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The UCT algorithm applied to find the best first move
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ABSTRACT

The game of Go originated from ancient China is regarded as one of the most difficult
challenges in the filed of AL Over the past few years, the top computer Go programs
based on MCTS have surprisingly beaten professional players with handicap. MCTS is
an approach that simulates a random sequence of legal moves until the game is ended,
and replaced the traditional knowledge-based approach. We applied the UCT algorithm
which is a MCTS variant to the game of Tic-Tac-Toe for finding the best first move,
and compared it with the result generated by a pure MCTS. Furthermore, we introduced
and compared the performances of epsilon-Greedy algorithm and UCB algorithm for
solving the Multi-Armed Bandit problem to understand the UCB.
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[Fig. 1] The first computer Go won against a pro
Go player
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[Table 1] The first computer Go programs won
against professional Go players[2,4,6,11,12]

Year |Handicap| Human level | Computer program
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

2. 2 U ma o7

2.1 &% HY

A& Ald(Tic-Tac-Toe H+ Noughts and
Crosses) A AAM o= 2 ez AY 9
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[Fig. 2] (a) A finished game won by the first
player, X and (b) winning rates of each
position[1,2,4,6]
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[Fig. 5] epsilon—Greedy algorithm for exploitation
and exploration

2
i1t
i
o ol

ol

o

et}

o

o
e
k]
o
N
rlo
ot
o
o
et
ob
o
4
o2
QL

ox MO
2
2
lo
fitl
rir
rO
Ho
a
lo
il
o™
)
Y m{o

>
)
N
8 ¥
Ma
2
it
S
)
FN
r
Og{:t‘
ofr
o
oy
2

b oxt
iy
ol
o
=2
ol
o
k%)

U P [
oo o
o -
wo N
4
5:2 A
G
i orle
© oy
= o
o o P
=)
o d
o
i
=2
1
e
-
ol
=

N
(8]
>
u
0z
ro
]
kl
n
il

N my
o o

CEEE
A9 A%
grd gl e

&
el
-

o2

e
o
T

o
W)
*

£ 4
09:,’4
:Oé

“Azke] Aol wel UCB el M e @
52 ol Aasl k.
[23]0] Aleke ofe] A9 UCB Luel% 5 7}

4 gol AHgshe QmeFel UCBL daelFel

=
c
a
ws)
—
e
K
AL
TN
o
X
jale
(m
AL
o
o)
2
g
>
1
i

== FH&) 48] Ul MC AlE#AS & A
A7FE (eq. DOl 2= UCBL g AHgste 2A
shA ®TH9,17,19,20,23,241.

2lnn

UCBl= X+ C

(eq. Dell 9l UCBI e &853% &3dF9
Fom FAHel glom, BgRe e XE 4
A AARE e i25E] Hd BAge] HH

= 5] 2~
@A, 0

=

WS A A Qo] T oulEAe] 2
&3} 719 AnE o] S8 MCTSE 44
of [Fig. 61t 2& Al S ngon,
obgEl Aziw ATE 19l HAe AYARE ¥
6. 2% MCTSZ 4% %)

W Qgre] Gl AHEE A
W2 A7 etk Ae morh46],

9

it
tlo
i
32
o

Journal of Korea Game Society JKGS | 113



— = AYAA Aol R 5B T

(a) (c)

[Fig. 6] (a) The best move sequence with MC
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worst move sequences generated by MCTS with
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[Table 2] Comparison of expected success rates
among the three algorithms

Algorithm| Slot | # of visit |Expected success rate
) A 63 28.6%
2’:;22; B 56 10.7%
C 881 48.5%
A 98 25.5%
UCB B 52 11.5%
C 850 50.7%
A 343 23.6%
pure MC| B 330 11.5%
C 327 48.9%
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