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Abstract: Monte Carlo Tree Search (MCTS) is a search method for perfect information games and can
be effectively used for incomplete information games too. Several extensions for the MCTS method were
proposed, for example recursive MCTS or MCTS using information sets. However, these methods may not
improve performance compared to the original MCTS. In this paper, we propose Adaptive Monte Carlo
Tree Search (AMCTS) that changes the number of search times and search depth. We use a Synthetic Tree
with redefined parameters as a target problem for the evaluation of our proposed method as this kind of
problem corresponds to a variety of incomplete information games. The proposed method achieved higher
performance than conventional methods.
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Algorithm 1 PIMC #3 (InfoSet I, int N)
1: for i =0 to M(I) do
2: wallil =0
end for
: for i =0to N do
« =Sample([])
for m =0 to M(I) do

v =PerflnfoValue(z, m)

val[m]+ = v
9: end for
10: end for

11: return arg max{val[m]}
m
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Algorithm 2

FinishedGameValue(Node z, Move m,Player P)
: y =MakeMove(z, m)

while y is not a terminal node do
y =MakeMove(y,ComputeMove(P, I(y)))
end while

return value of y in view of the player to move in x
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1 R W =2, KOFEE d=2 ® Synthetic Tree
Fig. 1 Synthetic Tree (W =2, d = 2).
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TWw57%%, AMCTS & IIMC ##53 & 5% L IZIZF UERE
R L7z, IIMC HREOHRE % 105 729012133 (6) 2L
BT 50, 7LAT Y MOHREFIZEMT 2 LE1 D
5. IIMC HEZEEIAZEE RS L VL Z1213) T R
BHETE WO, M2 LY df PEImI/NSwE X2
AMCTS DEREDENZ L350 Ah. D726 AMCTS O
BMOFHRE L THIAEERHERIHE TV T X LH58E L
TWwWhEtEZbNS,
FHERERICOWCIEK 2, 3 &0 df 1Bl L Cid
LTBY 22, HRELMELTWEZ ERS, K (5) DA
PEDSTRENTZD, K4, K6 L AMCTS (2145 %5
BRI DSG- 2 5N G h o h, WEINEL RLZ LD
BT EDGA. ZHIEAMCTS 257 LA 7 b DFH
% PIMC ##% L T 284, DRiOBER LR mHEEL
TH7NRERE RO LN THILEEZLNDL, Ihxff
P 2720 E DR OBREORREZWRET 20 TIE %R L,
Dt D¥RBEOFER L 72 REDOFER % ) £ CHAEDE
LUENH L., TOBIZIEZT T LT AT NOfERE
PIMC #ZEOMROBEAMNI VN EEII L L EEZ NS,

7. FEH

RRECRIAREERT -2 T VL AT 572007 )V T
JALTHDH AMCTS #2E L7, ZTOFFEE TIMC #4#
FEBHLET VI ZALTHY, LA T Y bk
- LAORBIIEUTERET S Z LI L o Tl LR
RIT)TIVITY)ALTHAE., T27VA T Mallkr—
LOREITIN CTER L, FHERHEOEIRZAT - 72, R
L0, REFED IIMC R PIMC #4535 & L THERE %
mEsE2Z LI L. LaLl, TohilEFEH»G
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AoNL oA X PIMCERIIS LI EVHY, F
72 IIMC #3R L AR TRMAER I YEE SN T0 5205, 59
AR % 5 2 5 -85 A1d AMCTS (& IIMC %0
PEiE%x BRSNS TEL Do 72D T L T LEDS
H5.

RS OFFMERR TIlE AL B REEERT -2 DTT
JVT# % Synthetic Tree THREFLOFHII AT > 72, 41%
BARDEES R, HOHDE HIRELZ K L — Y R KEAR
E Vo ZEBO S — Ak L CEHMBER 2T\ 2w, F 0
F212 Synthetic Tree THWW245/8T A — & HPEBED 7 — L,
DY ZBUICERH L TR0 E ) D EERT ALED
H5.
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