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S AEYE 018t MEZE HE JIAH Yyl 25 A
2 @D ojshy
2 %
NAEES U ERY T 272N FEASA d7EHD Yok A WY E F
A A MEZE W 7] A (Support Vector Machines)= B2 HofdlA A7 HoAE AL
2oz e EFEZA N nxge] EAF R F AFPE Atolo] 7 2 £ E A

FoE A A F E(margin) & AL £ 2MUE 2 Aolth. A0 d{x9) B
9] 7idel 7% 8 Mangasarian(1968)-& thZ-EH 9 (multi-surface method)& )
AetH 3, 1980 ol B AYYE o] 8% Yy S FEEA AUt B =8
Mt tEA AYYH 24 AYPYE o 43 FAYYU HNEE A 749 F7}
A BPES AL X JAEE T3t AL A et =91} ot

F2Eol: NXE W 74, A 9 F = £577], 54 A3, 23 AYY.

1. A1

A2 e e 7] A (Support Vector Machine, SVM)+ B2 58438 EAST AAAY
H5de FHEL AT Y7 W2l ARG QA B EopollA ?“;%‘El"’ At
(Cherkassky 2 Mulier, 1998). A/ ZE W] 7|49 £ 23 £ 52 sluts TP ENA &

2l 239 Atolel 4 AZE HUBTo2AN ojAE Y A/E (maxnnal margin)§
7tA = A Y B 7 7 (linear classifier)ol] 7]23l12 g},

RS 7E F70) g e ol A(binary) D B-(yi = +1 FL -1)9) E BFEA
€ 1%tk 5o BEEA A MY P geE o2 2o

f(x) = wla + w

714w 7FHE A HE o] wes HE(bias)olth HHRFE 93l IPYEAS o] 23}
A otefo} 2 7| Eol npE).

wiz+we>0 Yul, y=-+1

wiz+wy <0 g uj, y=-1

* B =209 2004 d % BK21 & a3yl 2o osto] £35S,
2 EEL 000UIE QAR BEAF (FLA) AL o4 5o) o)1 A,
1) (120-749) &N AThE7 ASF 134, AMTER SAATLA, BAAT7Y
E-mail: myoon@yonsei.ac. kr
2) (120-749) A& Al AUIE T A& F 134, MUty $E5A4%LH, 2a5
E-mail: hblee@yonsei.ac.kr
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BHBA O o)gpgo] AWML 1, £ AP Ao 3t HHERE AT}
o2 g M EFEAE A3y A ¢ HFB o2 AF 417 P (neural network)
o] ot AF AFY $PF dej2ole JAKback propagation)PH tHE =

A(multiple local) A& 7FA& WA Y HAsle FAZ 3= 98 dHE AR
o A =3 o] YA Act FA} whH & 73845 (incremental learning) ol A #732] W3}
o wrebA thtHQ T2 E A7) 7] o] B2 E thE FF o] Yt

B =RoAE HHB2FE A5 H A3l o3 F28H < 714 &5 (machine learn-
ing)Wd Zoll A E ¥ 7| A (Support Vector Machines)ol| tf ko] =2 3t 2} dtet. 7] A
4o 24 ol & 28 A 3(training data set) (z;,y:) (i =1,...,0& 71RE A
7 59 545 o= JA £ AAAE &3k Ao

Novikoff(1962)+& 3 4] E 2 (perceptron)] 7@ o] &3t ¥ LR7IES F£&317
3t Ao o B =28 3¢k $H Mangasarian(1968)& MY B{ 7€ 22
317] Y8l oE-B9 whEE o] 23R A AREE o] ET| AY ERVEL 19804
tholl A 19903 o) Zulo)) o] 2= S A Y B A Y Yol FE9 A A5 of ghth(Freed2}
Glover, 1981, Erenguc®} Koehler, 1990). & =%ojA+ t}&5 & A Y Y (Multi-objective Pro-
gramming) 3} 52 A &Y (Goal Programming)-& o] &3t AXE WE 7|AE =931
o] 2 & W Eoll 2l5te] AEE WE 7| A ¢2ES HFstuz gt

28 He ALE HE 7] A0 #3275 33, HEEFAAN 52 AGHY HIL
32N =93t 2ZE AL o] £ AR E HE 7|A= 48MM =931, & =79
Aty or grEA g 23 AP o MEE HE 7|AE 4/t A Tt 622
AAE o] &3 vu B St 7HE AEIT

m

—a

l‘

v o

2. MZE ¥E JIA

ANEE HE 7] A= Vapnik.v]— Cortes(1995)‘= of o}3led AL HJL FLIENES
L3 2t} A2 E e 7] Al = EAF7Hfeature space)oll A ol AFEE 7+ A Y
F71°ll 7128, EAF Tl A 141“*(111%1“ product)& AAgHell o] Ade] PejEol &
A== BE o] &3t ARE WE 7] A= VC(Vapnik-Chervonenkis) 3} & o] &3}o ¢
w3l 588 Yy Ao
-'*’-a XPE%‘JE} XE AYoz B 4 gl Aol x99 928 XE o9 vAd3
& ¢(-)oll st ERAF Z2 WHI EAFY o] FUMESE HEH A8
élz}—"— Aoz 288 7H5 A 0] #AtHScholkopf2 Smola, 2002). v]A Hsi B4E 2z =
¢(z;) 2 &3, A AFEE M= B8 & “‘(separatlng hyperplane)< 4 W23
X}(interior deviation)& Zt= BolA AF3 &, wlz+wp =11 FAE NET22A @
A"t

o
£

Minimize [|wl| (2.1)
subject to  y; (sz,- + wo) >1,i=1,...,¢
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A71A |-l €RHAQ 5 (norm) S YER I 2-35 ||w||; & AHE 3L 23 A Y EA 2 245
2, ¥ o] |jwl|, °]b} lwlwd AHEEH AP AYEAZ 29 4 At} (Mangararian, 1999).
Al (2.1)4l 2-3%-& 7HA & % ol-2 A (dual problem)+ th2 3 Zo] Yeld 4 Yot

Maximize Za, - = z Otza]yzy3¢(mz) ¢(‘BJ)
- 1] 1
subject to Zaiy; =0, (2:2)
Oy 20, z:l,,é

g 71 A ;& B2 #5 54 (Lagrange multiplier) ©) Z ¢(-) T+ v A & 4 ¢()2) A X (trans

pose)°] t}.
ALES K(x,z) = ¢(x) ¢(2)E o143t A (2.2)+ otele] 4 (2.3)3F Zo] by
% sl

Maximize Za, - = Z o0y K (x4, x5)
1] 1

subject to Zaiyi =0, (2.3)
@;>20,i=1,...,¢
dd 59 Ad B5Sol a7= gro 2Fo0H 53] oX hAY
K(z,z') = (@72’ + 1)
Tt £ =29 £2 4goA AHSEHE 719 A Gaussian) AGF4Eo] HHBPoz
7} wol A" , o — 2|
K(z,z') = exp (—T)
SH A=Y 0|8c Y 27

e 53 AYe A3t 7153 L ERE = ARES BA 3
% Z23UE T & A PHE MG ojH A 2,7 B 2
=4 € 2] & H A} (exterior deviation)e} st1 &2 Ve ¥l 2,7}
2B HANA AEsA 27Y RS W F AL (interior deviation)zt 3tT m; 2 E 7§} o
HE2 ot ok

(i) Hoio AFANE H23 B0} (7h5 3 Yol 234E FaAA).
(i) Has WAAANE Hoi3} Ao (AFEE A3l o).

—
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(i) WAARY 7t FE o3 Fo

(v) SRARY 71F TE AL vk

e TESo) A AT DA ()T (V)T BT MY A ALYl = o}
1

A A (3.1)3% Zo] £ 4 Ut
¢
Minimize Z(hifi — king)
i=1
subject to yi(xFw + wo) = mi — &, (8.1)

&, m>0,i=1,... L

A7 b9} ki oFe] Adolrh. D.PQ}D_E:B;GD+°£‘IH%—+11P4J-$1€D Y
oy =-12 285+ gy goletr A x; € DL W z; Tw+w = 7 — &i°l L
z; € D2 o) 2Tw +wy = —n; + &0 ol e} o] sh}e] AL o2 BHE 4 Qlrh

yi(zTw + wo) = n; — &.

&9k m7t 242 ARARSG WHAAS o) N7 Asted BE i = 1,...,09] 3]
&mi = 08] 270 Aokt

LEMMA 3.1 (Sawaragi et al., 1985) B E i =1,..., 00 th3lod, Tk h; > k; o] W 4] (3.1)¢]
€ oA & = 0= A CH

9ol Aoz Yo e w =08 22 vl AT 3 (unaccepted solution)t} 8] F A °1
3 (unbounded solution) & & 4 Aol Fsof gk 1122 Ay EH7IEN B
AYHL o] 23 AP RFIY F:237] 8 A2 /A vAH -4"481](nontrw1al
solution)& 27] 3t woll AAE FF2AE golok ). 233t AFXAE F9 3
€ lw|| =11}

4. AT E O MEZE YH J|A

F 2848 D, ot DS SA3A Felste Wi = v (hard margin)¥H -2
A 3H(overlearning)-& 3 A o) Aok o] AL F-Fol 93t gA FFS VLS & Uohe
AL guidit) o] d oA L FE3] A3 AT E kX (soft margin)HH o] = UEH A
th 242 E vpA 4 L slack A (A HA) & ((=1,..., 00 A8 et ol A& 2k
o] 2 A& 323 Wolnh 713 4] 4 (weight function) ||w|| H A3t} ] H A XY
S & AABE o)27) A3t ATz A (trade-off) BF CE 0| 8310 22 E vhAdhy
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of &% Al obele) (4.1)F 2ol A& & Yok
f4
Minimize %HwH% + CZ&

subject to ('szi + wo) >1-&, (4.1)
&>0, i=1,...,¢

A (41)e] BHEAANA AdE ol 85td A (4.2)9 Zo] EFE 4 Yot

Maximize E at——E o0y K (24, 25)
t,j=1

subject to Zaiyi =0, (4.2)
Ogai SC, 1= 1,...,@.

2ZE upXl e Ay FF7)0 g SAAYYY °}'°)‘;]°19—} TS e
4 dthe AMHel 7] %389 Benett®} Mangasarian(1992)2 t}3- ¥ 9 (Multi-surface
Method)2] &7goll thgt =2 & stATh R AUAE o] oflet HEHAE AEE d
B Z]AlA 228 ¥ 4 lth Nakayama®} Asada(2001)9} Asada®} Nakayama(2003)+= Tk
X A5 24 AYUE ASHE AEE HE 7|Ad HE3E B2 disto o
BNtk EH AYYL o] 8 PUL AL A v AYG HE IHI) At HAF A
T 279 84& 3-8AA AFsa

Glover(1990)= v A3 3 € #3817 4% YRLFERAL 4] (4.3)3 Zo] A It

T
(—-l'p+ Z x; +Ilp_ z zi) w=1. (4.3)
i€lp_ i€lp,

A7NA lp, & ip_ & Z+Zre] BE Dy, D_oll &3l k59| $20]t}. Erenguc®} Koehler(1990)
E 7188 RoR Ip, & ip_o et A8 Y 4L FHFE F N £ 2HAE Ao
o AE st 12 FA7] & lp, xip_E VERUT

3HAA NEd 24 AYF (i)} (iii)-4 B2 E& 185t Scholkopf2} Smola(1998)
Er-HNEZE WUEH JAE AAF SaFF FUEAE 4 (4.4)9 2ol EHHTY

Ml"“

£
Maximize E yzy]ala] wh (l:])

subject to Zy,a, =0, Zai >, (4.4)

1
OsaiSz, i=1,...,¢L
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5. CHSS HSB SE A=Y oI5t MEE HWE J|A 2
SEHE RS YEIE dack 92 (EF LRI BEL sk suplis W%
©

nEE FA 2t AZE A 74 7 7HA ¢ FE A ¢t

5.1. Total Margin Algorithm
slack 459 439 ARLZH surplus 52 HUIJE 931 ol g

f [4
. 1
Minimize Ell’w"% + C1 lz:: &i—C; E i

subject to 34 (w7 +wo) 2 L~ & + s, (5.1)
fiZO, i 20, 'l«:l,,e

A7IA €12 Cok 9 B oIA HolE shtt 0olehe R BAT Ashed €, > G2
Z2A¢ BE3E 25 Adsornth A (.19 %137 Y5 & R 2ok

L(w wO)E n «, ﬁ ‘y) - '—”w”2+01 261 CZZ"’L

=1 i=1

¢ ¢
- Zai [vi (Whzi +wo) —1+& ~m] — Zﬁiﬁi - Z’Ymi-
i=1 i=1 i=1
71 o; 20, B 20 LIy > 01T w, wy, § LI n o thdtd SaFF
£ v &3t 2 AH2AES 3}1%% g Lol s dstn Ad-§ o] &3] el E 4
(5.2)9] By A3 FAE LS + Atk

Maximize E al——- E Yy K (x5, ;)
i=1 1,j=1

subject to Z yio; = 0, (5.2)

CzSOliSCh i:l,...,é.

*

2 4 (529 HANY A 2571 e ek

o

[4
F((x)) =Y alyiK (x, 2:) + wo.
i=1
& 71 3 (threshold) wg+ otefl e} Zo] @& 4 Atk A7IM C; < of < 1%} y; =+18 ¢
st z,;9 A4S n+3} 31,0 <0 <C18y; =18 ‘3}_,3}—3: o) A28 n_g} 54}
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Karush-Kubhn-Tucker(1951) 2] 2% (complementary)Z el 2] 3td et C; < of < C101™
B; > 08} v; > 00] "} oA B3 §; = n; = 05 9 v] et

1 ny+n_ ¢
wO* = m n+ —n_ Z Zyla K(w’hzj)

5.2, p- AEZE Y] J|A

2EFH AEE FoA M A4 LEEH slack A4S H 4381 surpluse) &
iz, LB FE ABRHEF £ 299 Atol9] A AE U MEL WS
=gt 4 (5.3) dAEH

¢
S 1 1
Minimize §||w||§ + po — 7 Zm

subject to  y; (szi + wo) > — o, (5.3)
020, 3,20, i=1,...

>

ki

A7 pe o e T A}OI«I ”Ez%(trade-off)-% wlod = 2ol
A (5.3)0l i3t et o3 20

£
1 1
L(w, w0, 1,0, 8,7) = 5wl +por — 5 >

¢
- Z ai [yi (w' 2 + wo) — s + o] Zﬁﬂh -7,
i=1
A7\ 0 20, 6 > 02T 4> 00l i8] IR B4 E AUSHA el 4 (5.4)9)
ol H A3 AL p-HEE 9 JAE =

¢
. 1
Maximize 3 z_: jyiyjK (:ci,a:j)
¢
subject to Zaiy,- =0, Zai < u, (5.4)
1
a2g =Lt

7]-4 ng z;A Y DLoAA 4=} Karush-Kuhn-Tucker i%’”‘bﬂlﬂ, qlok
I, 6;>00H n; =08 U= R ol wiE &

4
wo* = _é% Z Za:yiK (:B-,;,mj).

x; €Dy i=1

@& (609 3 ANL A AL i AL AS4e] | <0j® LEIE 5T 2
1
]
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6. =X oM E

2 =voAM =3 WP £¥5HE A A3t A Y RAE IS diE A
v+R&9 AE vinstuz g

A AR 28+ Cleveland Clinic Foundation®] 4 %23 33} A1 F o)t} o] AR = 137)
o =P, EF303HY FAES #HEAF 0Tt F ¥R 2 E = BUPA Medical Research
Ltd.o] 24733 &(liver-disorder) AtE 2 770e] S P A9} 3459 ] BAE 4T Aok
Al AR AEs B d9Aeg AREE 87 EPAF SO 7|23t BREo] A A
HAZFAA g 7180l 3t Gy IFE Bolerty R may F Ao
WL o] Atg 9] 42 Pima IndianZ o] 214] o]4te] 71 14 7683 & tjidoz =
ALSt 2L 8 o)t} $19] AR 2 http://www.ics.uci.edu/mlearn/MLSummary.htmloj] A t}-&
2= wrg 5 Uk R AL F AR 250l hsted, @ XEFFA (cross validation) WHH &

O

®6.1: 4 (42) ¢ Fol A FEFE

(a) A% A2 B8 A (b) 2% 22 BF A

C 1 10 100 C 1 10 100
AVE 78.67 76.67 75.67 AVE 63.82 63.82 65.88
STDV 7.73 6.67 8.02 STDV 9.10 8.09 6.53
#. 8V 95.49 95.60 95.60 #. SV 82.77 71.58 62.67

AHESHRATE ol A2 Al ARAFANA FANE AP 0% AEE FH A5 2
3 Y3 10% X}E— HAE 82 1009 vhE o] HF g 73U B 615 &
647121 BEF &S HF(AVE)D B2 HISTDV)E YU 7129 (4.2)9} (44) ¢
VAEFEH] E =FolA AL (5.2)2) (5.4) G ES 0] 85 HEE HE Y AL(SV)
€ et & 649X B4E9 o] MslolE B75tn JEF o] HetA ¢ o
Foll 2459 g .{{&16}1] &t

A AR B9 4 (4.2)8 ¢ngEel o AEFEE YRl B 6.100M C =
190 392 HEFE 7867°l 4 (44)E A L3 & 6.291M v =05, v =0.6% B35l
79.009) A EFES AU 4] (5.2)9 ¢ E L ALV AHARFLELC, =100,C; = 1<)
735l 80.67011 4] (5.4)F HAEF ALE MY w2 81 008] /&L vehil Aot
2RAE A5 AT A (4.2)¢) 4] (4.4)9 ¢uZE B E3ld g HRFEL 7
Z+ C = 10091 7% 65.889} v = 0.59] 73T 62.642} = 7&—5%%% AUk vk B =3 A
Adste 4 (5.2)2 A (5.4)0] ¥neES B} FEFEL 424 C =1,C.=0001Y
o] 68.822} 70.302 & gith

b A3 AR A A8 ¢+ R 6.15H E 6.471 oA B nie} 2
ol 71 & AEFES Hol: ALE A (4.2), A (44)° 23 A Hrie 4] (5.2)4 4)
(5.4)9 ¢x)Fol 7123 AFete AL Yz Yot
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£ 6.2: 4 (44) €225 AT BEF
(2) 439 A2 B% 23
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
76.00 76.00 77.67 78.67 79.00 79.00 78.33 76.00
STDV 4.92 4.10 3.53 4.50 5.22 3.87 5.72 9.79
#. 8V 95.31 95.38 95.49 95.35 95.42 95.42 95.42 95.49
(b) 2328 RE 27 d7
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
61.76 62.94 62.35 62.65 62.94 61.76 62.35 60.88
STDV 10.47 8.68 7.04 7.34 6.82 6.20 7.94 6.05
#. SV 64.50 61.22 69.77 73.34 76.40 78.97 82.57 87.20
£ 63 4 (5.2) ¢nFl JF AERE
(a) A% Az £5 A
Cy =1 C1 =10 C1 =100
C2 0.001 0.01 0.1 0.01 0.1 1 0.1 10
AVE 78.67 78.67 78.67 76.67 77.00 78.67 75.67 80.67 78.33
STDV 7.73 7.73 7.73 6.70 6.75 6.67 8.02 7.24
#. SV 100 100 100 100 100 100 100 100
(b) 2428 Are £7 237
Ci=1 C, =10 Cy = 100
Ca 0.001 0.01 0.1 0.01 0.1 1 0.1 10
AVE 68.82 63.82 64.41 63.82 63.82 67.35 65.59 68.24 66.67
STDV 9.10 9.10 8.02 8.09 8.09 8.26 6.51 5.89
#. SV 100 100 100 100 100 100 100 100
£ 6.4 A (54) ¢1F AR AERE
(a) 48 289 % 2 (b) 2328 A5 BR A
AVE 81.00 AVE 70.30
STDV 6.49 STDV 5.79
#. 8V 100 #. SV 100
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E 6.5: 4 (4.2) g8 &) 23 Pima Indian 282 AEFE

C =0.01
33 H2ae %
BERE Dy D- BERE Dy D-
AVE 65.24 0.00 100.00 64.78 0.00 100.00
STDV 0.76 0.00 0.00 1.77 0.00 0.00
c=01
FAZY Hxe 2%
2ERE Dy D_ AERE D4 D_
AVE 65.24 0.00 100.00 64.78 0.00 100.00
STDV 0.76 0.00 0.00 1.77 0.00 0.00
C=10
i3y HaE Ag
BER Dy D- AEFE D, D
AVE 91.56 80.36 97.52 73.57 49.81 86.54
STDV 0.50 1.86 0.58 2.79 6.14 2.84
C=10
Xa33% HaE 3%
BERE Dy D_ qRFE Dy D_
AVE 99.29 98.34 99.80 70.39 53.97 79.33
STDV 0.31 0.74 0.22 . 3.06 5.06 3.37
C =100
Fayy H2E J%
BEHE Dy D- FERE Dy D
AVE 100.00 100.00  100.00 69.91 52.74 79.26
STDV 0.00 0.00 0.00 2.93 4.60 3.98
C = 1000
THAY H2E g
e D, D AE5Hg Dy D
AVE 100.00 100.00  100.00 69.91 52.74 79.26
STDV 0.00 0.00 0.00 2.93 4.60 3.98
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889 ¥E'1 60% |95 91T |ox9 1TT ¢8'¢ [99¢ o000 818 €% | wv |28% 000 AQLS
ov'ey 1ev6| €19 |SLSy 929 |0vPy vLE6| 8419 |L12'8F 00001 ZU'8Y 26°06| L1'€9 |8%'€S 007001 FAV
“a ‘*a |B4EF&| a BL4AK| @ ta |B4Ek| @ Ta |BL4ak| @ *ta |BL4¥&| a fa |[B&Ek
R TR BT RE =TTl LEkeg £ 3¥R fEkp®
001 = %D 01 =2D 1=t
0001 = 1D
L9 11 €Y {v9T 08T |8T'8 €O% | ¥0% |28% 000 Zee TV | ¥6'T (000 000 AQLS
Y$'eP 0T¥6| 6519 |SLSY 9zv9 |21'8Y T6'06| LI'€9 |8p'ES 007001 ¥1'69 8299| €189 [00°00T 007001 AAV
“a ta |BLEk| a BHER| @ Ta |BLFBEK| "@ Ta |[BYEK| @ *fa |[B4F&| @ ta |BE¥BEK&
Rl =¥ 7 R 57k RERT & =+ LEkRE
or=2 1=7% 10=2%
001 =10
199 €L1 vy lese L9T |€8'EC 6L¥ vee |szo €80 L9¢ 8¢S | 6vT |9T0 TLO AQLS
69%v 09'€6| 1619 [OFLV v3'59 |8V'IL STG9| 0869 |6V'66 8L'86 TOPL S9TY| VO'OL |09'66 9986 HAV
“a ta |{B&EE| a BUZR| @ A |BYERK| @ “Ta |[BL4B%| @ *a |B4ER| "a ta |[BL4EE
&k =¥ RERT fR =57k fEkR3F {E VR RERT
1=% 10=2%p 00=2
or=1
9y 9% 80'C |88'1 ¥8'0 |82€ €2¢ 827 650 8L1 97'¢  Gg'S gve |190 661 AQLS
VUL 1094| esel |96726 1616 [€L'€8 8L9G| POVL | 9696 2828 6.8 £€996| e8eL (8696 €ze8 HAY
“a ta |B&E&| a BB | @ *ta |BEE&| ¢ ta [B&E “a ta |B4Ek| Ta  ta |B4aEk
fi 37 RERT BE ITR fLERg £ 7l fLEkp?
10=12D 100 =20 1000 = 2D
1=

BLAR BT wipuieud {5 o2 RTH (29) & 99 F
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A} # A 2} & 9l Pima Indian 2t 8+ F A A8 9 7§45 ] HF € (unbalanced) A}
ATk DL AT(F ol oiete] ¥4 wHgAE)2 2689 o] AL, Wl D_FA(F
Hojl thdte] 4 HEAE)S 500% o] ik o] ARHLY AL FHAYY 4=
1«1 AA AENAH FAYZ 0% E 52332 U A 30%E HAE (52 Adsuc. &
6.59} & 6.6014 & $ A= uke} o] (4.2)9) (5.2) ¢uElEFESY E& ATE vk
4 (42)9] €12 E L HET F L HAE A} AEFELC =109 o 73.57oleke= A
58S 0421_0_\4 Zil G 4] (5.2)8 ALY Cy = 1,0, = 0.0018} C; = 1,C, = 0.019
A9l 2tz 73.889) 74.048) A EHF LS A3} Pima Indian B g 22 27 Y
Zkg e st A (5.2)¢nEES 44 vt B A 44 FEFEA YA
A (4.2)dneEe) FEFERY FL2 £Y5HL Ho|T Ak

r[o

68 X AEES FHAHE EF ZHE) B4 EY 7ol AEA °le » Scholkopf
9} Smola(1998)7F 7Wxtst A (4.4)9} B =Fo] Adt A (5.2), 221 4] (54) T
oA AdYs 53 AYPE AL MEE HF 714 R EFEL Cortesﬁr Vap-
mk(1995)°ll o8 A (4.2)F o]4 % G Fol Hlste] FEFES WL AiFes
o E2 AEREE & & Atk M54E 2 Qo B =7 tEA AYYy
=3 ﬂl-t-l‘ﬂé o] &3 Jehe] AMTE A 7 gEEL 7129 AddE ¢l Ee
o] 8% FAFEU AEFES NUAZ 5+ ASE ¢+ AU

4 (5.2)¢] ¢ E2 C 7 Co9 ol A& Aoj7 et 22 AAg AP FERE
oA gdeiA A (4.2)¢nYEY FEHFEEL F2 5 —:—Eﬂ% Bite Ae EME}T A
Atk HAY G CE 27 A 82
ol g gt AE S T3t A 54)gne TN 259 oiw* %koﬂ rHsM‘c Hllii}
sEol Uehd £ & Qloks AME & 3 Ak

-3
mO
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Study on Support Vector Machines Using Mathematical

Programming*

Min Yoon ) Hakbae Lee 2

ABSTRACT

Machine learning has been extensively studied in recent years as effective tools in
pattern classification problem. Although there have been several approaches to machine
learning, we focus on the mathematical programming (in particular, multi-objective and
goal programming; MOP/GP) approaches in this paper. Among them, Support Vector
Machine (SVM) is gaining much popularity recently. In pattern classification problem
with two class sets, the idea is to find a maximal margin separating hyperplane which
gives the greatest separation between the classes in a high dimensional feature space.
However, the idea of maximal margin separation is not quite new: in 1960’s the multi-
surface method (MSM) was suggested by Mangasarian. In 1980’s, linear classifiers
using goal programming were developed extensively. This paper proposes a new family
of SVM using MOP/GP techniques, and discusses its effectiveness throughout several
numerical experiments.

Keywords: Support vector machine, Maximal margin classifier, Multi-objective
optimization, Goal programming.
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