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ABSTRACT

Go 1s the most complex board game in which the computer can not search all possible
moves using an exhaustive search to find the best one. Prior to AlphaGo, all powerful
computer Go programs have used the Monte-Carlo Tree Search (MCTS) to overcome
the difficulty in positional evaluation and the very large branching factor in a game tree.
In this paper, we tried to find the best sequence of moves using an MCTS on a very
small Go board. We found that a 2x2 Go game would be ended in a tie and the size of
Komi should be 0 point; Meanwhile, in a 3x3 Go Black can always win the game and
the size of Komi should be 9 points.
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[Fig. 1] (a) 2%X2 and (b) 3X3 Go boards
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-
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[Fig. 3] Four steps for MCTS
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[Fig. 4] Average win rates of each position
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[Fig. 5] The most promising sequence of moves
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