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1. Statistical learning theory
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1. Statistical learning theory

Risk

Empirical risk
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1. Statistical learning theory
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1. Statistical learning theory

The following inequality is valid with 
probability η−1
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1. Statistical learning theory

Structure Risk Minimization – SRM
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2. Maximal margin hyperplane
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2. Maximal margin hyperplane

The SRM in SVM:
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2. Maximal margin hyperplane
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2. Maximal margin hyperplane
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3. Kernel methods
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3. Kernel methods
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3. Kernel methods
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3. Kernel methods
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3. Kernel methods
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4. Types of SVM

C-SVC: C+, C-
-SVC:      , 

One-class SVM: 
Transductive SVM: semi-supervised
Invariant SVM: includes pre-processing

ρ/1=Cν ν

ν



19

4. Types of SVM
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4. Types of SVM
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4. Types of SVM
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4. Types of SVM
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4. Types of SVM

10,1 == −+ CC 1,10 == −+ CC
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4. Types of SVM
One-class SVMSVC−ν
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4. Types of SVM
Transductive SVM
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4. Types of SVM
Invariant SVM

sample set separateKpreprocess

KJ
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5. Implementation
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Decomposition method
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5. Implementation

Chuking
Osuna
SVMlight
Sequential Minimal Optimization (SMO)
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5. Implementation
Chunking
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5. Implementation
Training set

Chunking

Osuna

SVMlight

SMO
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5. Implementation

Source code
– SVMlight

– LIBSVM
– MySVM
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6. Performance estimations

Performances
– Error rate
– Recall
– Precision

Estimations
– Cross Validation
– Leave-one-out
– (C-SVC)
– (v-SVC)
– (One-class SVM) 

estimate−ξα
estimate−ξαρ
estimate−ξαρν
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7. Multi-class SVM

One against all
One against one
DAG-SVM
All together
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7. Multi-class SVM

DAG-SVM 1-2

1-3 2-3

1-4 3-4 2-4 3-4

1          4   3          4  2         4  3          4

1                   2

1             3               2            3
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8. Evolving SVM

Objectives: 
Feature selection
SVM training model
Evolutionary Algorithms

( )ξαξαξα PREG ,,



36

Conclusions

Efficiency ?
Data set with noise ?
So many classes ?
Research and Implementation ?
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