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Optimization of Playout Policy
Integrated with Monte-Carlo Tree Search
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KAZUKI YOSHIZOE?:P)

ToMOYUKI KANEKO!'©)

Abstract: Monte-Carlo tree search is a search method widely regarded that is effective in various games
including the game of Go. In this paper, we present a learning method for the playout policy in Monte-Carlo
tree search based on the Simulation Balancing method. In our experiments, we observed that the convergence
rate of feature weights get affected by the expansion threshold in Monte-Carlo tree search. We also analyzed
winning rate of our method on 9x9 board against Fuego. Though our method did not outperform Simulation
Balancing clearly, we confirmed that the winning rate improves by increasing the expansion threshold.
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