to the
Wilcoxon rank sum test in ZDT1 with ¢, = 0.1, ZDT2 with all
¢y, ZDT3 with ¢, = 0.05,0.2, ZDT4 with ¢, = 0.05,0.1, and
ZDT6. On the other hand, the median value of the HV value of
the previous method is significantly higher than that of the
AELMOEA/D with 1% of the significance level in ZDT1 with
¢y = 0.02,0.05,0.2 and ZDT3 with ¢, = 0.02,0.1, though in
other cases, the median value of the HV value of AELMOEA/D is
significantly higher than that of the previous method with 5% of
the significance level. Therefore, it is revealed that AELMOEA/D
achieves the equivalent performance to the existing method in the
same number of actual evaluations, but in some case the
asynchronous manner gives negative influence on the search
ability of ELMOEA/D.

“Convergence time” column in TABLE I, on the other hand,
shows that AELMOEA/D has a shorter calculation time to reach
the defined percentage (90% for ZDT1, 75% for ZDT2, 85% for
ZDT3 and ZDT6, 60% for ZDT4) of the maximum HV in
problems than the previous method regardless of the degree of the
variance of solution evaluation time c,,, except for ZDT4. This is
because waiting time for solution evaluation was reduced by
introducing asynchronous evolution method to ELMOEA/D. In
AELMOEA/D, the calculation time to reach 60% is longer in
ZDT4, but almost trials achieve 60% of Pareto solution, in
contrast to ELMOEA/D that fails some trials. In addition, the
median value of the HV value of AELMOEA/D is higher than
that of the previous method in ZDT4. Therefore, it can be
indicated that the performance has improved in AELMOEA/D.

According to “Total time” column in TABLE 1, it is indicated
that AELMOEA/D has a shorter computation time to reach the
maximum number of actual evaluations in all problems than the
previous method, regardless of the degree of the variance of
solution evaluation time c,,. In particular, in the previous method,
as ¢, increases, the calculation time to reach the maximum
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TABLE 1. The HV value in the maximum actual evaluation number (HV) & the calculation time to obtain 90% (ZDT1), 75%
(ZDT2), 85% (ZDT3), 60% (ZDT4) and 50% (ZDT6) of the maximum HV of each ZDT (Convergence time) & the total
calculation time up to the maximum actual evaluation number (Total time)

HV Convergence time Total time
median (standard deviation) median (reach count) median (standard deviation)
Cy AELMOEA/D | ELMOEA/D AELMOEA/D ELMOEA/D AELMOEA/D ELMOEA/D
0.02 24.56 (0.08 24.59 (0.03)*4 2007.75 (25 2074.45 (25) 170559.95 (120.01)** 176218.97 (159.39)
g 0.05 24.53 (0.10 24.61 (0.04)*4 2026.33 (25 2182.12 (25) 170684.59 (174.93)** 183965.32 (339.65)
= o.1 24.58 (0.04 24.60 (0.08 2007.42 (25 2309.81 (25) 170407.02 (453.98)** 196874.66 (623.55)|
0.2 24.57 (0.10 24.61 (0.02)*4 2058.44 (25 2575.96 (25) 170628.92 (746.54)** 222780.97 (1716.05)
0.02 20.00 (0.00 20.00 (0.00 1991.15 (25 2098.73 25| 170565.04 (154.62)** 176151.93 (196.66
S 0.05 20.00 (0.00 20.00 (0.00 1974.85 (25 2185.49 (25) 170624.83 (188.97)** 184030.81 (431.39),
S 0.1 20.00 (0.00 20.00 (0.00 1913.50 (25 2375.34 (25) 170836.79 (363.32)** 197184.29 (1014.93)
0.2 20.00 (0.00 20.00 (0.00 1883.96 (25 2678.46 (25) 170411.66 (653.60)** 223853.51 (1816.83)
0.02 25.36 (0.61 26.57 (0.87)*4 1021.08 (25 1042.37 (25)| 190680.98 (147.61)** 196969.25 (198.90
g 0.05 25.64 (0.74 26.01 (0.99 1017.81 (25 1090.30 (25)| 190569.56 (287.75)** 205617.71 (527.88)
d 0.1 25.44 (0.55 26.43 (0.81)*4 1017.60 (25 1185.26 (25)| 190455.29 (471.35)** 220437.91 (920.69)
0.2 25.75 (0.93 25.98 (0.98 1031.76 (25 1334.03 (295) 190729.86 (824.68)** 249036.16 (1401.56)
0.02 6856.28 (676.40)*| 6615.51 (665.13 45059.43 (25 21790.00 (18) 190613.47 (162.04)** 196957.36 (166.19)
S 0.05 6588.19 (600.26) 6413.05 (710.80 44426.59 (25 38001.15 (20) 190705.54 (247.43)** 205562.63 (368.67)
E 0.1 6561.99 (525.34) 6408.31 (612.66 46417.72 (24 42823.09 (17) 190811.24 (372.43)** 220270.24 (1061.59)
0.2 6696.45 (543.81)*| 6320.37 (556.94 53032.68 (23 65529.77 (18), 190416.22 (926.62)** 249290.02 (1513.72)
0.02 21.49 (0.67 21.57 (0.71 7120.15 (25 724470 25| 190595.69 (105.05)** 196923.39 (158.02)
g 0.05 21.76 (0.76 21.48 (1.21 7025.62 (25 5446.85 (23) 190601.11 (211.24)** 205839.56 (432.05)
;‘ 0.1 21.61 (0.66 21.88 (0.80 6105.85 (25 8211.42 (25) 190654.57 (462.17)** 220426.76 (852.59)
0.2 21.67 (0.81 21.49 (1.18 5252.44 (25 25535.66 (24)| 190716.22 (765.25)** 249614.64 (1754.47)

From these results, it is revealed that the proposed
AELMOEA/D can achieve optimal solutions faster than the
previous method without performance deterioration in a parallel
computational environment.

S CONCLUSION

In this research, we aim to reduce both evaluation time and
waiting time of optimization problems that deal with solutions
having expensive and different evaluation time in EAs in a
parallel computational environment. To achieve this goal, we
proposed AELMOEA/D, which is a MOEA integrating
ELMOEA/D that is a surrogate assisted EA to reduce evaluation
time of expensive solutions and the asynchronous approach that
reduces waiting time in the situation to optimize solutions with the
large variance of evaluation time.

From the result of the comparative experiment of the proposed
AELMOEA/D with the previous ELMOEA/D in the pseudo-
parallel computational environment, it is indicated that, in multi-
objective optimization problems, the HV value of solutions
obtained by AELMOEA/D at the maximum number of actual
evaluations is mostly equal to that of the previous method.
AELMOEA/D has a shorter computation time to reach the
maximum actual evaluation number in almost problems than the
previous method. In addition, in the proposed method, the
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computational time to reach to a certain percentage of the

maximum HV is shorter than the previous method. This is
because waiting time for solution evaluations was reduced by
introducing an asynchronous evolution method to ELMOEA/D.
Therefore, our experiment proves that AELMOEA/D can achieve
optimal solutions faster than the previous method without
performance parallel  computational
environment.

In this research, we select the method of choosing promising
solutions in an asynchronous order, but there is a possibility that
solution accuracy and convergence speed may be improved
depending on the method of choosing a promising solution. From
this viewpoint, we will explore other improved selection methods
of a promising solution in an asynchronous manner and verify
their effectiveness. We will not only tackle this issue, but also
explore the timing of ELM learning in an asynchronous evolution
and the use of recent MOEA methods like NSGA-III [17] or
MEMO [18]. Additionally, we will verify the effectiveness of the
proposed method with other recent benchmarks like WFG test
suite [19].

deterioration in a
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