,/;\. ~ X<
W27 % 510 W = % 5 kX 2012 4 10 J]
Vol. 27 No. 10 Control and  Decision Oct. 2012

XEHS: 1001-0920 (2012) 10-0000-00
£FBAE TES BRI NHFRESNHKES

RE, X = fAs0, A R
(P2 PR a BB, b SRl g MR AN, 7% 710071)

8%

8 E: BTk X DU 4 (BN) S5 R IS AL, LA Bt 4 PRAE I3 K, R B v D5 30 AT 4 A
ST (CT) PR AR 25 1) 5, 42— Fh L T8k 32 7 B4R (MPD) (1) BN 2540 262 3] 13k %5091 S6il i MPD 4 fi#
BN BN [0 1 P AT 20t AR5 R0 O BB 1 CLINR R 40 1 el P 6 v 4 40, X T-020 R 2 10 V 454 1
JRTBVE M E R T, TS T ICARAR S, 7 255t/ T 4 PR 4R 4, JF LA o T BRI RCR,; e, BB AE I LA &
SIHG S LR W] T TR A 4 A At R A B

KBEIR: VUMLK TR SRR 55
hESES: TPIS HERFRIREE: A

Iy IR RSN 2

Structural learning Bayesian network equivalence classes via maximal
prime decomposition
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Abstract: To solve the drawbacks of constraint-based method for learning Bayesian networks(BN) and the unreliability of
the conditional independence(CI) tests as the conditioning sets become too large, this paper proposes a structural learning
algorithm based on maximal prime decomposition(MPD). Firstly, MPD technique is used to transform the moral graph of
BN into its sub-graphs. Then, only zero order and first order CI tests are used to identify V-structures in part of sub-graphs
and takes scoring function searches to optimize local structure, so that the number of conditional independence tests can be
decreased. Redundancy tests can be avoided and the time performance can be greatly enhanced. Finally, theoretical and
experimental results show that the new algorithm is effective and reasonable.
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repeat
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else
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else if
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end for
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