
Course Name: Deep Learning 
Faculty Name: Prof. P. K. Biswas

Department : E & ECE, IIT Kharagpur

Topic
Lecture 26: Back propagation Learning – Examples II



Concepts Covered:

 Back Propagation Learning in MLP

 Different Loss Functions

 Back Propagation Learning - Example

 Back Propagation – Node Level



Back Propagation 
Learning

an
Example



Back Propagation Learning:- Output 
Layer
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Feed Forward 
Pass
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Back Propagation Learning:- Output 
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Back Propagation Learning:- Output 
Layer
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Back Propagation Learning:- Hidden 
Layer
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Back Propagation Learning:- Hidden 
Layer
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Course Name: Deep Learning 
Faculty Name: Prof. P. K. Biswas

Department : E & ECE, IIT Kharagpur

Topic
Lecture 27: Back propagation Learning – Examples



Concepts Covered:

 Back Propagation Learning in MLP

 Back Propagation Learning – Network Level

 Back Propagation – Node Level



Backpropagation at Network 
Level
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Back Propagation 
Learning

at
Node Level



Example: Node Architecture



Example: Forward Pass



Example: Backpropagation



Back propagation: Pseudo Code
# Set Input

w=5; x=3; y=2; z=4

# Forward Pass

v = x*y
u = w+v
f = u+z

# Backward Pass

dfdu = z
dfdz = u
dfdw = 1*dfdu # dudw = 1
dfdv = 1*dfdu # dudv = 1
dfdx = y*dfdv # dvdx = y
dfdy = x*dfdv # dvdy = x



Back propagation: Pseudo Code
# Set Input

w=5; x=3; y=2; z=4

# Forward Pass

v = x*y
u = w+v
f = u+z

# Backward Pass

dfdu = z
dfdz = u
dfdw = 1*dfdu # dudw = 1
dfdv = 1*dfdu # dudv = 1
dfdx = y*dfdv # dvdx = y
dfdy = x*dfdv # dvdy = x



Example: Calculate Gradients



Understanding Gradient Backward



Previous example: different approach



Another Example





Course Name: Deep Learning 
Faculty Name: Prof. P. K. Biswas

Department : E & ECE, IIT Kharagpur

Topic
Lecture 28: Autoencoder



Concepts Covered:

 Back Propagation Learning in MLP

 Autoencoder

 Undercomplete Autoencoder

 Autoencoder vs. PCA

 Sparse Autoencoder

 Denoising Autoencoder

 Contractive Autoencoder

 Convolution Autoencoder



Autoencoder
Unsupervised Learning where Neural 

Networks are subject to the task of 
representation learning.

Impose a bottleneck in the network
The bottleneck forces a compressed 

knowledge representation of the input.



Autoencoder
Assumption:
 High degree of correlation/structure exists 

in the data.
 For uncorrelated data (input features are 

independent), then compression and 
subsequent reconstruction would be 
difficult.



Autoencoder
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Autoencoder
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Expectation
 Sensitive enough to input for accurate 

reconstruction
 Insensitive enough that it does not memorize or 

overfit the training data 

rRegularize)ˆ,(FunctionLoss +⇒ XXL
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Autoencoder
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Course Name: Deep Learning 
Faculty Name: Prof. P. K. Biswas

Department : E & ECE, IIT Kharagpur

Topic
Lecture 29: Autoencoder vs. PCA



Concepts Covered:

Autoencoder

 Undercomplete Autoencoder

 Autoencoder vs. PCA

 Deep Autoencoder Training

 Sparse Autoencoder

 Denoising Autoencoder

 Contractive Autoencoder

 Convolution Autoencoder



Autoencoder
Unsupervised Learning. 
Representation learning.
Impose a bottleneck in the network.
The bottleneck forces a compressed 

knowledge representation of the 
input.



Autoencoder
Assumption:
 High degree of correlation/structure exists 

in the data.
 For uncorrelated data (input features are 

independent), then compression and 
subsequent reconstruction would be 
difficult.



Autoencoder
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Bottleneck
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Autoencoder
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Deep 
Autoencoder
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Autoencoder
vs.

PCA



What is 
PCA?





Course Name: Deep Learning 
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Topic
Lecture 30: Autoencoder vs. PCA



Concepts Covered:

Autoencoder

 Undercomplete Autoencoder

 Autoencoder vs. PCA

 Deep Autoencoder Training

 Sparse Autoencoder

 Denoising Autoencoder

 Contractive Autoencoder

 Convolution Autoencoder



Autoencoder
vs.

PCA



What is 
PCA?



PCA
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PCA
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PCA
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What does PCA 
do?



Deep 
Autoencoder
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Autoencoder vs. 
PCA

11 / AEPC
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Experimental Setup for Dimensionality 
Reduction

Source: G. E. Hilton and R. R. Salakhutdinov: “Reducing the 
Dimensionality of Data with Neural Networks”, Science, Vol 
313, July 2006, pp. 504-507.



MNIST Data set: 
Example

By Josef Steppan - Own work, CC BY-SA 4.0, 
https://commons.wikimedia.org/w/index.php?curid=64810040



Autoencoder converges to PCA

PCA 2-Layer Autoencoder

Source: G. E. Hilton and R. R. Salakhutdinov: “Reducing the 
Dimensionality of Data with Neural Networks”, Science, Vol 
313, July 2006, pp. 504-507.



Deep vs. Shallow autoencoder

2-Layered AE with 
Sigmoid Non-Linearity

Deep AE without any 
Non-Linear Activations

Source: G. E. Hilton and R. R. Salakhutdinov: “Reducing the 
Dimensionality of Data with Neural Networks”, Science, Vol 
313, July 2006, pp. 504-507.



Deep Autoencoder with Non-Linear Activations

Principal component analysis (PCA) Deep Autoencoder with Non-
Linear Activations

Source: G. E. Hilton and R. R. Salakhutdinov: “Reducing the 
Dimensionality of Data with Neural Networks”, Science, Vol 
313, July 2006, pp. 504-507.



Source: G. E. Hilton and R. R. Salakhutdinov: “Reducing the 
Dimensionality of Data with Neural Networks”, Science, Vol 
313, July 2006, pp. 504-507.

Autoencoder for Dimensionality Reduction
Articles from Reuter corpus were mapped to a 2 dimensional vector

PCA Autoencoder



Reconstruction from Latent Space
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Source: G. E. Hilton and R. R. Salakhutdinov: “Reducing the 
Dimensionality of Data with Neural Networks”, Science, Vol 
313, July 2006, pp. 504-507.



Reconstruction from Latent Space

Source: G. E. Hilton and R. R. Salakhutdinov: “Reducing the 
Dimensionality of Data with Neural Networks”, Science, Vol 
313, July 2006, pp. 504-507.

(a)

(b)

(c)

(a) Original          (b) 30-D AE          (c) 30-D PC
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