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m Auto-encoders (AE) and Restricted Boltzmann Machines (RBM) are two
kinds of basic building blocks which are widely used in the architectures of deep
neural networks. By minimizing the reconstruction errors, both the AE and the RBM
can extract the key characteristics of the input data and can work as the basic
framework of the unsupervised learning. Moreover, with the layer—by—layer stacking
and layer—wise pre—training, both the stacked AE and the deep belief networks can
help neural networks converge faster and better in the following supervised fine—

tuning process.
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