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Ensemble learning of diverse Shogi players for consultation algorithm

Yohei Suzuki,†1 Makoto Miwa†2 and Yasumasa Kanada†1

Consultation algorithm for shogi players has been recently focused. The algorithm creates
various players from a single player by adding small random values to its evaluation func-
tion scores and decides a move by applying majority rule to the players’ decision. This
paper proposes a method to apply an ensemble learning method Bagging to computer shogi
players; it constructs different players by training their evaluation functions with different
training examples. This paper then explore a way to increase the variety of shogi players.
The shogi player by the proposed methods was statistically significantly better the player by
the consultation algorithm in a 56% winning rate.
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2.2.2 Negative Correlation Learning
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