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Performance Analysis of Kernel Function for Support Vector Machine
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Abstract - SVM(Support Vector Machine) is a classification method which is recently watched in mechanical learning
system. Vapnik, Osuna, Platt etc. had suggested methodology in order to solve needed QP(Quadratic Programming) to
realize SVM so that have extended application field. SVM find hyperplane which classify into 2 class by converting from
input space converter vector to characteristic space vector using Kernel Function. This is very systematic and theoretical
more than neural network which is experiential study method. Although SVM has superior generalization characteristic, it
depends on Kernel Function. There are three category in the Kernel Function as Polynomial Kernel, RBF(Radial Basis
Function) Kernel, Sigmoid Kernel. This paper has analvzed performance of SVM against kernel using virtual data.

Key Words :SVME# 7], Kernel Function, Polynomial, RBF, Sigmoid

e 8771 Zolzm oo dE A F9 sy FzH
R B oA ARE BHE7IZF AHAH] Vapnikst
Bell g4 @5 ge] 19959 Aksk  SVM(Support
Vector Machine)2 ©¢]&% 0% VC(Vapnik—Chervonenkis)-
AYE His e 2-Fda EEVE BHEY I VC-2
ol Zoba % Vs dws o@lel #Fo u Holx
22 VC-ad g i s 22 dvtst A% e o)
grh2].

SVME #Hold drtst Agds Bysn 2-2
71ehe Aeko]l glom  ALE-HE Kerneld] %-&
ZrH3]l. & Kemnel Function®] Parameterol] wta} #5719
Antst Aol WehvH4l ¥ =E4 4= Random® ¢
gio]elE o] £389 Kemel Functiond] wet
Classification®] 4% Wg& &4 9 A8,

Az} A

* A % R AU Bl Al Ao} Feha)
s A A 4 BAUE R ylERw ARt
s 2} 20 EAUE S BHTHE A AE ol L ek

2. SVM #&A g7

2.1E Support Vector Machine
SYM(Support Vector Machine)& 54
—’:91 Wolel S GEste 23 A (Hyperplane) S
2 x9W 249 "oy ¥dES U FAAHE
g sh= AL AL 2EHE Fech GUidA 2
By 2x9 deoly AEE Support Vectordh 5‘@[5} 'l
g 1A 2 4 %ol 2789 Support Vector’} 13 2-F
HA2E JreE 2HHE P
| HOlHE X= (1, 1),
9 ¢, = {+1, -1} i &9
A(1y= 2ok

el 2-29
A= 7} %)9_

g

I

|

N
B
N
e
o

dolelo] ta Fehs o
2YWe ARSE Frn

o,
\
|
}

o
il

diz) = wiz + b= 0 (1)
Subject.to. i, WX+ 0-120

{ { 1 } (2)
M. STl

A& Az FA2 wy] o8 SR 3drE @

3t ()&

& & o

~
Llunb,a) = —12- Hwh?— Eaf {¢; (U/’T."L‘i +b) 1) %))
=1

A7 a2 #1%A S5 (Lagrange multiplier)o) v 2

(3o KKT(Karush-Kuhn-Tucker) #7-& ol &3t 271%
AANH st 2B 48 F 9

- 405 -



o L d
* * -
oy -
e ° o o=
L -]
< =
o E =]
1% 1. Support Vector Machine® A& Hg| =39
& *
-
_____ . .
* -1 -]
» f<] . *
B Q P -
AN *
PR J
g 2 43 ZofM H|MEA BF 22X ool g

a8 3. 3% 82t2 2 Mapping © 2% ool &
N
Subject .to. Eaiti =90
Subject.to. o; 0 (4)

1
=>
N 1A

Maz. ; 2EEaajtltjz1 ’c}

i=1j=1

LS
A BAAEE BF ZAA ME 2EJ)E ko AL A=

9 AL JbsAel Bk w# o) Nonlinear-SVMS H 43
t}. Nonlinear-SVM-2 W#3lA Ay¥&al7t =z oy o
o 2B gl ot Wl C#ol 7193 Kernel
FUnCtiOn?_]_ K(Zi 715) O] '7;57]'5\_]_ ‘:}'
AY
Subject.to. E
Subject.to. O_S o< C 5)

Min. L(a)

Ea - —EZaatth m}

zl]

A7lelA FEH Ce 28 F
BuE v&

4539 trade-off& b
T2 ‘trade-off Fe}nlel’at A 9] 36,

223 Kernel Function

SVMeOlA ¥ 29} Zo] 948 F3hellA] dlojEl7t Ay
2] E@-} ul, 1¥33} o] Kemneld AHg3t9 ¢
uxde 53 :‘S‘Z_P_i Mapping A7 2

T A7l

I 1. Kernel Function & &%/

Kerel Function Type of Classifier
Polynomial Kz,y=(zyP
RBF K($ , y) = e Ilr =~y %252
Sigmoid Kz, y) = tanh(Byz » y+5;)

a¥ 2014 5949 Y22 EAE dHojES FHe +2
AR doy 2-FdA2 YHAUE W XAY EF7 HA
2522 Kemeld AHE3l9 339 dlolgz W@ A7,
gt Mo 2 Kemel2 A(6)T 2ol HE3H, H()7 2o
Kernel Function®. 2 Y& % 3t}

Kz, y) = &(z) « oly) ()]

2 =FdMe vAdgA 239 dolHE /M1
Functiong Al & of 229 248& 2489

Kernel

3. 4

i

3.1 g 4
didde IFHTE EHA TE 150719 dolHE AL
s o] HelHE S0ME R HA 2 150709 diolg

7t 5 oA EY922R 2-FAE FHHY g B 97
o} A1 KF(Kernel Function)& AF&3le] C 3ol & o8
F dlolel 9 SV(Support Vector)® =& =438t}

32 Ay &3
3.2.1. Polynomial
Polynomial Function ¢ 7

49 79 49 ol Cadl @

Svae] ¥MEE Yehigle 29 58 Ctel Wt 7Y
dolej & et vt 18 494 B + %ol Cgol 15

vt o SV & 287 2 dAsittrt Cgel 15014d
W Sve ¢ 43 dsstdnh 198 54 E Cgel 156
ke W e B FH dHoE F£E 2672 A3t Cglol
150144 q2E 2LEFH deoly &£ FH354 Zasist
Carel 16d W 2 EF7H deolg & 1642 71 AA U4k
t}. Z Polynomial Function$ /\}%Q Yol & Cghg 15014
22 3ol QLEF HOHFE £d + Ak

3.2.2. RBF(Radial Basis Function)

RBFE A& 29 1¥ 67 #o] Cte] 29 169 4
S SVY #7F A2 Hdrt HA 3 Cakel 59 7 Aleld 73'
S 6ANE HAart FHATh 2y 7S Ctel 107w wet 14
oldd o LEFH HolHs S0ME YASHIL Cakol 1034
142te]d W @ EFE dlojel4rt 1000l HA & RBFE
AHERE W Cgkel 29 W A4 AAH3 AlE 4 ok

3.3.3. Sigmoid

SigmodE AHEHE FS- 19 83 o] Cgte]l 19 W SV
9] & 527001& Cgkol 49 o 34712 #4d 9t Cgol 5
g A 1481w SVl & 362 dAsIs Cgrol 14014
154Fe]el] SV i 4042 =78t Cgrol 1504 =

- 406 -



W SV & SASA Aol Caho) 169 9 SVl F&
120/7F S0k 29 9% Crrell W 28 F dojy £24
Cgkol 33 154019 o} Q8% dwlolE 7} 50742 714 AYx
C #o] 3uigtel wje} 15014 Hold #+ &4
} igmodE AH&3

sHA st A 10074
152 #joF 713

< o Cate

LIEE 4‘" TR T N e e
C()

3% 5. Polynomial K.F2| CZtol wa 225 dlolg] 49 ¥
b

{5 E2 £ & 5 3 TETTAR g Ta

sveames

o i i 77 TE e
: G f

a8 7. RBF KF | C"Oﬂ EEFE 2FF Holg o wa

5t
R I iy
34D
0 j i
gl § i
g 80 \ /
2 ! /
Hon 1 /
= \ i
L L i
g 53 s ) I ST WS T ons T Ses a
N
a# 7. Sigmoid K.Fel Cztoll w2 288 diojg $of w5t

- 407

4.2 B

B mfoAe Cate st wel dojyd Y
E EF Hoje 49 Support Vectore] 4o Wig =4
KF(Kemel Function)s A}&38led Ztzbe] KFel ofgh

irj

rulm Y, 9,.1.'4 P

=43t n AT Cgte W3l aghel ¥ WS
“H}E} 3 ZA3 Nonlinear WlolEH Y ¢ L¥F deolyg &+
Kernel 2t Hou C ko] Aokst 22 dlojE Xz
}] Eojvtx RBF o A %ol C #tel wek Support
Vector«} Wwazh R A A Yt Sigmoidd Wl e
Support Vectord 47} Polynomial® = uldir} =ik =3
RBFE& A48 39 ozte dAA8ksln SigmoidE A&
B By, B&E AR strg 2z meiniy g w
g £ g8 EF dolezt Ue A #r) Polynomial KF=
RBF KF# Sigmoid K Fel w3} A8 %7t 9F20%um =
49 diojee Ed257 wobd A RBF KF7F 277]
AL %A E =T ol¢t L MY AAE A 2-Fd
2 48 dolHY gl Ctol wel WatEo] Hu AAs
ofsh= HelvE 7t A2 Polynomiald AlM-&3h=
HAsch B =FogrE SVM A% =
TFo el 712 AREM Fad s F Aen 7y
t},

]
|
Mo
e

[11 C. J. C. Burges, "Simplified Support Vector Decision
Rules”, IEEE Intl Conf. on Machine Learning, pp.
71-77, 1996

[2] Simon Haykin , ” Neural Networks a Comprehensive
Fundation 2nd ed”, Prentice Hall, pp. 318-348, 1999.

[3] K. Crammer, J. Keshet, and Y. Singer, "Kernel
Design Using Boosting”, IEEE Conf. on Advances in
Neural Information Processing Systems(NIPS), 2002

[4] ]. Juang, X. Shao, and H. Wechsler, "Face Pose
Discrimination using Support Vector Machines”,
of 14th ICPR, pp. 154-156, 1998

[5] C. Burges, "A tutorial on support vector machines for
pattern recognition”, Data Mining and Know-ledge
Discovery 2, Vol. 2, No. 2, pp. 121-167, 1998.

[6] A. Ben-Hur, D. Horn, HT.Siegelmann, V. Vapnik, "A
Support Vector Method for Clustering”, Neural
Information Processing Systems, pp. 367-373, 2000.

[7] N. Crammer, A. Elisseeff, J. Shawe-Taylor, J. Kanla,
"On kernel target alignment”, IEEE Conf. on
Advances in Neural Information Processing Systems
(NIPS), pp. 367-374, 2002.

Proc.



