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Table 1 Performance of 8 MOEAs on 44 test instances in terms of IGD and HV metrics
TERE MOEAs
Performance AMEA RM-MEDA  IM-MOEA SMEA MOEA/D-DE  NSGA-II  SMS-EMOA  RAMEA
T 5.863 4 5.119 8 5.1156 3.417 6 4,280 4 5.764 4 4,523 1 1.915 6
Mean rank
Gt R
Statistical results 4/78/6 7/75/6 8/70/10 13/67/8 14/61/13 6/72/10 8/65/15 /
%2 RAMEA BN IGD EEEMS TSR FHE (FREZ)]
Table 2  Statistical results(mean(std. dev. )) of the IGD metric values obtained by RAMEA
5249 16D
Instance K=3 K=5 K=8 K =10 K=15
ZDT1 1.8978e —3(4.64e—5) 1.8341e—3(8.79e—6) 1.8289e¢—3(1.03e—5) 1.8356e—3(2.11le—5) 2.2034e—3(1.51le—3)
ZDT2 2.9491e—2(9.38e—4) 2.8705e—2(8.13e—4) 2.8436e—2(6.30e—4) 2.8434e—2(6.83e—4) 2.8422¢—2(5.6le—4)
ZDT3 5.3362¢—3(1.84e—4) 5.0705e—3(1.37e—4) 5.1164e—3(1.78e—4) 5.1627¢—3(1.38e—4) 5.3536e—3(2.31e—4)
ZDT4 5.0522e¢—3(5.61le—5) 5.0205e—3(3.95¢e—5) 4.9874e—3(5.82¢—5) 4.9998e—3(4.96e—5) 5.0708e—3(1.60e—4)
ZDT5 4.7895e—2(1.34e—3) 4.7342e—2(2.06e—3) 4.9320e—2(2.16e—3) 5.0711le—2(2.29e—3) 5.2044e—2(2.94e—3)
ZDT6 6.1357¢—2(3.72e—2) 6.2338e—2(3.78e¢—2) 5.5195e—2(5.89¢—3) 6.3815e—2(3.11e—2) 6.3541e— 2(2.56e—2)
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# 3 RAMEA" .RAMEA' #1 RAMEA 7 WFG Uit 26l EB 28 IGD Rit & R
Table 3  Statistical results of IGD obtained by RAMEA" ,RAMEA" and RAMEA on WFG test instance

5 ol

Instance REMEA” REMEA ™ REMEA
WFG1 1.0329e¢ + 0~ (3.97¢ - 2) 1. 0208e + 0~ (4. 70e — 2) 1.0177e¢+ 0(5. 71e— 2)
WFG2 1.3070e—2—- (8.27¢—4) 1.3021e - 2~ (1. 00e - 3) 1. 2846e— 2(1.20e—3)
WFG3 1.1858e —2— (1.90e—-4) 1.1769e — 2~ ( 1. 44e—4) 1.1711e — 2(1. 66e — 4)
WFG4 6.5292¢ -2 - (6.53e—3) 6.4648¢ — 2~ (6.15e—3) 6.4767¢—2(6.47¢-3)
WFG5 6.9253¢ -2~ (2.14e-3) 6.9333¢—2~(2.33e—3) 6.8515¢—2(2.39¢-3)
WFG6 1.8342e¢ -2~ (2.53e—3) 1.7649e — 2~ (9. 56e — 4) 1.9547e —2(5.39e - 3)
WFG7 1.6890e — 2~ (7.17e¢ - 4) 1.7314e - 2~ (6. 12¢ — 4) 1.7036e - 2(5.12¢ - 4)
WFG8 9.7336e—2-(3.91e—-3) 9.9993¢ -2 - (4.54¢—-3) 9.4153¢—2(1.72¢-3)
WEG9 2.5475¢ -2~ (1.97e-3) 2.6208e -2~ (2.59%—-3) 2.5297e—2(2.69¢—3)
quzanﬁjfnk 2.333 3 2.222 2 1.444 4
+/- /> 0/4/5 0/1/8
. 20(5) :792-806.
4 it [5] XU SB.OUYANG Z P.FENG J Q. An improved
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RE R A 0 5 2L 0 2 W 1 00 3, L) R R R 4 SR 40 A 2020 5th International Conference on Computational In-
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RN K 52K K A3 2K 44 i 2020:19-23. DOI:10. 1109/I.QLIA49625. 2029. 09011. |
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Research on Multi - objective Optimization Evolutionary Algo-
rithm Based on Regularity Assistance

LONG Juan

(School of Information and Statistics, Guangxi University of Finance and Economics, Nanning, Guangxi,530003,China)

Abstract: At present,the multi-objective optimization algorithm based on regularity assistance lacks local in-
formation and model parameter settings have an impact on multi-objective optimization algorithm. To solve
this problem,a multi-objective optimization evolutionary algorithm based on regularity assistance is proposed
in this study. In this method, Gaussian sampling and neighborhood-based mating are combined and used for
offspring recombination. At the same time, the k-means clustering method is used to obtain the manifold
structure information. The population is divided into K clusters. The Gaussian probability model is estab-
lished by using the mean vector of K clusters,from which K descendants are extracted,and then the sam-
pling solution is added to each cluster as the parent to generate other offspring solutions. The Gaussian prob-
ability model is established by the mean vector of K clusters,and K offspring are extracted. Then the sam-
pling solution is added to each cluster as a mating parent to generate other sub-generation solutions. Experi-
mental comparison results show that the regularity assisted multi-objective optimization evolutionary algo-
rithm proposed in the article is significantly better than other algorithms,and its parameter sensitivity and ef-
fectiveness are more prominent.

Key words: regularity property;reproduction operator; multi-objective optimization;evolutionary algorithm

k-means;offspring reproduction
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