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The OOBP Recognition Algorithm for the BESOM Bayesian Network
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Recent research results in computational neuroscience imply that cerebral cortex is a Bayesian network. The
functionality and performance of the Deep Learning technology may be improved if we take this hypothesis into
account. We propose the OOBP algorithm, which accelerates loopy belief propagation by imposing a restriction
on conditional probability tables in a Bayesian network.
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N: the number of nodes at each layer

hidden nodes
L: the

number
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Each node has S states.
Each node has at most E parent nodes.
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