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Pattern Extraction from handwritten digits images for multi-layer Bayesian Network
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Brains have hierarchical architectures and information in them flows not only from lower areas to higher areas
but also from higher to lower. As the model for this bottom-up and top-down flows, some researchers proposed
the hypothesis that information processing in cerebral cortex is based on Bayesian Networks. In this work, we
developed the Bayesian AutoEncoder (BAE), which is a method to construct a multi-layer restricted Bayesian
Network with hidden variables by extracting patterns from a training dataset. Networks constructed by BAE have
hidden variables that represent patterns of the data and can execute inferences about whether the patterns exist or
not in each input datum. BAE can construct Bayesian Networks with one hidden parent variables layer from small
artificial images and extract its patterns as hidden parent variables. In this paper, we applied BAE to handwritten
digit images and confirmed it can extract patterns from natural images.
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Yann LeCun,Corina Cortes and Chris Burges
http://yann.lecun.com/exdb/mnist/
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