AutoEncoders
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Autoencoder is a neural network tha is trained to attempt to copy its input to its output
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Undercomplete Autoencoders
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e Sparsity of the representation
e Smallness of the derivative of the representation
e Robuestness to noise or to missing inputs
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Sparse Autoencoders
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Denoising Autoencoders
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Regularizing by Penalizing Derivatives

Representational Power, Layer Size and Depth
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Learning Manifolds with Autoencoders
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Contractive Autoencoders
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