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Learning Search Control by Policy Gradient Algorithm

HARUKAZU IGARASHI''  YUICHI MORIOKA
KAZUMASA YAMAMOTO™

This paper proposes a method based on the policy gradient learning algorithm for search control in computer shogi. In this
method, whether every arc in a search tree should be extended is determined by the accumulated move-selection probability from
the root node to the arc. Moves are selected by a simulation policy that includes heuristics for evaluating shogi moves. We
consider two types of arc extension: deterministic and stochastic. In both cases, the parameters in the simulation policy can be

learned by the policy gradient algorithm, which is a method of reinforcement learning.
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Figure 1 The schematic diagram of the PGLeaf algorithm.
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Figure 3 PGLeaf algorithm with stochastic search extention.
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