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Note on deep architecture and deep learning algorithms
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Abstract: Deep architectures proposed by Hinton et al stir up another study wave in neural networks.
This paper introduced the idea and basic concepts in deep learning. DBNs and RBMs are the advanced
structures of deep learning, whose structures and effective learning algorithm are also introduced in detail
in this paper. In addition, open questions in deep learning are also briefly displayed so that researchers
who are interested in can devote themselves into those questions and solve them.
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Fig. 1 Structure of biological and artificial neurons
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Fig.2 Picture for recognition Fig.3 Deep learning model
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Fig.7 Deep Learning Model
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