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Concepts Covered:

 Linear Discriminator

 Perceptron Algorithm

 Support Vector Machine (SVM)
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Topic
Lecture 12: Support Vector Machine II



Concepts Covered:

 Support Vector Machine (SVM)

 Support Vector Machine Design
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Concepts Covered:

 Linear Classifier

 Support Vector Machine

 Linear Machine

Multiclass Support Vector Machine



Multiclass Problem: Linear 
Machine



Linear Classifier & SVM
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Interpretation
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Multiclass Problem: Linear Machine
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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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Interpretation
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Multiclass Problem: Linear Machine

Source - http://cs231n.github.io
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Multiclass SVM
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Loss Function: An Example
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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 Problem: Linear Machine



Multiclass SVM
),(),( ii

thth
jij yXVectoriofClassjforScoreWXfs →=

∆≥− jy ss
i

∑
≠

∆+−=
i

i
yj

yji ssL ),0max(

maximumbeshould),( →=
ii yiy WXfs

iWX= }



Loss Function: An Example

10=∆

∑
≠

∆+−=
i

i
yj

yji ssL ),0max(

ts )25203010( −=

2),( =iii ywhereyXsomeFor

15
1500

)103025,0max()103020,0max()103010,0max(

=
++=

+−++−−++−=



Hinge Loss

iyj ss −

),0max( ∇+−
iyj ss

0 ∇

∇



Regularization
i

t
yi

t
jyj XWXWss

ii
−=−

WWW λλ ←:byScaling

( )
ii yjyj ssss −←− λ



Regularization
R(W)termtionregularizaaInclude

∑∑=
k l

klWWR 2)( λ

)(1 WRL
N

L
i

i λ+= ∑

∑∑∑∑ +∇+−=
≠ k l

kl
i yj

yiji WWXfWXf
N

L
i

i

2)),(),(,0[max(1 λ



Choice of Hyper Parameter
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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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Visualizing Loss Function
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Optimizing Loss Function
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