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Abstract: Constrained multi-objective optimization problems (CMOPs) are widely prevalent in practical engineering
and scientific fields. Such problems typically involve multiple conflicting optimization objectives and a variety of complex
constraints. In constrained multi-objective evolutionary algorithms (CMOEAs), the design and integration of the environ-
mental selection strategy (ESS) are crucial, as it directly determines whether the algorithm can achieve an effective balance
among feasibility (degree of constraint satisfaction), convergence (speed of approaching the Pareto front), and diversity (uni-
formity of solution set distribution). However, existing methods mostly rely on static or predefined strategy scheduling
mechanisms, making it difficult to adaptively adjust selection pressure according to the real-time state of the population dur-
ing evolution. Consequently, when dealing with practical scenarios such as complex constraints, discontinuous feasible re-

gions, and expensive objective evaluations, these algorithms exhibit significant limitations. On one hand, when the popula-
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tion is entirely infeasible in the early stages of evolution, there is insufficient driving force to guide the search quickly into
the feasible region. On the other hand, after feasible solutions are found, it becomes challenging to dynamically achieve a
reasonable trade-off between convergence acceleration and diversity maintenance, often leading to premature convergence
or loss of diversity. In some extreme constraint conditions, the algorithm may even fail to find any feasible solution for a
long time. These issues severely constrain the overall performance and robustness of CMOEAs. In view of this, this paper
proposes a multi-environmental selection strategy integration method based on reinforcement learning (RL) to enhance the
autonomous decision-making and dynamic adaptability of constrained multi-objective evolutionary algorithms. The pro-
posed method first characterizes the evolutionary state from three dimensions (feasibility, convergence, and diversity) based
on the distribution characteristics of the population in both decision space and objective space. The g-feasible solution ratio
is used to reflect the overall level of constraint satisfaction of the population; the normalized centroid displacement is used
to indicate the convergence trend; and the proportion of the variance of g-feasible solutions in the total population variance
is used to evaluate diversity. Then, inspired by the principle of interaction forces in physics, this paper designs three distinct
yet inherently coupled environmental selection strategies. The first strategy focuses on enhancing feasibility preservation,
constructing a repulsion force model by ranking constraint violation degrees to prioritize feasible solutions. The second strat-
egy focuses on accelerating convergence, using objective function ranking to guide the population toward the Pareto front.
The third strategy is dedicated to diversity maintenance, generating repulsion forces solely based on spatial distances among
individuals to avoid excessive clustering. These three strategies are coupled with each other, such that even if a suboptimal
strategy is selected at a certain step, it does not cause a sharp deterioration in algorithm performance, thereby providing a
stable decision-making foundation for reinforcement learning. Finally, a mapping model between population states and envi-
ronmental selection strategies is constructed through reinforcement learning. Experimental results on three benchmark test
suites (LIR-CMOP, DASCMOP, DOC) and an analog integrated circuit optimization design problem show that the pro-
posed method significantly outperforms six state-of-the-art constrained multi-objective evolutionary algorithms on most test
problems. It exhibits stronger robustness and adaptability, particularly in challenging scenarios with narrow feasible regions,
complex constraints, and discontinuous Pareto fronts. It obtains higher-quality solution sets with fewer function evaluations,
thereby fully validating its effectiveness, scalability, and engineering application value in handling practical complex con-
strained multi-objective optimization problems.
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tion; reinforcement learning; analog integrated circuits
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Table 1  Important parameter settings of all compared algorithms
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Table 2 HV indicator statistics of original algorithms and their

improved versions

Bk +-I=

Bico-MESS VS Bico 21/417
AGEMOEAII-MESS VS AGEMOEALL 20/2/10
LSSA-MESS VS LSSA 21/2/9
tDEACPBI-MESS VS tDEACPBI 17/2/13
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Table 3 IGD indicator statistics of original algorithms and their

improved versions
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Bico-MESS VS Bico 21/7/4
AGEMOEATI-MESS VS AGEMOFEATI 21/6/5
LSSA-MESS VS LSSA 23/6/3
tDEACPBI-MESS VS tDEACPBI 18/6/8
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Table 4 HV indicator statistics of Bico-MESS and other algorithms

(ER7S +/—/=
Bico-MESS VS APSEA 22/416
Bico-MESS VS CMOEMT 15/5/12
Bico-MESS VS CMOES 15/6/11
Bico-MESS VS IMCMOEAD 23/1/8
Bico-MESS VS DPCPRA 171718

Bico-MESS VS CMOQLMT

RS Bico-MESS 5 EME XN IGD EAREE T
Table 5 1GD indicator statistics of Bico-MESS and other algorithms

16/3/13
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Bico-MESS VS APSEA 24/6/2
Bico-MESS VS CMOEMT 19/7/6
Bico-MESS VS CMOES 19/7/6
Bico-MESS VS IMCMOEAD 28/1/3
Bico-MESS VS DPCPRA 20/7/5
Bico-MESS VS CMOQLMT 19/8/5
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Figure 3 Distribution of solutions in objective space for selected problems by all algorithms
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Table 6 HV indicator results of variant algorithms in ablation study

N7 +/—/=
Bico-MESS VS Bico-MESS-v1 6/0/26
Bico-MESS VS Bico-MESS-v2 411127
Bico-MESS VS Bico-MESS-v3 6/0/26
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Table 7 IGD indicator results of variant algorithms in ablation study

Wik +-i=
Bico-MESS VS Bico-MESS-v1 6/0/26
Bico-MESS VS Bico-MESS-v2 6/2/24
Bico-MESS VS Bico-MESS-v3 7/0/25
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Figure 4  Simulation of environmental selection strategy scheduling process
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Table 8 Statistics of environmental selection strategy scheduling
SR ST | Mg | SRMR3 | SNG4 | Ul
B % | % | % | % | B
LIRCMOP4 | 100 | 10.0 290 | 23.0 380 | 49
DASCMOP2 | 100 | 14.0 140 | 200 | 520 50
DASCMOP6 | 100 | 26.0 12.0 120 | 500 | 49
DOC5 800 | 26.0 15.6 34.9 235 | 392
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Figure 5 Circuit structure of the two-stage operational amplifier
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Table 9 Main indicators of analog integrated circuit optimization design problem
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Table 10 Optimization objectives and constraint settings for AIC1-4 test problems
[ R AR YR
AIC1 CMRR,PSRR Gain>170 dB,UGBW>4 000 000 Hz,Power<0.000 1 W
AlIC2 Gain,UGBW CMRR>35 dB,PSRR>25 dB,Power<0.000 1 W
AIC3 CMRR,Power PSRR>25 dB,Gain>170 dB,UGBW>4 000 000 Hz
AIC4 PSRR,UGBW CMRR>35 dB,Gain>170 dB,Power<0.000 1 W
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Table 11 HV indicator statistics of Bico-MESS and other algorithms on
AIC problems

GES +—I=
Bico-MESS VS APSEA 4/0/0
Bico-MESS VS CMOEMT 3/0/1
Bico-MESS VS CMOES 3/0/1
Bico-MESS VS IMCMOEAD 3/0/1
Bico-MESS VS DPCPRA 4/0/0
Bico-MESS VS CMOQLMT 4/0/0
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Figure 6 Time consumption comparison of all algorithms
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