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On the adaptive selection of the hyperparameter of aquisition function based on the sample point
gradient.
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In order to easily determine the optimal parameter for acquisition function of bayesian optimization, the adaptive
selection criterion for GP-UCB acquisition function parameter based on the sample point gradient is proposed. As
a result, an equivalent or superior performance of the proposed method is confirmed by comparing the cummulative
regret. Moreover, the round number dependence of the adaptively determined prameter f; is consistent with the
trend of Bigp—uce which is theoretically derived.
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