oboobooobougbbooobooogd

0 o ot
O o o ot

O 0O 0 f2
O 0O ofl

0DoooO0ooooo 20060000000000000000000O00DOO0O0OO0OOOOO
gobooooooooooooooooooooOoObOOOOOOCOOOOOOOOOoOooooo
goooooooooooooooooooOoOoOOOOOOOO0OO0O0OO0OO0ObOOOoOoOooooooo
oo0o0ooO0o0o0oOO000O0O000b0O0000C0000O0O000000O0O0C0O00O0O00O000
goboooooooooooooooooooooooooooooOoObObOObObOOOoooooo
gooooooooooooooooooooooooOooOOoOOOOOOOOOOOOOOOOoOoo

oobooO0ooooOoOoOoOoooOoOoOooooa

Analysis of the Monte-Carlo Tree Search in Shogi

E1J1 SEkI,™ MAKOTO MIWA,™2 YOSHIMASA TSURUOKAT?
and TAKASHI CHIKAYAMA T1

Since the advent of Monte-Carlo tree search (MCTS), strong computer players using the MCTS have been
built for the game ofjo. The applications of the MCTS are widely investigated in games and non-games.
However, the MCTS is known to perform much worse than conventional methods in gamelsddsand
shogi where search algorithms with evaluation functions have been successful. Therefore, analyzing what
kind of positions the MCTS is good (or bad) at should be important, considering that it will be used more
widely. In this paper, we aim to reveal strengths and weaknesses of the MCTS by comparing with conven-

tional methods in shogi.
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