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» Tnsteod of maximizing 1/“@“& , We can instead winimize 8Il, or even

the squavred novm (1OI;

— The o\odec’n've Phen becomes

miriimize —‘9:‘ | Q “:

HARD MARGIN ! &, %

SVM st Y (8'xi+b) 21 for T=r N

e The above oPHmizchrn s the standard formulabion o{l hard-marsin SVM¢

—_ “ HGVA 4 becquge i—he 'FUTmu\qh.Oﬂ dOQ.S hOt‘ Q\‘.DCD 'POY‘ 0\"\7 V;O\O'h‘OY'\.S OF "’he

street marg(hs (i -e. conshrainks)

— On\x/ aFP]\'ca‘ole b o linear\y seFamb]e Sato

—  violahon af— constrainis .

/
@/
Hurd-—W\a’rs\'n SvMm
Havd . & @ ..@/ o
mayrgin .:.‘ . Canvnot be o.PF\\e ]
SVMs 2 Ll X2 .
be ’O.\ °0 ® . .0
C ) o0
orriied RIPR o O ded
FP 1 ® . ®® 4 Y ..’
@ .. ) P b. o




So £ - mqrgiv\ SVMs
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So{—’c—marsiv\ SVMs
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A loss ?unch‘or\ view o?— SO{:}.'—YY\orﬂir\ SVMs
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Dual SVM

« The SVM discussed ¥l now, in tevms of O and b, is called primal SUM
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e We can vewnilte the dual 3vM oF’n'm‘szaHm in vectov Fo'rm:
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Gieomelric. Tntuihon O‘F SVM

What do e dual values d; mean 7
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Gieomelrie  Intuibon O‘F SVM
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Gieomelric Tntuihon ch SVM

The \*raining o\al'n-Poin'l's -Por which the
CowesFor\o\{na we\'a\r\l's A; # 0. Such doh-Fl-;

are called SuPporRT VECTORS.
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* Instead o{i wcrkina in the or\'%\’na\ in\ou’r space X | one vnay choose

o feature space (%)
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Linear kernel

~ Squared exponential

Example of binavy classificahon with svC
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