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Constrained Learning Method of Bayesian Network Structure

for Efficient Context Classification
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BEGIN Constraincdk2
[‘sort nodes I-n by level |
FOR i:=1 T0 n DO
BEGIN
U =0:
[T;:= predefined parents |
Py = 8li, WY
0KToProceed := TRUE
WHILE OKTaPraoceed AND |I1] < p T0
BEGIN
Let Z be the node in Pred(X)-1I; that
maximizes g{i, I1.U{Z}
[ and 0= 1avel (Z)-Tevel (i) <2t |
P, = s, T,UTZL}:
IF P, > P,, THN
BEGIN

Poig i~ Poy’
It =11, U {Z}
END
ELSE OKToProceed := FALSE:
END:
WRITE( “Node: ' X,.
END:
TOR i:= each of all the nodes that
have parent with came lovel
BEGIN
z = current parent with same level
z' = shortest indirect parent:
O=0,0z -z

‘Parents of this node:.’ 1I)

END Con;ttainedl(z_
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