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Multi-Objective Distributed Genetic Algorithm with Weight Adaptation

TomMOYUKI HIROYASUt ,JIRO KAMIURA ZMITSUNORI MIKIf
and SHINYA WATANABE i

In Distributed Genetic Algorithms (DGAs), a population is divided into sub populations.
In previous studies, DGA shows the superior result to the canonical GA in single objective
optimizations. However, compared with other evolutionary algorithms, DGA shows an in-
ferior result in multiple objective optimizations. Because the size of the sub populations is
small, the diversity of the solutions is an important factor in solving multiple objective op-
timization problems (MOPs) and cannot be preserved. In this paper, an improved DGA for
multiple objective optimization named “Adaptive Weighted Genetic Algorithm (AWGA)”is
proposed. In AWGA, each sub-population has a different weight vector and searches for a dif-
ferent region. Therefore, AWGA preserves the diversity of the solutions appropriately. AWGA
provides several mechanisms that are effective indicators for solving MOPs in former studies.
From comparing the result of AWGA with SPEA2 and NSGA-II using different test problems,
AWGA yields more widespread non-dominated solutions than SPEA2 and NSGA-II.
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Table 1 Parameters

Value
50(zDTx), 100(KUR), 300(KP)
10(zDTx, KUR), 30(KP)

Parameter

population size
number of islands
archive size 50(non-dominated solutions)
5(elite solutions)
init. tournament size 5
crossover method 2 points crossover
number of crossovers 5
bit flip
1/(chromosome length)

mutation method
mutation rate

migration interval 10
a (weight change) 0.01
B (weight change) 0.01
terminal criterion 50,000(zDTx), 100,000(KUR)
600,000(KP)
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