The 18th Game Programming Workshop 2013

Tt

vIalb—I3
Wi &2t =i 32

THIOBEICB T E2ERAKDEHRZ=FEBL -

Y IRDERIEF

R BEHE!

T R

BE: <02V Ca—XEET LA YIZBWT, TYFHIVEARER, B2 UCT BWELEbLWLENT

W3, UCT TIHHHEIOFM 2475 72HIcyIal—Yavk
fﬁ%b‘

=t

Hnd Z t’CI%7l/’fﬂ”0)3§ﬂ:%ﬁO\_
5 ZENLND, TDSHEIFIMEAIZ

ZTORE, %< OEEN S FHFTIZ
BEAET, BMEINZZFTTHD. TITAETI, SigfiR

g =

175 M, JEETI ,vilv—vayﬁﬁé

FEHULERE AN

RUTIGCTY R ab—ya v HREHNICEN T2 FIRe RET L. AERETEE, HNAGREFAL

FeR=2AT A VT A ¥ EHIRU 28R, GNU Go & OMMFERR TIIMH IZENR SR 7273,

popidhe

%

KV EHE U 72 KER, ST A =R EIEL SHBETNEN—AT A V% LRSI EZ RTHERE R 2.

F—T—R: 3V —ZFE EVFAHNVOAREE YIalb—YavhaEg

Dynamic Adaption of Simulation Policies using Information
from the Search Tree in Monte-Carlo Go
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Abstract: Most of the recent strong computer Go players use Monte-Carlo Tree Search (MCTS), especially
UCT. Recent UCT-based players often employ simulation policies to enhance the players. Most of simulation
policies are learnt from many records in advance, but the policies are not updated during a game. In this
paper, we propose a method to update simulation policies dynamically during a game. We compared our
method with a baseline player with a static simulation policy. Although the baseline player and the player
with our method did not show any significant differences when they played games against GNU Go, the
player with our method showed a tendency to be better than the baseline player when they played games

against each other.
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Algorithm 1 Proposed Method

1: function SEARCHUCT (s, 0)

2: while until no left time do
3: s1, seq + TREESEARCH(so)
4: sim_result <— SIMULATIONWITHPOLICY (s;, 0)
5: BACKUP(s;, sim_result)
6: 6 <+ UPDATEPOLICY(segq, 0)
7 return BESTMOVE(sq), €
8: function TREESEARCH(s)
9: seq + ]
10: while s is nonterminal do
11: if visited(s) < threshold then
12: return child, seq
13: else if v not fully expanded then
14: child, action <— EXPAND(s)
15: seq.append(s, action)
16: return child, seq
17: else
18: child, action <+ MAXUCBCHILD(S)
19: seq.append(s, action)
20: s < child
21: return s, seq
22: function UPDATEPOLICY (seq, 0)
23: 0 «— 0
24: for (sm,am) € seq do
25: if visited(sy,) > threshold then
26: 0 =6+ Ag(sm,am)
27: return 6’
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Algorithm 2 Preliminary Method

1: function SELECTBESTMOVE(sq)

2: table + [], table[all moves] + 1.0

3: best < SEARCHUCT_LONGTIME(sq, null)

4: table[best]+ = «

5: return SEARCHUCT (so, table)

6: function SIMULATIONPOLICYWITHTABLE(s, table)
7 while s is nonterminal do

8: if the depth of s < 3 then

9: probs < CONVERTTABLETOPROBS(table)
10: move < SELECTMOVEBYPROBS(probs)
11: else

12: move < SELECTONEMOVEFROMLEGALMOVES(s)
13: s < MOVE(s, move)

14: return EVALUATEWINNING(S)
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