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Abstract: Many-objective optimization problems are multi-objective ones with more than three objectives. Evolutionary
optimization methods have outstanding performances on multi-objective optimization problems. State-of-the-art evolution-
ary multi-objective optimization methods, however, exist a plenty of severe shortcomings when solving many-objective
optimization problems, such as the curse of the objective dimensionality, the incapability of the Pareto dominance in distin-
guishing evolutionary individuals, and the inefficacy of the diversity maintenance strategies. Therefore, how to efficiently
tackle many-objective optimization problems have been attracting scholars in the evolutionary optimization community. In
this paper, we will comprehensively review recent advances in evolutionary many-objective optimization from such aspects
as novel dominance relations, diversity maintenance strategies, objective reduction, objective aggregation, indicator-based
selection, preference integration, set-based evolution, variation operators, visualization technology as well as applications,
and suggest several important topics to be further researched by analyzing the existing problems.
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Fig. 1 Figure of candidates for describing a Pareto front
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Fig. 2 Figure of a population search

3  WFFBERE (Research advances)
3.1 FH \H4EKR &R (New dominance relations)
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3.4 H#¥rE A (Objective aggregation)
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3.9 Wb EIA (Visualization technology)
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3.10 E#ESE 4L H AL i) & A A (Bench-

mark many-objective optimization problems
and applications)
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Table 1 Characteristics of test suites

o !
£ Pareto RIS DTLZ1, WEG3, MaF1, MaF8—MaF10, MaF14
MPartoRi¥s  DTLZ2-DTLZ6, WFG4-WFG9, MaF2, MaF4, MaF6, MaF12, MaF13
" Parto RIS WFG2, MaF3, MaF5, MaF11, MaF15
AR DTLZ7, WEG1, MaF7
BALHTIH DTLZ5, DTLZ6, WEG3, MaF6, MaF8—MaF10, MaF13
VY el GIE T DTLZ4, DTLZ6, WFG1, WEG5, WFG7-WFG9
SR NEZ N DTLZ7, WEG1-WFG9, MaF4, MaF5, MaF10
EZ =N DTLZ1, DTLZ3, DTLZ7, WEG2, WFG4, WEG9, MaF3, MaF4, MaF7

& 2 #FH%ES BARRATT R B TS B AR K o RO T AR
Table 2 Performances of some state-of-the-art evolutionary many-objective optimization methods solving
test functions with different characteristics
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4 #5553 (Conclusions and outlook)
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