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_earning with V
Support Vector Machines ¥

Given: training data {(x;,y;)]i=1...n} €e X xY, X CR? Y C R, (X;,Y;) i.i.d. ~ P unknown
(Goal:  minimize the regularized risk

fea=argmin EpL(Y, f(X)) + A|| fll7

feH
1. Loss function 2. Kernel 3. Penalizing term
Difference between Y and f(X) Difference between x; and x; Avoids overfitting
L:Y xR —|0,00) X # (), H reproducing kernel Hilbert space over X Improves generalization
Convex = problem not NP-hard k: X x X — R is reproducing kernel of 'H if | fll# also possible

»Vx € Xt k(x,-) € H and
VfEeH, VxeX: F(x)=(f k(x,))

Linear: /-C(XZ',X]') — <Xz'7Xj>
Gaussian RBF: k(x;, x;) = exp(—y%[|x; — x|[3)

Classification Regression
Y ={-1,1} Yok
Loss function Loss function
Hinge Logistic eps—insensitive Least Squares
Litinge(y, f(x)) = max{0,1 =y f(x)} Lrog(y, f(x)) = In(l + exp(—y f(x))) Le(y, f(x)) = max{0, |y — f(x)| —e} Lus(y, f(x)) = (y — f(x))°

Remark: L = Lig, k linear, A = 0 = standard LS-regression.

Lagrange approach gives the following dual problems

Classification Regression
with hinge loss with e-insensitive loss
arg min %O/QO& — a1 min W(a, a*) = 5%75(0% + o) — Sila; — o))y,
5220 — o )y — o) k(2 )
s.t. Yoy = 0; a € [0,C); C > 0; where Q5 = yiyik(wi, x5) st Xila; —af) = 0; a;,07 € 10,0, ,C >0
KKT conditions: necessary and sufficient conditions for a viable solution
Questions
Which properties should L, k, H, and A = (A\,,),,eN have such that
> /D, ), can be efficiently computed, with Dy, the empirical distribution Cristianini and Shawe-Taylor (2000)
EpL(Y. fp, (X)) = RTp =t x R measurable EPL(Y, (X)) — %ﬁ‘?élt{&p;ningn%%(zgngg% )(2004, 2005)

» fp.) has good robustness properties
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