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« EEE
N N
min D k(X X ww, +CH &
R NE! i1

N
subj. to { Y‘@j—lwik(xi’ XJ) + b)21_§i
=0

+ BAEE X
max Y o — > oYY K(X;, X))

et T I
i, j=1

. {OS%SC
subj. to N



— thEE%
R"DhEES C L TEERINT-BEE f Hirh (convex) THHEIL,
EFEDOx,ysC&te[0,1]IZxLT
f(tx+(1-t)y) <tf (x)+(1- t)f(y)
MEYIL DI EFLND.

— tiEE{LfERE
D: R"DhE&ES.
f, h.(i=1,...p): D _EDME%k

7

min f(x) convex function
subj.to | hi(x)<0 (1=1..,p) FFHFH
a; x+b, =0 (j=1..0) ZX##

- xELEREICIERAFRERN LGN (REZEESDM).



Lagrange X x¥ [ 28

- [l &
min f(x) subj.to {

Ll

h(x)<0 (i=1..,p)
rj(X):ajTX_|_bj:() (]=1...,0)

Lagrange %4 p q
LA V)= FO0+ D AN )+ vir ().
i—1 -1

220, v € R: Lagrange T & (M ED ZE %)

XU srf R4 | |
g(Av)=infL(GAY)  HOELOSELE

M xtEEEk g 1&M (concave) B8 %K
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o BxHE

maxg(4,v) subj.to A4>0

. | h(x)<0 (i=1..,p)
0" =inf f(X) subj to {rj(x):O (ot

d =supg(4,v) subj.to A>0

\_

4 Theorem (stronq duality)

FREAREETHDHEL, HAHHIFIEE (e.g. SlaterFF4)
Zf=9ETH CDEE, WAFEBEDE 1+, v NFELT

g(A4,v)=d =p".

J

— Slaterf&#: D OFEXHIAR x, N> T, EMBEDFXHFI&

h(x) <0 %it-9.



Karush-Kuhn-Tuckerss it

o KKT&EH

h(xX)<0 (i=1..,p)  EFZEXHIH

r(x)=0 (j=1..,9) FEHXHH

A >0 (i=1,..,p) 5t 7~ 25 =K il 4

Ah(x)=0 (i=1..p) P

V LA V) = V(X)) + zp:z;*Vhi (x") +iverj (x") =0.
i=1

j=1

(

Theorem (KKT condition)

f, h, DS ATRERI S 5 S M@ L RIREIZRL, X & (1%, v)
MENTNE, FEEDBE THACEEKKTEHLIZFETHS.
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min ZWWJKIJ +CZ§i subj. to {1_; _Yi(zjﬂWiKiJ' +b)§ 0

w,b,& _§i§0

"i,j=1

. LagrangefA%k (K; =k(X;, X))

L(w,b, & a, B) = ZWIWJ U+CZ§
+Za( - Y@ w,K; +b))+iﬁ.( &)

i=1

o SVM®D It HE A

S - <a <
max Zai — Za,a Y.Y K. subj. to { O_Na' <C

jUiiNj
i j=1

[Exercise] MxtfEZEHE K. Hint: BB E g(a.p) KO T pEEEE L.
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o ZEERFDEM DN
o 1EDEXFNHNZERLTIE, I XTEXREHIH

— LML, T—2ENAKRELE, —RERIRQPY IL/N—TIXEFE A A
MNYFTED.
> HEEZTRLI IERNDLE
— Chunking, Sequential Minimal Optimization (SMO)% &
(f&ah).
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1 &Y, (X" wik, +b7)<0

-&'<0

a; >0 3} R 2

EARFHIH
EARFHIH

=AY

R xf A~ F Tl

2, {1 £ Y(Z_leK”er

ﬂiéi =0

Vi: IJ\I—l K'J j Z j=1

» 0 EmEs
FEE T g

K.Y.a =0
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SVM D 5% 1 fi#
N
L(X) = aYk(x,X,)+b"
i=1

\_

— KKTE&EHDERBWLWTW % o THRDHT.

— b* DRHFA > &Rk
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o KKTEHDHEMMESEE
® ai*(l_gi*_Yi f*(Xi)):O1
® (C - ai*)‘fi* =0

o FIR—FRHE—
— If ¢ =0, then &* =0 and by primal constraints

Y. f.(X,)>1. well-separated
— If0< o* < C, then &* =0 and from ®
Y. f.(X,)=1. Y—UUERE  HR—KROA—

— If * =C, then from ®

Y E(X)<l R —UUEREYREIIE
HR—R R H—
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o HIR—MRYA—|ZLDEFHEHRDA/IN—AKIR
f.(x) = ¥ e YK(X, X;) + b’

I: support vector

support vectors |

| support vectors
T O0<g<C
(Yif(X) = 1)

o= C
(Yf(X)= 1)
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— The dual QP problem of SVM has N variables, where N is the
sample size.

— If N is very large, say N = 10000, the optimization is very hard.

— Some approaches have been proposed for optimizing subsets of
the variables sequentially.

e Chunking [Vapnik 1982]

e Osuna’s method [Osuna et al]

« Sequential minimal optimization (SMO) [Platt 1999]
o SVMlight (http://svmlight.joachims.org/)



Sequential Minimal Optimization (SMO)

— 73E: 2RH(, )DOEDAITHT D QP #EE, InziEYIRT .

o R7EEINEIRTEHMN? - KKT EHIEZS.

e w, & B EFIHETDE, SYMDKKT SVM F& (X LLT ERHE(Platt
1999, see also {&7K2010)

[ =0 HDY.f(X) =1
or
YoV =0 mD (%) g<grcChDYVEX) =1
or
Y f.(X,)=1 . ¢"=C WD Y;f(X) =1

o (X)DEHEE, TR BIZTFIVITHIENTEE
o (i,]) DYGELLEL—TTH(*)ZEmELENEIITRT ZEASN.



22 (i, j) DQPILEMTHIIZARIT B!
— For simplicity, assume (i, j) = (1, 2).
— Constraint of 1 and 2:

Yo, +Y,a, = _Z.N: Y, = const.

— Obijective function:

1 1
o +a, —— 0512 Ky — E 052? Ky —YiY,a0,K,,

N

Y
_ El alzi“:BYi a K, — Y?Zaz > YK, +const.

- REFRLD2REHDE&/IME > BITENKRFES.
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— Chapelle (2007), SVMPe™ (Joachims 2006), Shalev-Shwartz et al.

(2007), etc.

22542 SVM.

— Tax and Laskov (2003)

— LaSVM [Buttou et al. 2005] http://leon.bottou.org/projects/lasvm/
it Bl E T &
— Cascade SVM [Graf et al. 2005]
— Zanni et al (2006)

Geometric approach

— Mafrovorakis and Theodoridis (2006)
(B ADT—2mDreduced convex hulllZ&YSVMEEIRT )
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— SVvMlight  http://svmlight.joachims.orqg/

— LIBSVM http://www.csie.ntu.edu.tw/~cjlin/libsvm/

20
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» Multiclass classification:
— Data: (X,Y.),...,(Xy,Yy)
« X:EREARH
« Y& {C,..C_}:labels for L classes.
—e.g. 10f2DHEF
— Make a classifier: h: Q> {C,, ..., C.}

o SVM®DZ U5 RHAEENDER
— AT FILDSVYMIF 2B A D A1 238 A AT EE.
— Some approaches for extension to multiclass classification.
o ZUSRAHAMNCBITET— U HmKRILEZEIZLDHSVMDILE.
— Crammer and Singer (2001) %:&
— LNZE#OFRBEIENHE > FHEEDHIBENEE
« 2{EEAIZZDHAENE.



2{E A DEAEHE

2V AMREE, 277 AHANERBICHEL, HETHRRZHMET 5.
— 1-vs-rest

I-class vs the other classes : L problems
— 1-vs-1

I-class vs j-class : L(L—1)/2 problems

— More general approach = Error correcting output code (ECOC,
[DB95]). ECOC attributes a code for each class.

] f
c, +1 -1 -1 -1

1-vs-rest M1 & - = . .
c, -1 -1 +1
C, 1 1 1 +1

— Hamming decoding:
N—AD2MEFHMNGFDHABRNFSERLENIIRITRE
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