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Decision \aounda'\'y e We know decision boundavy of a classifier {s where
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TeP‘rese‘nE
QTE >/ 1 B 3 Scme|e£
_e_T z £ -1 o (> SC\W‘P\QS
MOT‘s'\n.

as
;/GT\?_( > 1 2or all sqm):\e.s
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* We vnow want 1o calculate the width of
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e We want P morimize the width

Lel el

subject bo constraint  that

\/@Tg—ﬂzo

NOOD, conskrained OFﬁYnizchm can be converted into unconskained oph‘mimh‘on

using p(acaranﬁe wmultipliers
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e The dataset miaht be \Theoﬂj separa!o\e in the l‘rar\sformed Peatvre sFaceL
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S Pracl—ice, exact se):am{-\‘cm_ of hra'm(n% dato ey lead to peor %emem'\\‘mh‘om
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v We now madi{-ﬁ the loss Punchon such thot =ome doka Foinls are allowed
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¢ The %oa\ i« Yo now waximize the width cs?- the shkreect while SOH‘\y
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The o(a%ronaia'n assaciated  oith  soft margqin . SUM
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. We need to moximize L (B) w-v. % P ‘o get the sdubion variabe B
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e Dual formulahon with ot
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The ihi’efes—\-ma Foin’c it QUM 1§ that the dual Porome\-er A turns out

o be sparse

Similar to 3VR/ P'reo\(d‘icm ?(7_(*) o\epeno\s or\\y on a subset qF-

t‘mih'ma Foin\-s- Note, however, all braiw‘m% Foinl-s are needed o\urfng

ltfa'm'mg
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S oppaxt Vector C(lass i% cahon

Tvaining
i) SREL
Datra : T‘fq{r\fna data. T = %D—(C > Y(D}im 5 clhoice a@ kerne\
Result :  Learned dua\ parameters £
Procedure - Co\mFu’ce _oz by numerieally minimizfng

1 k(x, XDk -
La KX~y
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A
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Predichon
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Date : Learned parameters & and test input x*
Resvlt :  Pyedichon 7(7_&*) = sign (g_-r\-_g(}g,gc_*))



Linear kernel

~ Squared exponential

Example of binavy classificahon with svC

T e keme } Used kernelt
se
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