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minimize constraint
regularization by constraint En ww<C
hard-margin SVM wiw Eir = 0 [and more]
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large margin < fewer hyperplanes <= L2 regularization of short w
soft margin < special err

larger C or C <= smaller A\ <= less regularization
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linear score s=w'z, + b 6 —0/1

—SVII
. ermoy(s.y) = [ys < 0] 4
o Eigu(s.y) = max(1 - ys,0):

upper bound of erry 4 12
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il
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by convex upper bound of errg
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PLA soft-margin regularized
SVM logistic regression
for classification
minimize minimize regularized | minimize regularized
errg ¢ Specially errsym by QP errsce by GD/SGDY...
» pros: efficient if pros: ‘easy’ ® pros: ‘easy’
lin. separable optimization & optimization &
theoretical regularization
guarantee guard
» cons: works only cons: loose * cons: loose
if lin. separable, bound of errg /4 for bound of errg 4 for
otherwise very negative ys very negative ys
needing pocket
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SVM for Soft Binary Classification
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Naive Idea 1 Naive Idea 2

© run SVM and get © run SVM and get
(bsym, Wsym) (Dsvm. Wsym)
@ return @ run LogReg with

g(x) = O(WZ,,x + bsym) (bsvm. Wsym) @s Wo
@ return LogReg solution as

g(x)

« not really ‘easier’ than
original LogReg
 SVM flavor (kernel?) lost

» ‘direct’ use of similarity
—works reasonably well
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« SVM flavor: fix hyperplane direction by ws,,,—kernel applies
: fine-tune hyperplane to match maximum

likelihood by
« often if ws,,, reasonably good
« often if bsyw reasonably good
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Platt's Model of Probabilistic SVM for Soft Binary Classification

© run SVM on D to get (bsvu. Wsvw) [or the equivalent ], and
transform D to z,, = wl,, ®(X,) + bsyu

® run LogReg on {(z,, ¥n)}_, to get (A. B)

© return g(x) = (A - (W, ®(X) + bsvu) + 5)
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SVM PLA LogReg by SGD
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claim: for any L2-regularized linear model

optimal w, = 211 OnZn.
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let optimal w, = w; +w, where w; € span(z,) & w, L span(z,)
—wantw, =0
what if not? Consider w)

of same err as W.: err(y,, W Z,) = err(ya, (W) +w1)"z,)
of smaller regularizer as w..:
wiw, =wiw +2wiw, +wiw, > wiw

—W| than w.
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solving L2-regularized logistic regression

W (e (s

yields optimal solution w, = S_N

n=12nZn




with out loss of generality, can solve for optimal 3 instead of w

mln— :f:fonxm+— log|1+exp|—Vy, G K (X, X
23y v (1+emm (<53 )
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