£ 000 http://www.cqvip.com]

HE PR 2007 Vol. 34No. 1

—METEMSBHRIMEREEEER

BEE E % KEE HEN
(BT LA SN B RER 4 230009)

B E HOmERasydtd Mgt it ELA, AAYHEEDGEREXAFIEM, REYh B
MR AT S MR —# PSEM Mk S AR Am AL HE MBS, 2 h—AA A BPHERSFIHEAK
B4 580 B Sk B Rk EILAL S a4 ey A ik #5055k, PS-EM #ik 2f N, Firedman #§ SEM # ikt A7 it , 3%
th—Fb 3| A Bk A B £0i% 89 MDL 3% 445t SR (K45 4 MDL 33 9 M 338 80 i At W A M ¥ D Mt 45 4 T
HERGH AR, 5, AL MBMTHRE L4 L T F,PSEM b SEM & i ] b 4k-24F , o SRR &0, B
RIS 25 WA B TR '

¥*@iF % M,SEM Xk ,BP b2 M4, MDL #4

A Model Selection Algorithm of Influence Diagrams Based on Structural Decomposition

YAO Hong-Liang  WANG Hao ZHANG You-Sheng FANG Bao-Fu
(Department of Computer Science and Technology, Hefei University of Technology, Hefei 230009)

Abstract The data dependency, computation complexity and non-probability relation problems are faced by model se-
lection of Influence diagrams. Based on the decomposition of Influence diagrams,a PS-EM algorithm is presented for
learning the probability structures of IDs, and a BP Neural Network is introduced to use learning local utility functions
of the utility part. The SEM algorithm is improved by PS-EM algorithm. PS-EM algorithm presents a new MDL sco-
ring which includes the prior knowledge of network structures for reducing the dependency on data, and learning pa-
rameters and scoring structure are separated for improving the computation efficiency, On the oil wildcatter model, the
experiment results show that PS-EM algorithm is better the time performance and less the data dependency than criteri-

on SEM algorithm, and the model selection of the utility part is easy to achieve,
Keywords Influence diagrams, Structural EM algorithm, BP neural network, Minimum description length scoring
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