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Abstract Layerwise pre-training is one of important elements for deep learning, and Restricted Boltzmann Ma-
chines (RBMs) is popular layerwise pre-training method. At present, the most popular training algorithm for RBMs
is the Contrastive Divergence (CD) learning algorithm. We propose deriving a new training algorithm based on an
auxiliary function approach for RBMs using the likelihood and the reconstruction probability of observations as the
optimization criterion. Through an experiment on parameter training of few RBMs, we confirmed that the present
algorithm outperformed the CD algorithm in terms of the convergence speed and the reconstruction error when
used as an autoencoder.
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