%78 | R Vol.42 No.7
2014 4E 7 H ACTA ELECTRONICA SINICA Jul. 2014

R TR B T 43 DL A LR R AL 2

o W AR L R A2
(1IN AR B TR A S E B PO, )R 518055;2. g K s BR 45 TR, WIF K 1D 410083;
3. ek S5 6 A sh ik R A TR L0 =, WIRE K V) 410083)

B OE: AR s ) P SRR R SR BN, TGk S BRAEZ 2 ) B DR, i Y — i TR Ry ]
I3 Ui Al ) Tk 1 S B 2 SRR T AT AR AR ) SR ARG SRR AR S S AR S
RV 05 k27 ], e AR AR ] =3 Z AN~ 50 2R 5 e, SR T T s 9 DL IS A 2 ) 05 TR S B )
AR ) DO S, IS B LR > 1) A AT LA SRR WIZ A BE G Tl A2 SN R GEPEREAY 2K

KR  D/RVRYGRR; Dntrenibag>d s shA DU R R
hESERS:  TPIS1 XRAFRIREG: A XEHS: 0372-2112 (2014)07-1429-06

B FZ3R URL: http://www. ejournal.. org. cn DOI: 10.3969/j.issn.0372-2112.2014.07.029

Model-Based Factored Bayesian Online Reinforcement Learning

WU Bo',ZHENG Hong-yan' , FENG Yan-peng' , CHEN Xin**
(1. Education Technology and Information Center , Shenzhen Polytechnic , Shenzhen , Guangdong 518055, China ;
2. School of Information Science and Engineering , Central South University , Changsha , Hunan 410083, China ;
3. Hunan Engineering Laboratory for Advanced Control and Intelligent Automation , Changsha , Hunan 410083, China )

Abstract:

ing in model-based Bayesian reinforcement learning, the paper presents a model-based factored Bayesian reinforcement learning ap-

Due to the enormous number of parameters and slow convergence which are the major obstacles for online learn-

proach. Firstly, factored representations are made to represent the dynamics with fewer parameters. Then, according to prior knowl-
edge and observable data, this paper exploits model-based reinforcement learning to provide an elegant solution to the optimal explo-
ration-exploitation tradeoff. Finally, a pointed-based Bayesian reinforcement learning approach is proposed to speed up the conver-
gence to achieve online learning. The experimental results show that the proposed approach can approximate the underlying Bayesian

reinforcement learning task well with guaranteed real-time performance.
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