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Fuzzy Pattern Matching for Accurate Move Prediction in the Game of Go

FAA R

Nobuo ARAKI

EgEiEIA

Kazuhiro YOSHIDA

Yoshimasa TSURUOKA

()2 dFHE—

Jun’ichi TSUJII

FOARAE R TR 5ER 2 v B 2 — Z BRI

The Department of Computer Science, Graduate School of Information Science and Technology, The University of Tokyo

We address the problem of move prediction in the game of Go by performing machine learning with game
records of expert players. Existing systems use straight-forward ways for representing stone positions in extracting
features for machine learning. However, in Go, big patterns cause the data sparseness problem because there is
not a sufficient number of game records for the complexity of the game. To tackle this problem, we propose novel
methods for pattern extraction and pattern matching using a “fuzzy” pattern representation. This representation
treats a mass of stones distant from the current move position fuzzily, as a compressed single stone. The compression
of stone positions can alleviate the sparseness problem. To evaluate this representation, we carried out experiments
with machine learning on expert games of the GoGoD database, but we couldn’t improve the accuracy of move

prediction by this representation.
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