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2.2 SVM
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= COLT(Computational Learning Theory) &30 A&
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3. Regularized empirical risk minimization

SVM3} RAg2 1 7|17 ofolfoi; A F7)7}
443 g2, AT o]FA R s 2
9 duEEES AN odARE g1E
" 0]Z¥ regularized empirical risk minimization(RERM)
Y E o] 83ty olF¥ 4= Qlrt.
3.1. General set—up

E£A%E [0 )e RIA FFE e Aol
o AZEFUHO 52 Fol &A%
el E-3e, BT Y (risk) EUV(X)E

asbste S8 2 golth
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¥ 1 Adaboost(Adaptive boosting) ¥12l&

1 7 Aasd gd 724 (m”, -, w1 BT 1/n
o2 z7|8gh,
2. For m=1, M
@) =zl 7R (™, -, w™}
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(b) O} e, = 2 W™ ( Galx) = ) A,
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1_
(¢) mAR B2 %ln( SSm) A%t

@ W™V e—w ™ . explam(2Lyi= Gulx)-1)]12 AL

b Gn®l TRE an=

M
3. H% BERA A») = sign( Y] anGa(x)
m=1

29y (X, Do A FFEEE 227 g
AR 2HE T8 FH Y (empirical risk)E 435}
£ & 734 . old ¥d9 33L& ERM 97
(empirical risk minimization principle)o|&}il §ic}, =,

zod st 1ol g, AR Y ()0l
1=1
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€ =&ttt ¢3iA ok B9 339 ¥
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zation®} W AR A T ] BAEE Aosl
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3.2 SVM
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kernel Hilbert space(RKHS)o| &2 o]-8-8to] Agdt
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A3 BAHANA AY=oiF T8l 1+ Adaboost &
NEEFL &AFLE 7] SH(exponential) & A2 =
exp(—2)& AMEE XA GAE 7P 2 (forward
stegewise additive model)¥} ZS2 HYPt o] ¢
&2 ¥ 29 Ut o]F &) ste] A= v
I 2o tHuFor Exf

{(X) = Bme( )

olA| o wiEuitt F 29 (a) A 1B e= TS
2] Bt metAe]l BEAL @& Ferh 1™ the
£l D = £1(D) + B G0 22 7BAHET}, 0]F ThHE &
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-1 1
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G = arg mine ) w " 1(y;= G(x))
i=1

1. fi{x) = 02 Z7|slsbry,
2. For m=1, - M

(&) (bm,
(b> fm(X> = [’m*l(X) + bm Gm(X)
M
3. Ax) = sgn( Y] an Gu(x))

m=1

Gu) = arg minb,ai Nyl w1 (x)+ DG(X)))

o] pE Fl7l SISAE chee] B
187} 9k,

Ewgm)exp —y,3G(z)]
i=1

=exp(—p8) Y w m) 4 exp( w
yL:G( ,) Yy = G(z

= (exp(B) —exp(— Zw My, = Glz,))
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4.. Extension: Choice of loss functions
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