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Multimodal Function Optimization by Bayesian Optimization
Algorithm with Tabu Lists

YuJt KATSUMATA,t SETSUYA KURAHASHIT and TAKAO TERANOf

This paper experimentally analyzes the performance of Tabu-BOA (Tabu-Bayesian Op-
timization Algorithm; a new version of hybrid Genetic Algorithms (GAs)), which we have
already proposed. In Tabu-BOA, solution candidates are directly stored to multiple tabu-
lists. Baysian network learning is used as genetic oerations to generate offspring. The very
unique features of Tabu-BOA are that (1) we are able to have multiple optima or semi-optima
simaltaniously via Tabu-BOA and (2) the convergence speed is higher than the conventional
hibrid GAs. This paper describes the basic principles of the Tabu-BOA, the performance
analyses, and the comparisons with conventional ’competing’ genetic algorithms.
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Fig.1 Fundamental principle of Tabu-GA.
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Fig.4 Treatment outline of Tabu-BOA.
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