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A Block Learning Algorithm With Improved K-means Algorithm for
Learning Sparse BN Optimal Structure

GAO Xiao-Guang' WANG Chen-Feng' DI Ruo-Hai'

Abstract At present, the traditional structure learning algorithm of Bayesian networks (BN) shows the problem of
excessive computational burden and difficulty in obtaining the desired accuracy in a reasonable time when processing
high-dimensional data. In order to learn the optimal structure of sparse BN under high-dimensional data, this paper
proposes a block learning algorithm with improved K-means algorithm for learning sparse BN optimal structure. The
algorithm adopts the strategy of divide and conquer. Firstly, we use mutual information as the distance between nodes, and
the improved K-means algorithm with mutual information is used to block the network. Secondly, the MMPC algorithm is
used to obtain the skeleton of the whole network. According to the skeleton, the possible connection directions of all edges
between the blocks are found, so that all possible graph structures are found; after that, structural learning is performed
sequentially for all possible graph structures; finally, the best BN is found by using scoring function. Experiments show
that compared with the existing block structure learning algorithm, the proposed algorithm not only learns the optimal
structure of the network, but also improves the learning speed definitely. Compared with the non-blocking classical
structure learning algorithm, the learning speed of the algorithm proposed in this paper is greatly improved on the basis
of ensuring accuracy, which solves the problem that the traditional algorithms cannot process high-dimensional data in a
reasonable time.
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Output: optimal BN N¢ and score s*
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Table 2 The Hamming distances of the seven algorithms

OS-IKM %% OS-FN £ SAR §3k

MMHC based on graph  GS based on graph

FEMREE  HC Hik

partitioning 5% partitioning 5%
(a) Sachs M
A(NE) 0 0 0 0 0 1 1
M(Ng) 3 3 0 3 3 0 0
I(Ng) 4 3 2 6 6 3 4
H(NZ) 7 6 2 9 9 4 5
(b) Mybnet1 Fi%¢
A(NZ) 0 0 0 0 0 3 4
M(NZ) 2 3 1 2 2 2
I(Ng) 6 3 6 11 12 6
H(NZ) 8 11 4 8 13 17 12
(c) Boerlage92 %%
A(NZ) 0 0 3 0 0 7 0
M(Ng) 9 9 6 10 9 3 10
I(Ng) 5 7 7 8 9
H(NZ) 14 16 16 18 17 18 19
(d) Mybnet2 Fi%¢
A(Ng) 0 0 1 0 - 0
M(Ng) 5 6 5 7 -
I(Ng) 9 9 9 1 9 - 6
H(NZ) 14 15 15 18 16 - 14
(e) Alarm M
A(NZ) 0 0 0 0 - 8
M(Ng) 9 11 8 11 - 5
I(Ng) 6 8 14 9 - 12
H(Ng) 15 19 15 22 20 - 25
#* 3 BIC P4l (x10%)
Table 3 The BIC scores of the seven algorithms (x10%)
MMHC based on Graph GS based on Graph B
OS-IKM % OS-FN Hik A MEE  HC Hik
Partitioning 5% Partitioning 5%
Sachs —3.7004 —3.7907 —3.7038 —3.7813 —3.6616 —3.6753
Mybnetl —5.0766 —5.0823 —5.0833 —5.0853 —5.0946 —5.0773
Boerlage92 —5.0474 —5.0754 —5.0853 —5.0773 —5.065 —5.0758
Mybnet2 —9.1036 —9.1300 —9.1478 —9.1459 - —9.0947
Alarm —6.521 —6.7179 —6.7889 —6.7486 - —6.8439

(1 R) WAAEIZR. X Sachs W24, Mybnetl
W 24 F1 Boerlage92 M &5, /N BIC vF4HE
AHY, TR R 2, FSPP LA BB IR BT —
SE 22, X T B ] BB, BIC 1) B
e, T P T R () BB R S 5 () 2
il PR A AN [ A B kel 1 B RS B2 . 6 Alarm

W28 ASCHEEH ) OS-IKM #0311 BIC F 418 5
1, HC 5y BIC Ve fik, PRI AL 2 g
FRAFG, X HC 50 5 N s i s Ak,
AT 5 250 45 (PRSP AN v, BIC PEAMIE, 17 OS-TKM
SEVRAE A JRVE Bl ) 5 JR e & W 4%, ] DUIRAIE 42 Ry
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