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ABSTRACT

Recently, many researchers have paid attention to the improved generation of Al agent
in the area of game industry. Monte-Carlo Tree Search(MCTS) is one of the algorithms
to search an optimal solution through random search with perfect information, and it is
suitable for the purpose of calculating an approximate value to the solution of an
equation which cannot be expressed explicitly. Games in Trading Card Game(TCG) genre
such as the heartstone has imperfect information because the cards and play of an
opponent are not predictable. In this study, MCTS is suggested in imperfect information
card games so as to generate Al agents. In addition, the practicality of MCTS algorithm
is verified by applying to heartstone game which is currently used.
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[Fig. 3] Behavior Tree Model
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[Fig. 7] Number of possible visit and number of

already visited [17]
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[Table 1] Table book of Card Value [18]
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[Table 3] Simulation Result of MCTS Algorithm vs
Heathstone Al ( both used basic deck )

MCTS Algorithm (Basic Deck) vs Hearthstone Al (Basic Deck)

HP Gap | Game Turn | Who first Started

Index Result
1st game Win
2nd game Win
3rd game Win
4th game Win
5th game Win
6th game Win
7th game Win
8th game Win
9th game Win
10th game Win
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[Table 4] Simulation Result of MCTS Algorithm vs
Heathstone Al ( used basic and expert deck,
respectively )

MCTS Algorithm (Basic Deck) vs Hearthstone Al (Expert Deck)

HP Gap | Game Turn | Who first Started

Index Result
st game Lose
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