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Bradley-Terry

L earning Evaluation Functions by Comparison of Sibling Nodes

ToMOYUKI KANEKO t

This paper presents a framework for learning of evaluation functions. It compares the se-
lected move and other moves in a database of game records, and adjusts weights by using
logistic regression. The goal of the adjustment is that the evaluation function assigns higher
value for the move selected by human player than the other legal moves. In the naive im-
plementation of this framework, we needs to compute the PV nodes for each legal move in
each position in the database, and its computational cost is very large. In order to remedy
this problem, we selectively used the effective moves instead of using all the legal moves. The
effectiveness of moves was automatically determined by the method based on Bradley-Terry
model. The experiments on Shogi showed the efficiency and effectiveness of our method.
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