BTHBEIM
201246 A

B B

2 & ¥ #®

CAAI Transactions on Intelligent Systems

Vol.7 Ne. 3
Jun. 2012

DOI:10. 3969/j. issn. 1673-4785. 201110005

P 4% Y Rt A - http ://www. cnki. net/kems/ detail/23. 1538. TP. 20120518. 0845. 002. html

XARBEESHEZNNABREHIFIEIFERSE

Kb, B, RTT
(ERZIRE FHENAEL LRSI, F K 400054)

i E:EENSEERNSEEPEERN S X2 —, KEANEEE A VS BN AE TR TERSR. BT
EHYLFBAESRARSHEER SRR ERHER SR MELSBESIAZLBREENSBERE S, RHE
FHRHEZSHEENERVS B RORE, R BERREA —ER BT 680, BT RITRIX R 25 R R 3R e
7. B SR op REENBFEREITEIRNGE, IEH TIZIT BT

RBR AR LB B MM 2 0 Bk

hESZES:TP31 CEkfFEEE:A LEHRS :16734785(2012)03-0278-05

A 9 x9 Go computer game system using temporal difference

ZHANG Xiaochuan, TANG Yan, LIANG Ningning
(College of Computer Science and Engineering, Chongqing University of Technology, Chongqing 400054, China)

Abstract ; Computer Go is an important branch of computer games and presents great challenges to computer game

researchers due to its need for huge game space. Presently, the static evaluation method and the Monte-Carlo tree

search method are widely used in Go computer games. In this paper, a temporal difference algorithm was intro-

duced to the 9 x9 Go computer game system which gave it self-learning capability, thereby improving the game lev-

els as a result of the continuous training. Through playing chess with a system which adopts an a-8 algorithm, the

new method was proven to be effective.
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The agent and the environment interaction

Fig. 1
process in reinforcement learning
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Fig. 2 Some actions in Go
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Fig. 3 4 Basic actions
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A = { { ActionType) , { ActionDirection) } ;

ActionType = { extendl , entend2, knimovel , kn-
imove2 , diamove, nobi} ;

ActionDirection = {up, down, left, right, to-
pright, botright, topleft, botleft} .
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Fig. 4 The flow chart of the application of temporal

difference using neural networks
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Table 1 10 samples of TS sample set
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Fig. 5 The game results of CQUTGO-1 and CQUTGO-2
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