
SUM & SUR
·

Support Vector Machine & Support Vector Regression
- Maximum margin classifier · Epsilon - insensitive loss

- Primal and dual forms
- Linearly separable data
- Not linearly separable data
- Slack variables and hinge loss

When we use SVM :
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II . SVM Learning ! -
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Use Lagrange Optimization
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subjEct to constraints : i Ui+No 0 Hi

Note : Use & instead ofA for langrange multipliers
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Primal form of Lagrangian--

Dual form
Easier to use if express its dual representation .
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Comments .

1 (() => only need to optimize writ. ;yields solution *

2. In Lp()
. A appears in terms of what form ?

Xixj(ziUi) (juj)-> form of a Kernel
= can define nonlinear transformation by a choice of Kernel KiI
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-> Introduce slack variables &i , such that 13 is xul

Size ifhiis on correct side of magine boundary
Bi-normalized distance to boundary ,

if on incorrect side of margin boundary
= 1 ifis on decision boundary
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Loss function :
Hinge
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margin width
d= iwl
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SUR : Support Vector Regression
SUM adapted
to regression problems

3 *-> N mapping
&1) OrK- 1- > Linearsor

- I

Motivation: to have a regression model suitable to sparse data
e.g . high D'low N

In Ridge Regression , we used a criterion fin : MSE + 22 regularizerN

JRR(W)= [(n-yn]+XIlwI , Xo
u

- keep 12 regularizer
For SVR :

use "E-insensitive" loss
instead of squared-error loss

Ea
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E-insensitive- loss Ea .
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O error for predictions jn) within s of known
output In, means learning algorithm

is less likely to overfit to noise or small varations indata.


