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An Igo Algorithm of Monte Carlo Tree Search
Including Tabu Search

Takehiro Ohta1 Masaru Itoh2

Abstract: Efficiency of playout in Monte Carlo tree search (MCTS) have been extensively studied up to
now. However, diversity of playout is not really investigated. Because of that, this paper refers to the diver-
sity in MCTS. So this paper proposes to combine MCTS with tabu search (TA), which is a modern heuristic
technique for combinatorial problems, into the computer igo algorithm. Once a phase of the playout is added
into a tabu list, the searching method prohibits the adoption of the same phase during a given tabu tenure.
When the number of trials for playouts is greater than the tabu tenure, the phase is removed from the tabu
list. And then the phase could be adopted again. Thus the proposed method can be obtained to ensure the
diversity of playout as a whole. The numerical results for some life-and-death igo problems shows that the
method of MCTS including TA have obviously got an advantage over the simple MCTS algorithm with the
view of the right moves.
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1 Example of the same state obtained from different moves
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2 Tabu lists on each node in the tree
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1 Results of the games

Tabu3 200 138 62 69.0 %

Tabu4 200 148 52 74.0 %

Tabu5 200 154 46 77.0 %

Tabu6 200 162 38 81.0 %

Tabu7 200 152 48 76.0 %

Tabu8 200 162 38 81.0 %

Tabu9 200 155 45 77.5 %

Tabu10 200 155 45 77.5 %

Tabu11 200 157 43 78.5 %

Tabu12 200 160 40 80.0 %

2 Results of binomial test

p

Tabu3 8.027e−8 0.621 - 0.753

Tabu4 7.261e−12 0.673 - 0.799

Tabu5 1.017e−9 0.703 - 0.865

Tabu6 < 2.200e−16 0.749 - 0.862

Tabu7 8.738e−14 0.695 - 0.817

Tabu8 < 2.200e−16 0.749 - 0.862

Tabu9 2.397e−15 0.711 - 0.831

Tabu10 2.397e−15 0.711 - 0.831

Tabu11 < 2.200e−16 0.722 - 0.840

Tabu12 < 2.200e−16 0.738 - 0.853
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4 Searching ratios on the same state in playouts

. 1

MCTS 21.5% Tabu11 14.6%

2 MCTS 17.2% Tabu11 12.4%
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5 Ratios of the correct answers

3 Results of chi-squared test

χ2 p

Tabu3 98.783 < 2.200e−16

Tabu4 100.109 < 2.200e−16

Tabu5 90.009 1.622e−15

Tabu6 99.114 < 2.200e−16

Tabu7 95.081 < 2.200e−16

Tabu8 107.867 < 2.200e−16

Tabu9 103.609 < 2.200e−16

Tabu10 83.569 3.149e−14

Tabu11 98.841 < 2.200e−16

Tabu12 96.830 < 2.200e−16

.
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