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procedure BN_OnLineLearning (Bg:initial belief network)
begin
Bo—> B 3
do while true
begin
Accept asingle sample or a group of samples D;
Calculating the learning rate n and maturity degree S according to current status;
Apply the parameter incremental updating ruleto B, which result in anew BN Bp;
Apply al the possible structure incremental updating ruleto B,
which result in a set of new BNs {Bg,...,Bsr};
Apply the acceptable criterion to BNS{E, Bo,Bgyyry Br} s resultinaBN B
B—>B;
end
end
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H p(SES=high| H)

PE H p(IQ=high|PE,H) p(H=0)=0.63 [ 0.088
low 0 0.098 p(male)=0.48 RH=1)=0.37 [1 0.51
low 1 0.22
high 0 0.21
High 1 0.49
SES IQ PE p(CP=yes|SES,Q,PE
low low low 0.011
low low high 0.170
L low high low 0.124
SES SEX p(PE=high|SES,SEX low hight high 053
low  male 0.32 high low low 0.093
low femde  0.166 high low high  0.39
high mde 0.86 high high low  0.24
high female 0.81 high hight high 0.84
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One sample a group Ten samples a group Fifty samples a group

L g

—> () Cep)

Fig.5 Thelearning result

5
Tablel Comparison of the three situations
1 3
1 sample a group 10 samples a group 50 samples a group
Learning rate 7 Initial value :0.015 Initial value:0.015
£<1.1%:0.005 £<1%:0.005 0.015
£<0.8%:0.002 o
Maturity 1000 1000 1000
Complexity « 800 800 800
5
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Abstract: An on-line structure-learning algorithm of belief network is proposed. The basic idea is to
incrementally update the structure and parameters of a belief network after each group of data samples is received.
The algorithm consists of two steps. The first step is to update the current belief network based on newly received
data samples using incremental updating rules, including parameter incremental updating rule and three structure
incremental updating rules, which are adding edge, deleting edge and reverting edge. The second step is to use the
result selection criterion to select the most appropriate result from the set of candidates resulted by the first step.
The selection criterion fulfills the desire to balance the consistency of the result with the newly received data
against the distance between the result and the previous model. Experimental results show that the algorithm can
efficiently perform on-line learning of belief network structure. Since on-line learning does not need history data
and can adapt to the variation of the problem domain, this algorithm is suitable to model those domains that vary
with time.

Key words: Al; belief network; machine learning; on-line learning
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