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2.1. Genetic Algorithm(GA)
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2.1.1. Pareto Optimality
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2.1.2. Penalty Function
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Imin (g;(%), 0)i
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0XX) = 0 if |g{mex = 0 ,otherwise

AZNA, fE BT JAYE, N& Ad$F, hE 5F, g8 353 AgxAor}
2.2. Large-Step Markov Chain(LSMC)

2.2.1, Improved Large~Step Markov Chain
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2.3. Proposed Algorithm
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7} large-step Markov chaing FAld 7123 Qe #Agd gndgFoez 3@
Pareto optimal set& EAI# T Zoltt, fd ¢nYEW AHERE 45 2o
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<E 1> AH4E Baloy <E 2> A48 menle WA
Reaulred 0.000001 Genetic Algorithm GA + LSMC
Resolution
uired 0.000001 uired Resolution 0.000001
Population Size 100 e Red
Population Size 30
Termination 5 Population Size 200
Generation Tormination Generation 3
Probability ot 0.25 .
Termination 100
Crossover G ; Probability of Crossover 0.25
Probabllity of 0.01
Mutation Probability of 025 Probability of Mutation 0.01
Crossover
Iteration Number of 5 X
LSMC I Number of 10
Probability of 0.01 LSMC
Mutation
Perturbation Ratio 0.1
Perturbation Ratio 0.1
initial Temperature 20 Initial Temperature 2
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