
Course Name: Deep Learning 
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Department : E & ECE, IIT Kharagpur

Topic
Lecture 21: Multilayer Perceptron 



Concepts Covered:

 Neural Network
 AND Logic

 OR Logic

 XOR Logic

 Feed Forward NN

 Back Propagation Learning
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Back Propagation 
Learning



Single Layer Network- Single Output 
without nonlinearity
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Course Name: Deep Learning 
Faculty Name: Prof. P. K. Biswas

Department : E & ECE, IIT Kharagpur

Topic
Lecture 22: Multilayer Perceptron -II 



Concepts Covered:

 Neural Network

Feed Forward NN

 Back Propagation Learning
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Single Layer Network- Single Output with 
nonlinearity
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Single Layer Network- Single Output with 
nonlinearity
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Back Propagation Learning:- Single Layer Multiple 
Output

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

Department : E & ECE, IIT Kharagpur

Topic
Lecture 23: Back Propagation Learning 



Concepts Covered:

 Learning in Single Layer Perceptron

 Back Propagation Learning in MLP
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Single Layer Network- Single Output with 
nonlinearity
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Single Layer Network- Single Output with 
nonlinearity

W E∇ =



Back Propagation Learning:- Single Layer Multiple 
Output

OutputInput
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Back Propagation Learning:- Output 
Layer
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Back Propagation Learning:- Output 
Layer
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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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Back Propagation Learning:- Hidden 
Layer
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Back Propagation Learning:- Hidden 
Layer
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Back Propagation Learning:- Hidden 
Layer
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Back Propagation Learning:- Hidden 
Layer
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Back Propagation Learning:- any Hidden 
Layer
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Course Name: Deep Learning 
Faculty Name: Prof. P. K. Biswas

Department : E & ECE, IIT Kharagpur

Topic
Lecture 24: Cross Entropy Loss



Concepts Covered:

 Back Propagation Learning in MLP

 Squared Error

 Cross Entropy Loss



Problem with Quadratic Loss Function
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Cross Entropy 
Loss



Cross Entropy Loss- Two Class 
Problem
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Cross Entropy 
Loss
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Cross Entropy 
Loss
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Cross Entropy Loss- Multiclass 
Problem
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Course Name: Deep Learning 
Faculty Name: Prof. P. K. Biswas

Department : E & ECE, IIT Kharagpur

Topic
Lecture 25: Back propagation Learning – Examples



Concepts Covered:

 Back Propagation Learning in MLP

 Different Loss Functions

 Back Propagation Learning - Example

 Back Propagation – Node Level



Back Propagation 
Learning

an
Example
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Feed Forward 
Pass
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Back Propagation Learning:- Output 
Layer
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