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ABSTRACT

In this paper, we present a learning technique using score matching (SM) for the recently proposed deep
energy-based latent variable model (DELVM). The energy function of DELVM has continuous inputs and hidden
layers and are defined by deep neural networks. Based on this energy function, the objective function of
SM-based DELVM learning is derived through Fisher divergence and presents a parameter update method using
the gradient descent algorithm. In an image recognition experiment for unsupervised feature learning using
Fashion MNIST and CIFARIO data, the proposed technique demonstrates an improved performance than
contrastive divergence-based DELVM and existing models. In addition, abnormal detection experiments using

ECG and CIFARIO data also show more effective Fl-score over existing models.
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Fig. 1. The recognition accuracy (%) of SM and
CD-based DELVMs in Fashion-MNIST according to the
number and size of filters.
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Fig. 4. The recognition accuracy (%) of SM and
CD-based DELVMs in Fashion-MNIST according to the
number and size of filters.
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Table 1. The performance (%) of the single-layer models
in CIFARI10 according to the optimal number and size of
filters.
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according to the number of hidden layer.
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