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Deep Belief Networks Research Based on Maximum Information Coefficient

ZENG An ZHENG Qi-mi
(School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510000, China)

Abstract The traditional deep belief networks use reconstruction error as the evaluation criteria of restricted boltzmann
machine(RBM) networks in the training process, which can reflect the likelihood between RBM network and training
samples to some extent. However, it is not reliable, Maximum information coefficient (MIC) , based on the estimations
of Shannon entropy and conditional entropy, identifies interesting relationships between pairs of variables in large data
sets and captures a subset of highly related features. The MIC can be used as a criterion for evaluating a network since
it is robust to outliers. In order to construct models that fit data well and reduce classification error,a deep belief net-
works based on MIC method was proposed. MIC is used not only in dimensionality reduction, but also in improving the
unreliability of the reconstruction error, Classification experiments were performed on handwriting data sets of MNIST

and USPS by several traditional methods and deep belief networks based on MIC method. The results show that the lat-

ter can improve the recognition rate effectively.
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