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Soft-Margin Primal SVM
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Duality

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

* 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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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)



Gradients Consequences
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Dual SVM
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Kernel SVM
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Kernels

K(xi, x;) == &(x;) ®(x;) X Z
X = R?
d(x) =[xt x%, x>, ..., x]" — R?
d(x) = [Xl, oox XX X XY X9 ,XdXd]T Z=R"
Z =R

I 1 1 1 )
O(x) = |exp (—Hx—xﬂlz) exp (—Hx—XzHZ) e (—Hx—on)
i o) o) o) i

(This feature map for RBF is wrong. See next video for correction)




Linear feature map
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Quadratic feature map
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Gram Matrices
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| Inear Kernel
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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

Next time: how to efficiently compute polynomial and RBF kernels



