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Application of Nested Monte Carlo Search to Puyo-puyo
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Abstract:

Indeterminate games are games in which outcome of plays has probabilistic nature. Among such games, we
focus on Puyo-puyo, which is a popular tile-matching video game. Puyo-puyo is a difficult game, because
human players determine each action in such a way that it will lead to a good completed form in the future
and a completely random search often comes out to be wasteful. In this paper, we propose a method for
applying Nested Monte Carlo Search, the effectiveness of which has been shown in logical perfect information
games, to Puyo-puyo and investigate its behavior. As a result, we can not show the efficiency which reflects

time to calculate.
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NMCS(level, node):
if level == 0:
while num_children(node) > 0:
node = child(node, random())
return score(node)

else:
bestscore = 0
while num_children(node) > 0:
for chilren i of node:
temp = child(node, i)
result = NMCS(level-1, temp)
if result > bestscore:
bestscore = result
next =i
node = child(node, next)
return bestscore
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