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Reinforcement Learning Algorithm that Combines
Policy Gradient Method with Alpha-Beta Search

YuicHI MORIOKA ! and HARUKAZU IGARASHI 2

The bonanza method, which is widely used in computer programs that play shogi (Japanese chess), is a
supervised learning algorithm that uses the databases of the past games between professional shogi players.
We propose a new learning algorithm called PGLeaf that reinforces an evaluation function of states merely
by self-play without using the databases of past games. PGLeaf combines a reinforcement learning algo-
rithm called REINFORCE and alpha-beta search. We compared PGLeaf and three traditional reinforcement
learning algorithms, REINFORCE, TD( A ), and TDLeaf( 1), in learning experiments with 5x5 shogi, a
small and simplified version of the game. Our experimental results verified the effectiveness of our proposed
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