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Learning Static Evaluation Functions Based on Policy Gradient
Reinforcement Learning

HARUKAZU IGARASHI'  YUICHI MORIOKA
KAZUMASA YAMAMOTO™

This paper applies policy gradient reinforcement learning to shogi. We propose a move’s evaluation function, which is defined by
the expectation of the values of all leaf nodes produced by the move in a search tree, that is weighted by the transition
probabilities to the leaf nodes from the root node produced by the move. Boltzmann distribution function gives the probabilities
of taking branches in a search tree instead of the minimax strategy. The learning rules of the parameters in the static evaluation
function of the states can be calculated recursively. Since the number of leaf nodes for evaluation increases substantially, we also
consider approximation methods to reduce the computation time.
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Figure 1 Expected value of move a, E(a,u;0), static
evaluation function of state u, E,'(u;w), and transition
probability from u, to u, P(ula,u,; o).
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Figure 2 Search depth d, states v and u, and moves a and b.
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Flgure 3 Recursive relations in “PG expectation method” for

(a)the expectation values of moves, and (b) the first derivatives.
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