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Abstract

When dynamics changes occurred in an existing Bayesian Network (BN), the related parameters embedding on the BN have to be
updiated to new parameters adapting to changed pattems, In this case, these parameters have to be updated with the consideration
of the causalities in the BN, This research suggests a framework for updating parameters dynamically using Expectation Maximization
(EM) algorithm and Harmony Search (HS) algorithm among several Meta-Heuristics techniques, While EM is an effective algorithm
for estimating hidden parameters, it has a limitation that the generated solution converges a local optimum in usual, In order to
overcome the limitation, this paper applies HS for tracking the global optimum values of Maximum Likelihood Estimators (MLE) of
parameters, The proposed method suggests a leaming and propagation framework of BN with dynamic changes for overcoming
disadvantages of EM algorithm and converging a global optimum value of MLE of parameters,

Key Words : Bayesian Network, Dynamic Parameter Learning, Maximum Likelihood Estimator, Expectation and Maximization,
Harmony Search
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Fig. 1. An example of a Bayesian Network,
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Pseudo Code

‘Begin
‘Objective function f(z)
‘Generate initial harmonics (real number arrays)
‘Define pitch adjusting rate(r,,), pitch limits and bandwidth
‘Define harmony memory accepting rate(T ;. e,t)
‘while (t < max number of iterations)
‘Generate new harmonics by accepting best harmonics
Adjust pitch to get new harmonics (solutions)
AIf (rand > 7, ), choose an existing harmonic randomly
-else if (rand > 7,,), adjust the pitch randomly within limits
else  generate new harmonics via randomization
cend if
Accept the new harmonics (solutions) if better
-end while
‘Find the current best solutions
‘End

a2 2, 5t2Y MX|Q £ ZE
Fig. 2. Pseudo code of the Harmony Search
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Table 1, Result of Paired-Sample T-test in Each Experiment Model

Experiment Model | Experiment Model | Experiment Model
#1 #2 #3
p-value 0.2318 0.0155 0.1717
t-statistics 1.2030 24636 1.3760
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Fig, 6. Node B's probability update from the dynamic changes in environments
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