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A new extended DL A based algorithm for parameter learningin

Bayesian Networks
MohammadReza Mollakhalili Meybodi, MohammadReza bl

Abstract

In this article, a new DLA called as the extendedributed learning automata for learning joirdtdbution

of set of random variables is going to be introducenis network of automata will be used in thedom
environments which their response are not segdr&iom each other to a series of taken steps by
automata and also a kind of conditional indepands exists between these responses there. We gdhowe
that this automata is able to learn an estimatibrtonditional distribution of stepdn the following , a
framework, based on new DLA , is offered for sofythe problem of online learning of a bayesianvoek
parameters in a state that network structure nspbetely clear. This framework is in accordancéhvdata
and evidences and performs the updating procegarameters. By the mathematical surveys and pedcti
tests on the sample networks, we showed that e model is enabling to perform the parametrical
learning of a Bayesian network with estimation aacy equal to Bayesian estimation. In additionhe t
online learning characteristic, this structurerisaccordiance with the conditions in which the data in
complete and due to the use of linear learningtiogis. and based on the learning automata, hagle lit
computational overhead. Discriminative characterist this method is one of its characteristics.
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Algorithm Ly p-Based Update Bayesian Parameters
1: Parameters Real B € (0, 1), G=(V, E), S

2:fori « 1to|V|do

3: forj « 1tog(i)do

4: pij < Sll

5. endfor

6: end for

7:1oop

8: fori « 1to|V|do

9: computeg according to parents (i) actions
10: Draw randomly an actiarin groupg according
to probabilitiesp, g, ..., Pk,g

11: Receive eithereward or penalty

12: if reward then

13: forj « 1toKdo

14: if j # ithen

15: pjg « (1 — apjg
16: ese

17: Dig < Pig + a(l - pi'g)
18: end if

19: end for

20: a=update ¢)

21: ese

22: forj « 1toKdo

23: if j # ithen

24: Pjg < %‘l' 1 - B)pj,g
25: ese

26: pig « (1 — Bpig
27: end if

28 end for

29: p=update £)

30: endfor

31: end loop
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