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Concepts Covered:

 Linear Discriminator

 Perceptron Algorithm

 Support Vector Machine (SVM)
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Faculty Name: Prof. P. K. Biswas

Department : E & ECE, IIT Kharagpur

Topic
Lecture 12: Support Vector Machine II



Concepts Covered:

 Support Vector Machine (SVM)

 Support Vector Machine Design



X1

X2

Support Vector Machine



X1

X2

Support Vector Machine



X1

X2

Support Vector Machine



X1

X2

Support Vector Machine



X1

X2

Support Vector Machine



X1

X2

Support Vector Machine





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

Department : E & ECE, IIT Kharagpur

Topic
Lecture 13: Linear Machine



Concepts Covered:

 Linear Classifier

 Support Vector Machine

 Linear Machine

Multiclass Support Vector Machine
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Multiclass Problem: Linear Machine
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Interpretation
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Interpretation



Multiclass Problem: Linear Machine

Source - http://cs231n.github.io
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Topic
Lecture 14: Linear Machine and Multiclass SVM



Concepts Covered:

 Linear Classifier

 Support Vector Machine

 Linear Machine

Multiclass Support Vector Machine



Multiclass Problem: Linear 
Machine
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Multiclass Problem: Linear Machine
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Interpretation
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Multiclass Problem: Linear Machine

Source - http://cs231n.github.io



Bias Trick
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Multiclass SVM
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Loss Function: An Example
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Hinge Loss
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Course Name: Deep Learning 
Faculty Name: Prof. P. K. Biswas

Department : E & ECE, IIT Kharagpur

Topic
Lecture 15: Multiclass SVM Loss Function



Concepts Covered:

 Linear Machine

Multiclass Support Vector Machine

Multiclass SVM Loss Function

 Optimization
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Multiclass SVM
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Loss Function: An Example
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Choice of Hyper Parameter
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Loss Function 
Visualization



Visualizing Loss Function
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Visualizing Loss Function
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Visualizing Loss Function
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Source - http://cs231n.github.io

Visualizing Loss Function

 Take a random       (a single point in space)

 Take a random direction

 Record the Loss along 
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Visualizing Loss Function
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Visualizing Loss Function
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Visualizing Loss Function
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Source - http://cs231n.github.io

Optimizing Loss Function
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Source - http://cs231n.github.io
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Optimizing Loss Function
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