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A typical problem

* We have a cohort of patients from two
~ groups- sayAandB.
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Learning and
Generalization
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|. Linear SVM
2. Non Linear SVM: Kernels
SVM

3. Tuning
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Learning from Data

To make predictions we need informations
about the patients
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Linear model

Patients of class A are labeled y=1
Patients of class B are labeled y=-1

Linear model
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|D Case
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How do we find a good solution?

y=-1




How do we find a good solution?

w-x >0




How do we find a good solution?
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How do we find a good solution?
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How do we find a good solution?




How do we find a good solution!?
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Maximum Margin Hyperplane

....with little effort ... one can show that

maximizing the margin M is equivalent to:
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SVM

Linear and Separable SVM

min |lw||?

weR"
subject to :  yi(w - x) > 1

Typically an off-set term is added to the solution

f(x) = sign (w- X + b).
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A more general
Algorithm

There are two things we would like to
Improve:

e Allow for errors
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Measuring errors
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Measuring errors (cont)
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Linear SVM
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subjectto: yi(W-x+b)>1-¢& i=1,...,¢

& >0 I=1,...,¢
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Optimization

How do we solve this minimization problem?

(...and why do we call it SVM anyway?)
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Some facts

* Representer Theorem

e Dual Formulation

* Box Constraints and Support Vectors
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Representer [heorem

The solution to the minimization problem
can be written as
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Dual Problem

The coefficients can be found solving:

max S . aj— Ja Qo
aERE

subject to : Zfﬂ yiaj =0
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Optimality conditions

with little effort ... one can show that

f then

Friday, October 30, 2009



Sparse Solution

Note that:

The solution depends only on the training
set points. (no dependence on the number of
features!)
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Feature Map

Input Space Feature Space




A Key Observation

The solution depends only on @ = y;y;(z; - ;)

max > . aj— sa Qo
aERY

subject to : Zf:1 yiaj =0

O0<qa;<C

Idea:use () = yzyj(q)(%) ' (I)(fj))




Kernels and Feature
MEDR

The crucial quantity is the inner product

K(z,t) = ®(z) - ®(t)

- called Kernel.
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Examples of Kernels

e Linear kernel
K(x,x)=x-x

e Gaussian kernel

, _lx=x)?
K(x,x)=e 2 |

¢ Polynomial kernel

K(x,x") = (x-x" +1)9, deN

For specific applications, designing an effective kernel is a
challenging problem.
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Non Linear SVM

Summing up:

* Define Feature Map either explicitly or via a
kernel

. F|nd Imear solutlon in the Feature space
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Example in 1D
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Software

@ SVM Light: http://svmlight.joachims.org
@ SVM Torch: http://www.torch.ch

@ libSVM:
http://www.csie.ntu.edu.tw/~cjlin/libsvm/
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Model Selection

* We have to fix the Regularization parameter C

* We have to choose the kernel (and its
parameter)
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Regularization Parameter

min

WERNECRN bER

 |arge C:we try to minimize errors ignoring
the complexity of the solution

 Small C we ignore the errors to obtain a
simple solution




Which Kernel?

* For very high dimensional data linear kernel is often
the default choice

* allows computational speed up

* |ess prone to overfitting
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demo
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http://svm.dcs.rhbnc.ac.uk/pagesnew/GPat.shtml
http://svm.dcs.rhbnc.ac.uk/pagesnew/GPat.shtml

Practical Rules

We can choose C (and the kernel
parameter) via cross validation

e Holdout set
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K-Fold CV

We have to compute several solutions...

Cross Validation
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A Rule of Thumb

This is how the CV error typically looks like
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Fix a reasonable kernel, then fine tune C
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Which values do we start from?

* For the Gaussian kernel, pick sigma of the
order of the average distance...

* Take min (and max) C as the value for which
the training set error does not increase
(decrease) anymore.




Computational Considerations

* the training time depends on the
parameters: the more we fit, the slower the
algorithm.

e typically the computational burden is in the
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Regularization Networks

SVM are an example of a family of algorithms
of the form:
/

L Z V(yi,w- ®(x;)) + [Jw|’
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Ringe Loss
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| oss functions

F—1nsensitive
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Representer [heorem

For a LARGE class of loss functions:

= zn:ozi(q)(:c Zaz i)
i=1
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Regularized LS

The simplest, yet powerful, algorithm is
probably RLS

Square loss  V(y,w- ®(z)) = (y — w - ®(z))?
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Summary

* Separable, Linear SVM
* Non Separable, Linear SVM
* Non Separable, Non Linear SYM
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