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Table 1 Some representative Large-scale Multi-objective Optimization Evolutionary Algorithm (LSMOEA)
e 5 B4 0 P R HARSCH T
B Year of pub-  LSMOEA Number of decision Number of BTG U‘Ijﬁ.\‘b@;&
Types L . L Test function used
lication variables objectives
e RvCiFidid 2013 CCGDE3 200—5 000 2 ZDT1-3.6
Based on cooperative co-
evolution
2016 MOEA/D? 200—1 200 3 DTLZ1-7
2019 MOEA/D(s8&ns) 200—300 2—3 ZDT1-3,LSMOP1,5.,9
2018 CCLSM 100300 210 WhG23, UKD, LSMOPL
T P25 ST 2016 MOEA/DVA 24—1 000 2—3 UEL-10, WEG1-9,
i . DTLZ1.3
Based on decision varia-
ble analysis
2016 MOEA/D-RDG 800—1 000 2—3 UF1-10 ,WFG1-9
DTLZ1-7 . WFG3,UF9,10,
2016 LMEA 100—5 000 3—10 LSMOP1-9
CCNSGA- Il -DE o - DTLZ1-7.WFG1-9.
2020 CCMOEA/D-DE 2007300 23 LSMOP1-9
2018 S*-CMA-ES 500—1 500 5—15 LSMOP1-9
2017 DPCCMOEA 1 000 3 DTLZ1-7, WFG1-9
2018 PEA 307—1 039 3—10 LSMOP1-3,MaF1-7
T i) 2017 WOF 200—5 000 23 ZDT1-6.DTLZ1-7,
WFG1-9.UF1-10
Based on problem recon-
struction
2017 ReMO 10 000 2 Modified ZDT1-3
DTLZ1-7 ,LSMOP1-9,
2019 LSMOF 200—5 000 2—3 WEGI-9
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Research Progress on Large-scale Multi-objective Evolutionary
Optimization Algorithm

XIE Chengwang, LONG Guanglin,CHENG Wenqi,.GUO Hua

(School of Computer and Information Engineering, Nanning Normal University, Nanning, Guangxi,530000,China)

Abstract: There are many Large-scale Multi-objective Optimization Problem (LSMOP) in reality,which pose
great challenge to traditional Multi-objective Evolutionary Algorithm (MOEA). The research on LSMOP has
become one of the research hotspots in the field of multi-objective optimization. This article systematically
analyzes various Large-scale Multi-objective Optimization Evolutionary Algorithm (LSMOEA) proposed in
the past few years. According to the main ideas and technical features of these algorithms, they are roughly
divided into 4 types, namely based on Cooperative Coevolution (CC), based on decision variable analysis,
based on problem reconstruction and other methods. Furthermore, some future research directions and sug-
gestions are proposed to guide the study on LSMOP deeply in this article.

Key words:large-scale multi-objective optimization, evolutionary algorithm, cooperative coevolution, decision

variable analysis, variable grouping
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