Journal of Korea Game Society 2018 Dec; 18(6): 59-68
http://dx.doi.org/10.7583/JKGS.2018.18.6.59

I Ay zzaey

sa BEIER E2EMg JjioR B
A% HISTOINS 7HY Ut X 25

JEES
MBtTHelD MSsts HhSatat

blee026@korea.com

The most promising first moves on small Go boards,
based on pure Monte-Carlo Tree Search

Byung-Doo Lee
Department of Baduk Studies, Division of Sports Science, Sehan University

o OF
o0 5
Aad FAHAE BTe RS AFAS BoplA 44 2w AFA weA T 8
dolth, BHAER EdgAMCTS)S A44H Eelga dueFos AFHuE A4 9
S AbgEo gk AdE 9FMERRG Ao wERelAd HEAY FAE A MCTSE
Fgetel g fUF A 52 Fud @k AGA] olsE MCTSE 3 F2 E5F wE
Bl AFY, A5G SR L FY Pe] AR AaE Aow ek
ABSTRACT

In spite of its simple rule, Go is one of the most complex strategic board games in
the field of Artificial Intelligence (AI). Monte-Carlo Tree Search (MCTS) is an algorithm
with best-first tree search, and has used to implement computer Go. We try to find the
most promising first move using MCTS for playing a Go game on a board of size
smaller than 9x9 Go board. The experimental result reveals that MCTS prefers to place
the first move at the center in case of odd-sized Go boards, and at the central in case
of even-sized Go boards.
small Go board(£& HS3), Monte-Carlo Tree Search(ZH|7}IEE Eg|g),
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— The most promising first moves on small Go boards, based on pure Monte-Carlo Tree Search —
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[Table 1] First move and elapsed time

Board| @ B-search pure MCTS

size | Ist mOVe) | 1t move | Elapsed time

2%2 any any 9s(0.15m)

3x3 center center 10s(0.17m)

4x4 central central 166s(2.77m)

5x5 center center 598s(9.97m)

6x6 - central 1581(26.35m)

<7 - center 3278s(54.63m)

8x8 - central 5165s(86.08m)

9x9 - center 6465s(107.75m)
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