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Learning with a Bayesan Networks a Set of Conditiona Prohility Tables
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Abdract: Bayedan network is becoming nore remarkable in Al research fidds ,which plays inportart role in modern expert
gydem ,diagmses sysem and deci Son sysem. Bayedan network works on three points as below : knowdedge representation ,learning and
irference. Prababiligic methods are its mathemetica fundamenta which helpslearning distribution from data and |eads Bayesan theory
to red gpplicaion. Thispaper introduces various common methodsin probahility data learning and make cormpari on arong them under
various gpplication background. The methods based on clasicd datidics have a matured theory and a set of snple and direct cdcua
tion. But they reply heavily on sanrple data ,which gpply only those irformation from sanrple data with expert kromedge |6t asde.
Bayedan Network combines i rformation of expert knomedge and sanple data together. It can gve nore accurate learning result and re-
ly lesson sanrple data. Parameter learning is main part of learning Bayedan Network nodels,and it’ s the bass of Bayedan Network
learning.
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