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Comparison of Boosting and SVMD
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Abstract

We compare two popular algorithms in current machine learning and
statistical learning areas, boosting method represented by AdaBoost and
kernel based SVM (Support Vector Machine) using 13 real data sets. This
comparative study shows that boosting method has smaller prediction
error in data with heavy noise, whereas SVM has smaller prediction error
in the data with little noise.
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2. Boosting
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2.1 AdaBoost
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BEAE O 2 HSAE ZA Ha A BRE BSAE 7HEAE ozl
aER wEgert soldas, A% wie] odw #ASA= AL sheAvt
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€ X, g€ Y={=1+1}d o (2,4), .., (x5 yy) ol FAAH,

1. Al gk 7R E v 2ol 27]shsko
w=1/N,i=1,2,..,N
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F71 G(z) = sign[

Adaboost @irE]Fe] M 72HSl o2 542 Aol FHAR o
& St Aotk 53], W @AM €,0] 055 Ao, SdFAR o
&2 002 AFgHor weaA Fadohs Aot offd A= skl AdaBoost
7F usks wle ARl g5l mel=Tt gl AR 5 Sl ARSE I

2.2 Gradient boosting machine

AdaBoost7} A|¢td T2 EE AFAd osiA daelFe FEdge ik 9
o] A= Aet. g, o]ye =] AR thgde FH{H9 boosting &iEFEC]
2ME =1, o &3 Confidence rated boosting (Singer & Schapire 1999), Margin
Boost (Mason, Baxter, Bartlett & Frean 2000), Gradient boosting machine
(Friedman 2001)%°] 9th ¥ Aor+= o] F gradient boosting machineo] tha}o]
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reps] aslshE a g,

WA AdaBoost &aE]Zo] A47F £ (Exponential loss)S ztE FH ) AANH
(steepest descent method) 2.2 ©|3]& 4= AtH(Schapir & Singer, 1999)= A& A9
d Aoty 1 Fo EAFFE Jold B Ve ks AFEstal A AM=(gradient) &
o] &3l o]5 43k gradient boosting &ilglHS A e Aot}

41, Adaboost &arE]F2 oFF sh7] A G o AFAT T A5 &
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Atk A e 22 s 2IE ndyEa
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G, (x)7F Fo97 Zefol A 7 |
w8 etd, Adaboosts thE# 7ol (e, fn) S 2

(Cm; fm) = argminc €[0,0],fe GE exp (_ yl(Gﬂl($L) + Cf(xz))) (2.4)
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Cp = log(e—e"" ) (2.5)

m
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Real 3 2E <18 £Z : Realboost

e X, € Y={—o0o,+co}d o (z,1)
1. g3 2ol 278k,

2. m=1%8 M7 t& 9Ag wuo,
(@ fn,= Zreth

fo = argming o Y eap (= 5i(Gp 1 (1) + 1(2)))

S
o
o
o
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olE g},

Gm = Gmf 1 + fm

m=1

M
3. #% 277 G(z) = sz’gr{E Gm<fv>]% T

4EFE SO 21 brER

11 ¥ &) B 2} (Friedman, Hastie & Tibshirani,
2000).

(y, F') = log(1 + exp(—2yF)), y e {— 1,1},

= = . -
4 oA o) = ylog( gt Zl o, go1g 2o Asn cuw
Hrw S gANe e 2ok

=

pr = argmin,y log(1 + exp (= 2y,(F,_1(z;) + ph(z;0,,)))
i=1

a = {0,1, aZ;"'}i E%]xlqu]% ?:} Eﬂ‘/l: :'Uoﬂ EHT:SJ‘

14 <5 2k(base learner)E 3FWF= F A s wEolA=

3 9]
disjoint® 47 W] 242te] F4 w= By,lAe] AAQ uelEE AT &
st

Y= argmin, ¥ log(1+ exp(— 24 (Fy_ (a) +7))) 8
z, < Ry,
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2 (2.8)0 tigte] 23 el = EAsA ¥t Friedmane @Y wE #&
Al os) 2] (28)E IAEEE o FEl = vhg ) 2

y;
Yo = e (2.9)
[ ;| (2_|y7:| )
T € R,
2 (2.9)01 4 44} WS (pseudo-response) ¥, TS} g}
~ oV (y;, F(r;)) jl 2y,
= | e = (2.10)
Y |: aF(xz) F(z)=F, (z) (1 + exp (zyimel (‘Tz)))

21 (21008 et AME G UFE o] &3 gradient boosting ¢ilgEe 7E
o]
AR

Mo AAE R2E gudF L, Tree Boost

e X, g€ Y={=1,+1}9 i (z,4),..., (25 yy) o] F1AH,
1. O3 Zo] %7]s}si

(b) S AFAA ] ~
(R}t = LA H EAvEo A gAAAYT tree ({7, z;1Y)
(¢) FE WAooz AgT}

Yim = Z y/ Z ( |yt| )? =1,...,L

e R, e R
(d) fHelE g .
Fm(aj) = mel(a:) + 12317l7n,1 (IL' = le)
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3. Support Vector Machine(SVM)
2 do] Y 8E Cristianini & Shawe-Taylor(1999)2 113 A o|t},

31 4% 29 A5 A%

B =rdAE Do WMeE ke ol #E5AR 8" T Y] EEAE 2
Heth EFEEEL (X, X,,..,X,,...,X,}, X, € R! ola o] #EIFZ T3}
=dl ARgET g olelg WEES HolES (Y, Yy ooy Uy ooy Ut 2, FEA AL
Ho-1 EE 4L & 2 A dEdsEe] e e ndYe A4des A9 #
2 ogeeeta =9 2 gHls et 2v

!
flz)=<w e+ z>+b= Z wiz;+ b (3.1)
i=1
AZIM (x - y>E xS yol WAS YE= 7lsolth

23U Ax)=0< +19 dolES Zte T2 -19 dolEs 2 ZES 1Y
et =, 2HUS AAR EE xEo] Ags EddE ¢ U= AFE nHEe A
o AEE WE s Bwe o] Sebt R 1o Faps wE Alole] g
2 m(margin) @ WAGHE 2AWE RE Aol drldA me z@ws g
Hrkel gl BEA zAWAAC] Aelw AoAr)

xAO2HE =W A S F S (signed) A= vhe 2ok

’ | Twl | (3.2)
aEgH A5 BAle e 2ol 538 & 5 vk
max, C
< >4 b)y;
or, \Swem>HEOY oy, (3.3)

T TS5 thEa o] 29T 4 AUt
(<w-z;>+b)y, = C ||w|l]|, i=1,2,...,n

of Mol HYst oM wol M wel Fo Foj T AL WEsmz foe
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dz [ul] =52 & & Ak 28ER 4 (33 o0& 2.

Ql=

min| | w||?st y{<we z>+b}=1,i=1,2,...,n (3.4)

32 4% &£ 7testA &2 B+

318N E 98 AR/ AY40E $AsA B Hsd 398 Gtk a9
G odugow ot et 2o 9 Y ARHEe 2PWor ¥ed £ 9
= 457 % WrE melw

ZA g ol g At
slack ¥+ 8 7hegh 459 A%S %ﬂ’\]ﬁ-zrt °3§% 3}

ol &= Aeke

-1N
X
Al
2
:
kS
4
i

min| | w| |? st y{<w e z>+b}=1—¢ (35)
£§=0,i=1,2,...,n, Y, < C

o} 71 C'= regularization EFEMH =
281 wx}Eel(cross—validation)S E3le] A4 H )

L(w,b,f,a,'y):l <wses w>+ C’Zfl Zai(yi< wexz>+b—1+¢;)

2 i=1 i=1

- 27757 st a >0 ’ 7L>0 (36)

i=1

21 (36) a,y o dsiA FHefor s, w, b, §
w, b, Lol #a mEI AL 0or Fowd gLy 7

w = Z LY, (3.7)
i=1
21 (37), 38) Y 39E A (B6)l ety v 2 gtawdA Ao (dual)
sAg5s Qe
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. n 1 n mn
min,, (— Eai—i— 5;yiyjaiaj< T+ x;>) S.t. Zyiai: 0,0<a,<C (310)

1=1 i=1

3 Karush-Kuhn-Tucker(KKT) Z742 t}29 Ake *3taic}

Oéz'[%(xiTw“‘b)_ (1-¢&)]1 =0 (3.11)
7:& =0 (3.12)
yi(z'w+0b) — (1 —¢)=0 (3.13)

2] (3.11), (3.12) Zx8]aL (3.13)2] Ak HA(primal) FA< Ao EAlol e H=
oA AAsA Aot dle vS ) 2

w = Z QY (3.14)
i=1
o] W o, >09 ®R z,= AEE WE(Support Vector)Z} ZAt}. 2] (313)8 2
A G, (z) 2 sy, ddsoof st et AXE WH Ato]o] yHow i
d¥= BI9HHS s F A
G (z) = sign(Y jayw "z, + b) (3.15)
i=1

33 HlAE AMXE HF E7F7I

AFAA NEE WE BRE 99 F4 DA AL e Aow 7&9
o8 QwEel 392 mess sl ALS Abgete] JUARE Ade] ¥
e Y FRow WY Aotk 1 ol APAL Agstel BF + vk A
Hom Aol WHH FhAMY Y Bt o 2o AR Uehu dde B3
|9 A AANCE Al AR b Ak

el HAs 2AGHF 1A AT dYAR] WANS TP Yo B
T 5 vk MAE AEE NE 2RIA Baga Y 2AIEE Ged 2
e gy 2o

min, (— Y, a;+ lzyiyjaiaj < h(z;) « h(z;) >) (3.16)
, e

G(z) = sign( ay; < h(z) « h(z;) >+ b] (3.17)

i=1

%, 4 (3163} B1De 1A TR WAS AN vz 7 5 Uk ol
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H% S ANES PPN AY F5 kS ASFORA AA T 5 AA Gk F,

< h(z) « h(z) >=k(z, ;) (3.18)

olAl, A3} A= vk Zrh

Zypzz:0,0goziéC’, 1=1,2,...,n (3.20)
1=1
Aoks zte= 2 B19% #adA sFE 2R, 948 3 23Hs 4
ow FEste 2ATTFE R o] Folxd
G(z) = szgn(Zaiylk(x, z;) + bJ (3.21)
i=1

o

hl =
gl A5ol A 5 9 Ak
=
=g

Polynomial kernel

Radial Basis kernel

Sigmoid kernel

k(z,z") = tanh (1 +< z,2">)
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4.1 ;q__g_ 13_1 1@‘:13—1%

H Ao A= boosting® SVMe] o &8-S vlusty] 98te] <E 4-1>9] 13719 =}
BE EA3Y. 9o RE ARELS  ftp/ftpics.uci.edu/pub/machine-learning -
databasesol| A/l €& Zlolm T A5 AP A5Z FEEHO AE AR o
ek Fo EAETE Boosting €alElFoll A oFgt £/771Y ER{E (5, oAAA
el Av)eh WSt dS Ry RRES AAshe regularlzatlon N

SVMol| A+ slack ®172] A2 (35)0l AF&¥ C¢ kernel &0l AH&5 = E47}F
regularization F<Folth, 2 A @ oA = radial basis kernels *}%O}Qiitt], o] A%
o= %7} regularization® 7} ®vl. . AFHo| A= 0|23 regularization RS

5-fold M2}3NLS Edle] AN

o Zeats a7l st ool #AAFES A& WA, ARES FHAEY
ol 39 Hl&RE ato] doE urn 2, 7 FAAR fisho
5-fold 12F&20S 5319 boosting® SVME] regularization =55 A3, Al
o dFexE AAtstAth olH g HAS 1008 whEske]l 100782 4

AAEE
0% T8 F olF YIS Tael AF AZ0AE TaA
<% 4-1> AR

ID A& "HSA Mo 5 e
1 Sonar 208 60 2
2 Vowel 990 12 11
3 Breast Cancer 699 9 2
4 Glass 214 9 7
5 Segmentation 2310 19 7
6 Pima-Indian-Diabetes 768 3 2
7 Tonosphere 351 34 2
8 German 1000 24 2
9 Vehicle 346 18 4
10 cmce 1473 9 3
11 Boston housing 506 13 3
12 LED 500 7 10
13 Bupa 345 6 2
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4-2. GF 23

<3E 4-2>0 13709 A s Q] dFexE AstAth 13719 A= F 79 A s
A= boosting®] dS=o] Fokom ymx] 6719 AFoA= SVME oS80 F3
ot E3], od=2x7t 2 A8 Vowel, IonoshperedlA SVMel o =2 =17}
boosting @] ol & 2}o]l H]FF] 50%0] o] Fgkow o227t 2 AR Glass, LED
Sl A& boosting®] elFEo] Wo] ATk A8AH R SVME o] 22 =
FolA Z ZF3FH boostinge Fgol & Z}Eoﬂfﬂ Z AEdtes A4S F AUS

thoolm A EAolv SAIA ] FFol AL Agols SVME —irid%} gk she,
medical A5 & F&o] B2 A o= boosting© ] o & sFiyoldta A8AS
= 9t}
<E 4-2> A FF
Boosting SVM
ID P = N N
SEFE HA(ZE2A) | LEFE Hd (EEL2A)

1 Sonar 0.1489(0.0437) 0.1327(0.0388)

2 Vowel 0.0975(0.0395) 0.0113(0.0071)

3 Breast Cancer 0.0359(0.0092) 0.0364(0.0117)

4 Glass 0.2518(0.0521) 0.3062(0.0465)

5 Segmentation 0.0478(0.0077) 0.0591(0.0072)

6 | Pima-Indian-Diabetes 0.2363(0.0218) 0.2287(0.0221)

7 Ionosphere 0.0922(0.0258) 0.0491(0.0180)

3 German 0.2326(0.0182) 0.2385(0.0176)

9 Vehicle 0.2343(0.0225) 0.1711(0.0210)

10 cmce 0.4405(0.0188) 0.4714(0.0211)

11 Boston housing 0.2175(0.0284) 0.2106(0.0294)

12 LED 0.2630(0.0326) 0.2930(0.0282)

13 Bupa 0.2744(0.0353) 0.2917(0.0349)

gl g shFwHe duo Aol Wl EBolgk wpolt),
E5 regularization EF7F QoA o S EEH 9

7 SVM E5F r L a4 = 7 #
Folt}, B =§29 A3 A= regularization EFUOEE A5 oo thete] <
AspAl wrEE & glom stEFwyo] o Aol wel npH ool vk RS H
otk olYd A AR AoEM Fog FU AR dE AT Zad Ao
2 AR "
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2 =l A= boosting SVMO| oS8-S HAA A& Fsto] vt + &
FHH dSE2 g we 24 ysted, 53 feol B2 A5 A Feles
boosting@iLg]Fo] o S5Ho] Fdom, o] & HFoeE SVME dSgo] 5
stk 5o & ¥ ol As AV, YEWTFY F T2 ol&ste] T gags
S HwEtg oy, B =i A¥dAnEE 2 Aol wrAstx] Estadth ole g wEk

o2 & Ax g A7} L

AL EA A A= SVMe] boosting® vt F%kth. 53], W9 JiF7t il A8

(e Lo

T7F AL Aol SVMeE] ARt ETE wEked, o] SVM dare] 5o Albgel
Fo] el oESHA Fow AFA o Felnt oESy] fEd Ao AtndT

FuEH

1. Cristianini, N. & Shawe-Taylor, J. (1999). An Introduction to Support Vector
Machines, Cambridge University Press.

2. Freund, Y. & Schapire, E. R. (1997). A decision theoretic generalization
of on-line learning and an application to Boosting, Journal of Computer
and System Sciences, 55, 119-139.

3. Friedman, J. (2001). Greedy function approximation : a gradient boosting
machine, The annals of statistic, 29(5), 1189 - 1232.

4. Friedman, J., Hastie, T. & Tibshirani, R. (2000). Additive logistic
regression @ A statistical view of boosting (with discussion and a
rejoinder by the authors), The annals of statistic, 28(2), 337-407.

5. Jiang, W. (2002). On weak base hypotheses and their implications for
boosting regression and classification, The annals of statistic, 30, 51-73.

6. Mason, L., Baxter, ]., Bartlett, P. & Frean, M. (2000). Functional
gradient techniques for combining hypotheses. In A.J. Smola, P.L.
Bartlett, B. Scholkopf, and D. Schuurmans, editors, Advances in Large
Margin Classifiers, 221-247. MIT Press.

7. Schapire, R., Freund. Y., Bartlett. P. & Lee. W. (1998). Boosting the
margin: A new explanation for the effectiveness of voting methods, The
annals of statistic, 26(5), 1651 - 1686.

8. Schapire, R. & Singer, Y. (1999). Improved boosting algorithms using
confidence -rated predictions, Machine Learning, 37(3), 297-336.

9. Vapnik, V. (1998). Statistical Learning Theory, Wiley.

[ 20051 104 # <7, 2005 11€ A& ]



