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ABSTRACT

This paper proposes a new energy-based latent-variable model (EBLVM) for unsupervised feature learning.
The joint probability density function of EBLVM defines a new energy function for the continuous visible and
hidden variables in which the visible variable is transformed by the deep neural network. We train the
parameters of a new EBLVM using a gradient-based contrastive divergence algorithm. Since EBLVM has a
deep structure and learns by combining all hidden layers, effective features for feature learning can be
extracted from each layer. In comparative feature learning experiments using Fashion MNIST and CIFARI10
data, the proposed method shows better recognition performance than the existing stacked RBM, DBN, DBM,
and DEM.
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