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An Application of Monte-Carlo Tree Search Algorithm for Shogi

DAISAKU YOKOYAMA ™!

Monte-Carlo Tree Search (MCTS) algorithm is quite effective for playing Go, however it has some weak-
ness for playing tactical games, like Shogi. We propose a new MCTS method that consists of (1) adding
random value for evaluation of leafs of a game tree, and treating the tree as a playout; (2) applying bayesian
approach to propagate distributions of leaf values. We apply it for Shogi player. Evaluation by self-fight
shows that the proposed method obtains better performance when it gets more resources.
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