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Decision making with imperfect information using UCT search

Ayvato MIKI, "' MakoTo MIWA2 and Takasur CHIKAYAMA 1

Minimax search for game trees in multi-player games with imperfect information, such
as mahjong or some of card games, becomes quite costly, because strategies of other play-
ers can be more complex and precise information of game positions is hidden. This paper
proposes a method to apply a UCT search algorithm for multi-player games with imperfect
information. In UCT, strategies and imperfect information can be handled by simulations
with different random situations. Although our experimental mahjong player does not use
any human knowledge on play strategies, it showed better performance than other computer

players, including a player with knowledge learned from game records of expert players.
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