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Learning Bayesian Network Parameters

under Dual Constraints from
Small Data Set

GUO Zhi-Gao!  GAO Xiao-Guang! DI Ruo-Hait!

Abstract In this paper, a novel dual constraints based param-
eter learning algorithm is presented to overcome the problem of
Bayesian network (BN) parameter learning from small data sets.
First, the parameters in the network are analyzed and classified
into classes as follows: parameters referring to different child
states sharing the same parent configuration state and param-
eters referring to different parent configuration states sharing
the same child state. Then, a novel beta distribution approxi-
mation based Bayesian estimation method is proposed, which is
suitable for the learning of the first category parameters. Mean-
while, previously proposed isotonic regression estimation method
is employed to compute the second category parameters. Finally,
simulations demonstrate the effectiveness of the proposed algo-
rithm on improving the precision of Bayesian network parameter
learning from small data set.
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Fig.1 Parameters classification in Bayesian network
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1 L5286 ) Windows 7 &40, AbFEEE ) Intel CPU
1.8 GHz, i ELiK 4 Matlab 7.1.
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Fig.2 Lawn wet inference Bayesian network
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TG, MR 26 Kl LA B O¢ T R BE G I HE EE DL
MM ARG R, WE 3 Fix. S alk, &
1. 24 4. 6+ 10 114 13 F 15 429 AR L0 R GBI A2 A
A APREMFT 71 SRS EI S, 55 3.5, 7. 8.9, 12
114 4RI 20 ARG G B0 g A1 i AL A IR AR R I 7717 25
WEMAMSE

E 3. 59 AAAE BRI WKEA T WML F,
PP IR /N T AN WG KA W 101 200 P 5% 1) Ak
K, A A 9 4G BAE LR AL, 56 3. 5. 8 Al 14
FARAF RIS

SRJG, AR SCHR [27) 7T DATE 55 H 2 20 45 31 5 B v 4 1
LI 7 D59 28 49 6 25 0P 75 1) e/ R AR B

N%log N?log N**! = 4% 1og 42 log 4™V ~ 35

Foh, N B EOR, kO 2% R i KA R
b, BT 35 HIEHRENC /N 4R,

e, AR R BEHLAIFE SRS — D EdE R0 10 19/l
AT S 20, sibE e ik 4 s,

Table 4 Experimental data
1 2 3 4 5 6 7 8 9 10
C 0 0 1 0 1 0 0 1 0 0
S 1 1 0 1 0 1 1 0 1 1
R 0 0 1 0 1 0 0 1 0 0
w 1 1 1 1 1 1 1 1 1 1

3.3 HE4%

E LR R MBI LT, AR A MLE. BABE. IRE
1 DCE 8T S8, RS8Rk 5~ K8 I
TN

OIHT IR SRR 1) MLE B3k 25 ) 45 Bk 1y
TH 3. 4. 5. 8. 10 &4H; 2) BABE STk S 45 01
TH 3.5 44 W; 3) IRE BRI EREE TH 3 44
W, 4) DCE HikW2# ) 45 R 2 T Ira 40K,
3.4 EEHSH

3.4.1 EEMmEMS T

K1 WEC PYIERERM e .
" o ] 1) EiEAEE 2 —
Table 1  Initial probability values of node C' . N o o e i
KT AT AS SCEE AR, AT TEEAS R B s 4 A
. c = c=1 BRI 01 928, SR 5 SORM KL R i
= i : ATRE T, SEie g B 3 frow, o 3 (a) R sEie g B i 4
#2 M EESH
Table 2  True parameters of the network
S=0 S=1 R=0 R=1 S=0,R=0 S=0,R=1 S=1,R=0 S=1,R=1
C=0 0.1 0.9 0.99 0.01 W =0 0.99 0.2 0.1 0.01
c=1 0.8 0.2 0.2 0.8 W =1 0.01 0.8 0.9 0.99
* 3 AR
Table 3 Experimental constraints
G5 AP Gii 5 AP Gii 5 AP
1 psic (1]0) > psjc (0]0) 6 psic (0[1) > psjc (1]1) 11 pric (111) > pric (0]1)
2 pr|c (0]0) > prjc (110) 7 psic (110) > psje (1]1) 12 pric (1]1) > prjc (110)
3 pwis,r (1]1,1) > pws,r (1]1,0) 8 pwis,r (111,1) > pw|s,r (1]0,0) 13 pwis,r(1]0,1) > pw|s,r(0]0,1)
4 pwis,r (1]1,1) > pw s r(01,1) 9 pwis,r(110,1) > pw|s,r (1]0,0) 14 pwis,r(1]1,0) > pw|s,r(11]0,0)
5 pwis,r (1]1,1) > pws,r (1]0,1) 10 pws,r(0]0,0) > pws,r(1]0,0) 15 pwis,r(1]1,0) > pw|s,r(0]1,0)




1514 H Zl) e ¥ [ 40 &
#*5 MLE SiEF B3NS4
Table 5 Parameters learned by MLE algorithm
S=0 S=1 R=0 R=1 S=0,R=0 S=0,R=1 S=1,R=0 S=1,R=1
=0 0 1 1 0 W =0 0 0 0
c=1 1 0 0 1 wWw=1 0 1
#* 6 BABE Hik¥BRNSH
Table 6 Parameters learned by BABE algorithm
S=0 s=1 R=0 R=1 S=0,R=0 S=0,R=1 S=1,R=0 S=1R=1
=0 0.1465 0.8535 0.8641 0.1359 W=0 0.7410 0.1443 0.0941 0.2418
c=1 0.8240 0.1760 0.1509 0.8491 Ww=1 0.2590 0.8557 0.9059 0.7582
# 7 IRE Hik RIS
Table 7 Parameters learned by IRE algorithm
S=0 S=1 R=0 R=1 S=0,R=0 S=0,R=1 S=1,R=0 S=1,R=1
=0 0 1 1 0 W =0 1 0.025 0 0
c=1 1 0 0 1 w=1 0 0.975 1 1
# 8 DCE Hi%E%IR/ANSH
Table 8 Parameters learned by DCE algorithm
S=0 S=1 R=0 R=1 S=0,R=0 S=0,R=1 S=1,R=0 S=1R=1
=0 0.1465 0.8535 0.8641 0.1359 W=0 0.7410 0.1443 0.1375 0.0875
c=1 0.8240 0.1760 0.1509 0.8491 wW=1 0.2590 0.8557 0.8625 0.9125
R, P 3 (b) S R . =T
=it
40 =S
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Fig.3 Superiority analyses of different algorithms—I
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Fig.4 Superiority analyses of different algorithms-II
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Fig.5 Timeliness analyses of different algorithms
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Fig.6 Timeliness-effectiveness analyses of different algorithms
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Fig.7 Practicability analyses of different algorithms
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