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Sparse Feature Learning for Restricted Boltzmann Machine
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Abstract As a basic model for deep learning algorithms, restricted boltzmann machine (RBM) is widely applied in the
field of machine learning, However, the traditional RBM algorithm does not take full account of the sparse feature lear-
ning for data. Therefore, the algorithm performance is greatly influenced by the sparsity of the dataset. In this study,a
sparse feature learning method for restricted Boltzmann machine(sRBM) was proposed. Firstly, the sparse coefficient of
the dataset is determined by the mean of normalized input data. Then the dense dataset with the sparse coefficient being
greater than threshold will be converted to sparse dataset automatically. As a result, sSRBM makes the input data sparse

without information loss. We performed experiments on MNIST dataset and attribute discovery dataset, The experimen-
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tal results show that sSRBM improves the performance of sparse feature learning for RBM effectively.
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