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ABSTRACT

This study exhaustively compares the abilities to solve many-
objective problems of eight representative algorithms from
four different classes (i.e., Pareto-, aggregation-, indicator-,
and diversity-based EMO algorithms). The eight compared
algorithms are tested on four types of well-defined contin-
uous, discontinuous and combinatorial problems, through
three performance metrics as well as a visual observation in
the decision space. We can conclude from the experimental
results that the performance of the eight algorithms differ
not only on the dimensionality of the problems, but also on
the shape and features of the Pareto front. From this it sug-
gests an appropriate choice for researchers and practitioners
when solving many-objective problems.

Categories and Subject Descriptors

1.2.8 [Computing Methodologies]: Problem Solving, Con-
trol Methods, and Search

1.

Eight algorithms are selected from the four classes of many-
objective EMO algorithms. CDAS [1] is from Pareto-based

TESTED ALGORITHMS AND PROBLEMS

algorithms. MOEA /D+PBI (MOEA /D with PBI) [2], NSGA-

III [3] and MSOPS [4] are from aggregation-based algo-
rithms. IBEA [5], SMS-EMOA [6] and HypE [7] are from
indicator-based algorithms. and SPEA2+SDE [8] is from
diversity-based algorithms.

We consider four groups of test functions (DTLZ [9], WFG
[10], TSP [11], and Rectangle problems [12]), and two per-
formance metrics(IGD [13] and HV [14]).
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All of the experiments are executed on the optimization
template library (OTL).

2. RESULTS AND ANALYSIS

Specially here, we propose a new approach to generate any
number of weight vectors. The main idea is using two EMO
algorithms to generate well-spread weight vectors. Firstly,
initialize many points. Secondly, we use NSGA-II to opti-
mize DTLZ1 or DTLZ2 without distance function [10] and
iterate it many times. Lastly, the truncation approach of
SPEA2 is employed to truncate these points into any num-
ber of points required. Thus, we can obtain any number of
uniformly distributed vectors for MOEA /D and NSGA-IIIL.

Table 1 gives the IGD values of the eight EMO algorithms
on DTLZ test suite, Table 2 and Table 3 represent the HV
values on WFG and TSP problems, respectively. The values
in each unit are the mean (above dividing line) and standard
deviation (below dividing line). The dark and light gray
represent the best and the second ranked EMO algorithms,
respectively. Figure 1 and Figure 2 represent the final opti-
mal solutions of the eight algorithms on 20-objective DTLZ3
(shown by parallel coordinates) and the four-objective rect-
angle test problem, respectively.
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The final solution set of t e eight algorithms on

the 20-objective DTLZ3, shown by parallel coordinates.

Figure 1:


http://dx.doi.org/10.1145/2739482.2764707
http://github.com/O-T-L

Table 1: IGD comparison of the eight EMO algorithms on
DTLZ problem suite

Table 3: HV comparison of the eight EMO algorithms on
TSP test problems

2.1 Summary

Based on the experimental results of eight algorithms above,

the summary of performance observation can be given as fol-
lows.

e The Pareto-based algorithm, CDAS performs the best b O p £ the Kev Discioline in H Prowi
on DTLZ2, DTLZ3, DTLZ4, DTLZ7, WFGL, and TSP the Constuct Fogram o' £1c Bey seipineln funan frovinee,
of three instances and behaves well on DTLZ1, DTLZ5 an dt € Lglan IZOVIIS;?QOT;XB?TOH oundation kor Post-
and rectangle problem, but encounters great difficul- graduate (Grant No. )-
ties on WFG8 and WFG9.
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