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Abdract: Dynaric Bayedan networks are a representation for conplex gochadic processes. How to learn gructure of Dynamic
Bayesan networksfrom data is a hot problem of research. An evol utionary dgorithm i's proposed. FHtnessfunction based on expectation
ispresented to convert inconplete data to conplete data utilizing current bes dynamic Bayedan network of evol utionary process. Thus
dynamic Bayesan networks can be learned by usng two Bayesan networks ,prior network and trangtion network ,to reduce the compu-
tationd conplexity. Encoding is gven ,and genetic operators are desgned which provides guarantee of convergence. BExperimentd re-
auts ot only show this dgorithm can be dfectively used to learn Dynamic Bayesan networks dructure from inconplete data s
quences ,but d< illudrate the role of hidden variables and the irfluence of genetic control parameters on learned nmodd .
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