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This paper discusses practical issues in learning of evaluation functions, based boddbobodiobodgobbodigioooupdoonoodoooooddon

on comparison of moves that appeared in a database of game records. In the 0000000000000 o000DoDoo0o0ooooOooooooo
framework recently researched in shogi, the weights of evaluation functions are

adjusted in such a way that the value of the move selected by human players
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become higher than that of alternative moves, where the value of a move is the 2. 0000

evaluation value of a leaf position of the principal variation. In this paper, the

effectiveness of four kinds of loss functions as well as other parameters in the uooooooboobooooodboooboooooooooobo0oooooog
framework are discussed. We also show that the weights of more than a million 0000000000000 000®00000000000nonoNoNo0noNooooon

of the weights of the features were successfully adjusted in the method.
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Fig.1 Framework for learning of evaluation functions.
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Fig.2 Loss functions.
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Table 1 Initial and learnt values (scaled so that pawn = 128).
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Fig.3 Rook values for each record set (Left: Shogi Club 240 Center: dan players in Shogi Club 240
Right: professionals).
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Table 2 Learnt values (scaled so that pawn = 128).
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Table 3 Improvements on performance for each iteration.
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Fig.6 Win ratio for each iteration.
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