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Linear classification revisited
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Linear classification revisited

•Which classifier is better for generalization?

Class +1

Class -1



Linear classification revisited

•Intuitively, expect a large margin to generalize better

•In fact, this intuition can be made formal!

large margin

Class +1

Class -1



Large-margin generalization

 



Recall: Distance to a hyperplane

 



Support Vector Machines

 

 

 



Support Vector Machines: Candidate Goal

Assume data is linearly separable (for now)

Objective idea 1: maximize margin over all training data points:

 

Minimax Optimization may be difficult to solve!
(recall optimization difficulties with GANs)



SVM: Simplified Goal

 



SVM: Simplified Goal

 



Writing the SVM as an optimization problem

 



So why are they called support vector machines?

Instances where inequality is tight are the support vectors 

• Lie on the margin boundary

• Solution does not change if we delete other instances!

support 
vectors

Ben-Hur & Weston,  Methods in Molecular Biology 2010



SVM: Soft Margin
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What if we have nonlinearly separated data?

Issue: sometimes the data is 
well-separated but not in a 
linear way

Solution: classify in a 
higher-dimensional space 
using a feature map

Issue: what if the dimension 
of the space is too high to 
represent efficiently?

Solution: reformulate the 
optimization problem to 
only depend on the 
similarity between points

Ben-Hur & Weston,  Methods in Molecular Biology 2010

 

 



Brief introduction: Constrained optimization

 

Objective

Constraints



Why do we care about the Lagrangian?

 



Why do we care about the Lagrangian?

 



Why do we care about the Lagrangian?

 



How do we use duality to reformulate SVMs?

 



SVM: Reformulation

 



SVM: Training with dual version

 



SVM: Testing with dual version

 



 

support 
vectors

SVM: Support vectors in the dual case



Break & Quiz



Quiz

 

A: False,  B: False, C: True
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Feature Maps

 

Ben-Hur & Weston,  Methods in Molecular Biology 2010

 



Feature Maps and SVMs

 



Kernel Trick

 

Kernel Feature Maps



Kernel Types: Polynomial
 

Ben-Hur & Weston,  Methods in Molecular Biology 2010

 



Kernel Types: Gaussian/RBF 

• 

   



Break & Quiz



Quiz

Which of the following statements are true?

A. SVMs with nonlinear kernels implicitly transform the low 
dimensional features to a high dimensional space and then 
performing linear classification in that space.

B. The “Kernel trick” refers to computing this transformation 
and then applying the dot product between the 
transformed points.

A: True, B: False



Quiz

 

Ans: 2



Quiz

Why might we prefer an SVM over a neural network?

A. With an SVM we can map inputs to an infinite 
dimensional space. With neural networks, we cannot.

B. SVMs are easier to train: An SVM would not get stuck 
in a local optima, whereas a neural network might.

C. Tuning hyper-parameters in an SVM may be easier 
than in neural networks. 

Ans:    all of the above



Extensions of kernel SVM

• 



Kernel Methods vs. Neural Networks

Can think of kernel SVM approach as fixing a layer of a neural 
network, but using kernel feature representations instead:

 

 

 

 

 

 

 

 

 



Kernel Methods vs. Neural Networks

 



Thanks Everyone!

Some of the slides in these lectures have been adapted/borrowed from materials developed by Misha Khodak, 
Mark Craven, David Page, Jude Shavlik, Tom Mitchell, Nina Balcan, Elad Hazan, Tom Dietterich, Pedro Domingos, 
Jerry Zhu, Yingyu Liang, Volodymyr Kuleshov, Fei-Fei Li, Justin Johnson, Serena Yeung, Pieter Abbeel, Peter Chen, 
Jonathan Ho, Aravind Srinivas, Josiah Hanna


