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An Improved Algorithm for Go Program with Adjusted UCB Value

YanNGg CHEND®)

KANEKO TOMOYUKI!

Abstract: Most of the recent Go computer programs use Monto-Carlo Tree Search(UCT), but many of those
programs actually use adjusted UCB value like Rave instead of UCB1 value. As a solution of the multi-armed
bandit problem, ”Regret” is very important to performance evaluation of a ucb algorism. KLUCB algorithm
achieved the lower bound of "Regret”, by using Kullback-Leibler divergence. In experiments such as the
PGAME, it’s actually effective to reduce the Regret. By improving the adjusted ucb algorisom with KLUCB
,in this paper we discussed relationship between the AI performance of GO and the "Regret”.
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