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(Solving Multi-class Problem using Support Vector Machines)

oo’

(Jaepil Ko)

2 % HZ VASE EoldA AdHE o83 tEA FEU|E Support Vector Machines
(SVM)o] F5 utx . SYML EAF dgold) 71ukste Fojd Uxis}l J5e RAEFy, tgd
HEAA BAd FHEHI gk 2y, SVML ¢)F EF7clns 4wyl gF a2 A 2uE
AEE 4 vk SVME o Ful& EA9 sl dZUAdd =Ys] 93 WS EE, One-Per-
Class®} All-Pairs7} diEAo)t). V) F Whge 0F U2 BEAE o8 /Y o S EA= &
g5l1, ol5S A 23 AFE 2L Ye HIYolghe IWHEA W &3t B =EdA
€ o|F ER/VII SVME] v Fes EF7 §% uelez &Yy PHES HUdth =3 &=
9 WHES EZHQ ©]&3F 7l ECOC(Error-Correcting Output Codes)E& 22 3 A2
2839 YHES AYsty, 434 Hd¥S F3 SVME ¥ ERVE A28 B8, €39 Py
9] B4 vu-E4F.

FI9E : AEEYWEAA, 2EIPNEE, ECOC, BEEF7), 94294

Abstract Support Vector Machines (SVM) is well known for a representative learner as one of
the kernel methods. SVM which is based on the statistical learning theory shows good generalization
performance and has been applied to various pattern recognition problems. However, SVM is basically
to deal with a two—class classification problem, so we cannot solve directly a multi-class problem with
a binary SVM. One-Per-Class (OPC) and All-Pairs have been applied to solve the face recognition
problem, which is one of the multi-class problems, with SVM. The two methods above are ones of
the output coding methods, a general approach for solving multi-class problem with multiple binary
classifiers, which decomposes a complex multi-class problem into a set of binary problems and then
reconstructs the outputs of binary classifiers for each binary problem. In this paper, we introduce the
output coding methods as an approach for extending binary SVM to multi-class SVM and propose
new output coding schemes based on the Error—Corfecting Qutput Codes (ECOC) which is a dominant
theoretical foundation of the output coding methods. From the experiment on the face recognition, we
give empirical results on the properties of output coding methods including our proposed ones.
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