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Évaluation d’un modèle (classification binaire)

Receiver-Operator Characteristic curve

0.00 0.25 0.50 0.75 1.00
FPR

0.0

0.2

0.4

0.6

0.8

1.0

T
PR

Modèle 1
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1. Nonlinear parametric models
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2. Kernels

2.1 Dot product
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2. Kernels

2.2 Kernel definition
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2. Kernels

2.3 Kernels generalize the dot product
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2. Kernels

2.4 Kernel examples
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3. Kernelization

3.1 The kernel trick
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3. Kernelization

3.2 Kernel ridge regression
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4. Support Vector Machines
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4. Support Vector Machines

4.1 Margin maximization
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4. Support Vector Machines

4.2 SVM: Primal formulation

Binary classification, Y = {−1, 1}
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4. Support Vector Machines

4.3 SVM: Dual formulation
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4. Support Vector Machines

4.5 Kernel SVM
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4. Support Vector Machines

4.5 Support Vector Regression

ε-insensitive loss: L(y, f (�x)) = max(0, |f (�x)− y|− ε)
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