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Tab.2 Some conditional probabilistic tables of hierarchical Bayesian network
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A New Approach to Learning Conditional Probabilities
in Bayesian Networks

WANG Rong-gui, GAO Jun,ZHANG You-sheng, PENG Qing-song
(School of Computer and Information, Hefei University of Technology,He fei 230009 ,China)

Abstract: A learning approach is proposed to solve the problems of conditional probability
assignation in large scale Bayesian networks. Firstly, a new hierarchical Bayesian Network
model is defined based on class hierarchical structure, which is used to represent large
scale Bayesian networks. Then, the train data set is changed from a single table to a
database composed of some database tables. And each database table corresponds to a
Bayesian network block. Based on that, a formula of conditional probability is developed.
And each conditional probabilistic table of Bayesian network block can be calculated from
the database tables respectively. Proper adjustment of the attribute number in each
database table can assure the validity of this learning approach. Experiments in automatic
detection and location of texts in images show the feasibility of this hierarchical Bayesian
network and learning approach.

Key words:; Bayesian networks; class hierarchical structure; hierarchical Bayesian network;

machine learning; text detections





