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Bayesian Optimization Algorithm Based on Mutation Operator
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Abstract A new Bayesian optimization algorithm is presented by incorporating mutation operator into Bayesian optimization algorithm. A
diversity function of population is proposed and the mutation operator is incorporated in BOA through this function. The original objective is to
maintain the diversity of population using the neighborhood search of mutation operator. It is expected that the proposed algorithm can get genuine
global information by combining the global information in current population extracted by Bayesian probability model and local information
explored by mutation operator. Experimental results show that the proposed algorithm outperforms BOA.
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