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Topic
Lecture 31: Autoencoder Training



Concepts Covered:

Autoencoder

 Undercomplete Autoencoder

 Autoencoder vs. PCA

 Deep Autoencoder Training

 Sparse Autoencoder

 Denoising Autoencoder

 Contractive Autoencoder

 Convolution Autoencoder
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Layer by Layer
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Concepts Covered:

Autoencoder

 Undercomplete Autoencoder

 Autoencoder vs. PCA

 Deep Autoencoder Training

 Sparse Autoencoder

 Denoising Autoencoder

 Contractive Autoencoder

 Convolution Autoencoder
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Sparse 
Autoencoder
 Interesting features can be learnt even when number of 

nodes in the hidden layer is large.

 Introduce sparsity constraint on the hidden layer nodes that 
penalize activations within a layer.

 Network learns encoding-decoding that relies on activating 
a small number of neurons.

Regularizing Activations not the Weights
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Sparsity 
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KL 
Divergence

https://www.jeremyjordan.me/autoencoders/



Sparsity 
Constraint
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Denoising
Autoencoder



Denoising
Autoencoder

 The Autoencoder learns a generalizable encoding-
decoding scheme.

 An approach:- while training use corrupt data as 
input but output as uncorrupted original data.

 The model can not memorize the training data as 
input and target output is not same any more

 The Model learns a vector field to map the input 
data towards a low dimensional manifold.
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Concepts Covered:

Autoencoder

 Undercomplete Autoencoder

 Autoencoder vs. PCA

 Deep Autoencoder Training

 Sparse Autoencoder

 Denoising Autoencoder

 Contractive Autoencoder

 Convolution Autoencoder
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Denoising
Autoencoder

 The Autoencoder learns a generalizable encoding-
decoding scheme.

 An approach:- while training use corrupt data as 
input but output as uncorrupted original data.

 The model can not memorize the training data as 
input and target output is not same any more

 The Model learns a vector field to map the input 
data towards a low dimensional manifold.
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What is 
Manifold?



Manifold 
Learning

1AE

2AE

X
X

X
X

X
X X X

X
X

X

X

X~

fieldVector )( xxr −



Contractive 
Autoencoder



Contractive 
Autoencoder

 For similar inputs- learned encoding (compressed domain 
representation should also be very similar.

 Hidden layer activation variation with input data should be small.

Effectively the Model learns to contract a neighborhood of 
Inputs to a small neighborhood of Outputs 
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Concepts Covered:

 CNN

 Convolution

 Linear Time Invariant (LTI) System

 Linear Shift Invariant (LSI) System

 Cross Correlation



LTI/ 
LSI
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Concepts Covered:

 CNN

 Convolution

 Linear Time Invariant (LTI) System

 Linear Shift Invariant (LSI) System

 Cross Correlation
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Cross 
Correlation
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Normalized Cross 
Correlation
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