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Support vector machine

Given a set of training data

find a function that can estimate

and minimize the frequency of the future error. 
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Support vector machine

based on fundamentals of statistical learning theory 
(Vapnik-Chervonenkis theory)

X
Y=f(X) Y

Instead of identifying the unknown function (what classical 
statistics does), the main goal of VC theory is to imitate the 
unknown function.

The key discovery of VC theory:

•Two and only two factors are responsible for generalization:

-One (empirical loss) defines how well the function approximates data
-Another (capacity, VC dimension) defines the diversity of the set 
of functions from which one chooses an approximation function

•If VC dimension is finite, then one can achieve a good 
generalization. If it is not finite the generalization is impossible.



Examples

The VC dimension of linear indicator functions

is equal
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Examples

The VC dimension of the set of functions

is infinity
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Support vector machine
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Support vector machine

Suppose that the data

can be separated by a hyperplane
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Support vector machine

Blue dots:
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Combined: [ ] ibxwy ii ∀≥−⋅ ,0)( Variables: bw   and  
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Support vector machine
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Support vector machine
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Support vector machine

2min wMaximize the margin:

s.t. 

Variables: bw   and 
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Support vector machine

)(min ww ⋅Maximize the margin:
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Variables: bw   and 
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Support vector machine

)(5.0min ww ⋅Maximize the margin:

s.t. 

Variables: bw   and 
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Non separable case: 
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Dual problem
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Optimization 
problem for finding 
support vectors
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Polynomial machine:

A radial basis function machine:
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Support vector machine

Decision rules with a kernel using found
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Support vector machine

Decision rules using only the support vectors
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