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Table 1 The mean and variance values of IGD indicator obtained by five algorithms on LSMOP series problems with three objectives
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LSMOEA /2s:A Large-Scale Multi-Objective Evolutionary Algo-
rithm Adopting Two-Stage Variable Grouping

XIE Chengwang'*" " ,PAN Jiamin',FU Shiwei' , LIAO Jianping'

(1. School of Computer and Information Engineering, Nanning Normal University, Nanning, Guangxi, 530000, China; 2. School of
Data Science and Engineering, South China Normal University, Shanwei, Guangdong,516600, China)

Abstract: The inherent properties of Large-Scale Multi-objective Optimization Problem (LSMOP) bring chal-
lenges to Multi-Objective Evolutionary Algorithm (MOEA). At present, most Large-Scale Multi-Objective
Evolutionary Algorithm (LSMOEA) need to consume more computational resources to group large-scale de-
cision variables,which makes the computational resources used to optimize the problem solution relatively in-
sufficient, affecting the efficiency and performance of the algorithm. Base on this,a Large-Scale Multi-Objec-
tive Evolutionary Algorithm adopting two-stage variable grouping (LSMOEA/2s) is proposed in this study.
Firstly,the new algorithm is conducive to the correlation detection method based on variable group to quickly
identify independent variables. Then,the high-frequency random grouping method is used to divide the non-
independent variables into several subgroups. Finally, the MOEA/D algorithm is used to optimize all inde-
pendent variables and non-independent variable subgroups. The proposed algorithm is combined with the cur-
rent four representative algorithms (MOEA/D,CCGDE3,RVEA,S3-CMA-ES) to perform the inverted gen-
erational distance Inverted Generational Distance (IGD) performance test on the LSMOP series test prob-
lems. The results show that LSMOEA/2s has significant performance advantages over other algorithms.

Key words: large-scale decision variables; multi-objective optimization problem; Large-Scale Multi-Objective

Evolutionary Algorithm;two-stage variable grouping;convergence;diversity
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