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1. Statistical learning theory
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1. Statistical learning theory

® Risk

R(w) = [ L(y, f(x,w))dP(x, y)
e Empirical risk

R, ()= %ZL(yl-,ﬂx,-,w))



1. Statistical learning theory




1. Statistical learning theory

e The following inequality 1s valid with
probability 1-7
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1. Statistical learning theory

e Structure Risk Minimization — SRM
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2. Maximal margin hyperplane




2. Maximal margin hyperplane

e The SRM in SVM:

w' x+b=0 v =1

g [+ if(Wx+b>A)
A y_{—l, if(wa-l—bS—A)
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2. Maximal margin hyperplane

e The data 1s linearly separable

1 o1
min —w'w min EaTQa—eTa
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2. Maximal margin hyperplane

e The data 1s linearly separable

I 1
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3. Kernel methods
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3. Kernel methods
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w,& i=1

Subject to:
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0<a <C,i=1,..,1
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f(x)=sgn(
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3. Kernel methods
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3. Kernel methods

e Polynomial

T d
K, (x,x,) = (le X, + r)

e Radial Basic Function (RBF)

Hxl —X2 H2
2

_ 20
K ppr (x19 Xy ) =€

16



3. Kernel methods

poly

0<A<l1
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4. Types of SVM

e C-SVC: C,, C-

o V-SVC: v , C=1/p

e One-class SVM: v

e Transductive SVM: semi-supervised

e Invariant SVM: includes pre-processing
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4. Types of SVM

o C-SVC
.1 l i lozTQoz—eTa
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4. Types of SVM
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4. Types of SVM

o V-SVC(C: l
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4. Types of SVM

® One-class SVM
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4. Types of SVM

C+:1,C_:10 C+:10,C_:1
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4. Types of SVM
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4. Types of SVM

Transductive SVM
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4. Types of SVM

Invariant SVM

sample set

»| preprocess

KJ

» Separate
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5. Implementation

n}xin %aTQa—eTa
Subject to:
0<a <C,i=1,..,1/
y'a=0

T
Qij =ViViXi X

Decomposition method

Kiithn-Tucker Condition
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5. Implementation

e Chuking

e Osuna

e SVMlight

e Sequential Minimal Optimization (SMO)
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Chunking

5. Implementation
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5. Implementation

Training set 0O0000000000000O0

Chunking O000000O0O00O0
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5. Implementation

e Source code
— SV M/ight
— LIBSVM
— MySVM
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6. Performance estimations

e Performances
— Error rate

— Recall
— Precision

e Estimations
— Cross Validation
— Leave-one-out
— fa —estimate (C-SVQO)
— Sap —estimate (v-SVC)
— Capv —estimate (One-class SVM)
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/. Multi-class SVM

e One against all
e One against one
e DAG-SVM

e All together
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/. Multi-class SVM

e DAG-SVM l
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8. Evolving SVM

e Objectives: GIE.,,R.,,P.,)
e Feature selection

e SVM training model

e Evolutionary Algorithms

35



Conclusions

e Efficiency ?
e Data set with noise ?
e So many classes ?

e Research and Implementation ?
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