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Soft-Margin Primal SVM
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Duality

e Optimization problems can be viewed from two (or more)
perspectives

e primal problem vs. dual problem

» Solving the dual tells us about the solution to the primal



[ agrangian (KKT) Dual for SVM

Karush-Kuhn-Tucker



Primal SVM
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L(w, b, &, a, B)
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Karush-Kuhn-Tucker Conditions

At the solution, we will provably have...

Stationarity: gradients for primal and dual variables will be zero
Primal feasibility: constraints on primal constraints will be satisfied
Dual feasibility: constraints on dual variables will be satistied

Complementary slackness: for all inequality constraints, either the
KKT multiplier will be zero or the constraint will be at equality (tight)
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Primal SVM
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Dual SVM
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Kernel SVM
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P (x)

X, ...

Kernels
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Linear feature map
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Quadratic feature map
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Gaussian radial-basis (RBF) feature map

(Something weird. See in a few slides.)
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Gram Matrices
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| Inear Kernel
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Efficient Kernel Computation
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Radlal Basis Functions




Taylor Expansion of RBF Kernel
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Kernel Formulas
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Kernels

 Map input data to new feature space (usually higher dimensional)
o Efficient method for computing inner product in mapped space

 Methods using inner products can directly use kernel

 E£.g., dual SVM



summary

SVM primal problem has a dual optimization

Dual has box constraints on dual variables

Dual only considers inner products of data vectors
Kernel trick: replace inner products with kernel functions

* |nner products in mapped feature space



