846 & 9 W D2 M- N 1 M = A < Vol. 46 No. 9
2019 4£ 9 H COMPUTER SCIENCE Sep. 2019

ET LG aENNHETNEZEHNFES

WO kAN
(EAASTENEEEHEER €K 400715)

i E NN MARABEELATSBAMESG—FEER, CRAEA T EAMARB P . R AURH F T 694K 4
MME R MR A EAE, B, AKBTFI N MEENTERAZA TR T EF A, 45 0ot 4 W
BUEMFIRETZRMRKRGFA MBS L RCHEARTRPREALOREEZ AT HE R, LPLE 5 L%
CAMXBFRA LN IRZ LR REEEERRATHER, THRXBARGL GBS ME G AT R ZEH
AR EFERRT @ FFABNEAEIEF REET EIRFHEA K2 L EOMARARARERNL PN ML
AN EMBARSERNTFNIRAFE S AN MBEE L b £, FREREAN TR A L EMB T AR 4K TG
LARHE HG R,

KR N HRME EMET, S RBEE  FMHLRE
FEESES TP391 XHkARiIZES A DOI 10.11896/j. issn. 1002-137X. 2019. 09. 030

Bayesian Structure Learning Based on Physarum Polycephalum

LIN Lang ZHANG Zi-li

(School of Computer and Information Science,Southwest University, Chongqing 400715, China)
Abstract Bayesian network is a graph model which combines probability statistics and graph theory. It has been suc-
cessfully applied in many fields. However, it is very difficult to build Bayesian network only depending on the domain
knowledge of experts. Therefore, learning Bayesian network structure from data has become a key issue in this field.
Bayesian network structure learning is a NP-hard problem because the search space is too large. According to the chara-
cteristics of physarum polycephalum in the process of foraging to retain an important feeding pipeline, the original
search space was reduced by combining the relevant mathematical model of physarum polycephalum and the theory of
conditional mutual information. In this paper,the obtained undirected graph is used as the basic framework of the net-
work,and then the mountain climbing method is used to determine the direction of the skeleton and get the correspon-
ding topological ordering. Finally,the order of nodes is used as the input of K2 algorithm to get the final network. The
network topology structure and score are selected as the evaluation index,and comparative experiments are carried out
on multiple data sets. Experiments show that the proposed algorithm has higher accuracy in network reconfiguration and

raw data matching.
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