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The first move in the game of 9 x9 Go, using non-strategic
Monte-Carlo Tree Search
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ABSTRACT

In AI research Go is regarded as the most challenging board game due to the
positional evaluation difficulty and the huge branching factor. MCTS is an exciting
breakthrough to overcome these problems. The idea behind AlphaGo was to estimate the
winning rate of a given position and then to lead deeper search for finding the best
promising move. In this paper, using non-strategic MCTS we verified the fact that most
pro players regard the best first move as Tengen (Origin of heaven) in 9x9 Go is
correct. We also compared the average winning rates of the most popular first moves.
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[Fig. 1] The first game record, with AlphaGo's win
by resignation, played between Lee Sedol(Black)
and AlphaGo(white)
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[Table 1] The first 19 x19 computer Go programs
won against human Go professionals[1,2,3]

Year | Handicap | Human level iigl;;ﬁr
2008 9 8 dan MoGo
2008 8 4 dan Crazy Stone
2008 7 4 dan Crazy Stone
2009 7 9 dan MoGo
2009 6 1 dan MoGo
2010 6 4 dan Zen
2012 5 9 dan Zen
2013 4 9 dan Crazy Stone
2015 0 2 dan AlphaGo
2016 0 9 dan AlphaGo
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[Fig. 2] Go terms of 9x9 board positions:
Tengen(A), Komok(B), Hoshi(C), Mokuhazushi(D),
Takamoku(E), and Sansan(F)
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[Fig. 3] The first 9 x9 computer Go, Fuego(White),
won by 2.5 points against a top—ranked
professional player with 7.5 komi[2]
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A12 | 441 | 438 | 444 | 445 | 443 | 436 | 439 | 413

A37 | 448 | 463 | 472 | 4T | 474 | 464 | 450 | 435

437 | 463 | 476 | 485 | 490 [ 487 | 476 | 462 | 436

445 | 471 | 486 | 496 | 502 | 497 | 486 | 472 [ 441

A45 | 474 | 480 | 408 | 503 | 499 | 487 | 475 | 444

Add4 | 471 | 485 | 497 | 502 | 496 | 488 | 472 | 444

435 | 462 | 477 | 486 | 487 | 488 | 470 | 463 | 435

441 | 451 | 462 | 472 | 475 | 470 | 462 | 452 | 438

A1T | 441 | 438 | 442 | 443 | 443 | 436 | 440 | 409

[Fig. 4] Winning rates of each position on a 9 x9
Go board as the first move with 4.5 points komi

[Table 2] Average winning rates by komi and
position for the first move

pos
S 5-5 | 5-4 | 4-4 | 5-3 | 4-3 | 3-3
komi

7.5 441 | 439 | 436 | 427 | 425 | 417
6.5 A73 | 471 | 464 | 459 | 454 | 446
5.5 A76 | 470 | 466 | 458 | .456 | .446
4.5 503 | .500 | .497 | .489 | .486 | 477
3.5 506 | 502 | .497 | .489 | 487 | 477
2.5 537 | 531 | .528 | .522 | .518 | .509
15 536 | 532 | .528 | .521 | .517 | .508
0.5 .568 | .563 | .557 | .5b3 | .550 | .538
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[Fig. 5] Descending order of winning rates by
position of the first move
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[Fig. 6] Winning rates of each position for the
first move with 4.5 points komi
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