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Sparse Representation Learning of Kernel Space
Using the Kernel Relaxation Procedure
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Abstract

In this paper, a new learning methodology for kernel methods that results in a sparse representation of kernel space
from the training patterns for classification problems is suggested. Among the traditional algorithms of linear
discriminant function, this paper shows that the relaxation procedure can obtain the maximum margin separating
hyperplane of linearly. separable pattern classification problem as SVM(Support Vector Machine) classifier does. The
original relaxation method gives only the necessary condition of SV patterns. We suggest the sufficient condition to
identify the SV patterns in the learning epochs. For sequential learning of kernel methods, extended SVM and kernel
discriminant function are defined. Systematic derivation of learning algorithms is introduced. Experiment results show
the new methods have the higher or equivalent performance compared to the conventional approach.
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Initialize a= 0, 7( ), margin b, y >= 0
do /* for each epoch */
Shuffling the training data using index.
// Relaxation
forj =1, .. \N
k = index(j) // from shuffling
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819



X ¥ XESAlAHES =2X 2001, Vol. 11, No. 9

alk+1) = alk) +
dib— a' K(C, A
ke KOP
endif
else
adp = 0
end if
end for
// SV maintenance
for k = 1, ... \N
Update and check for SV condition.
end for
until dy @' K, 87 for all k

and SV condition is true.

Return a

Ad Hd st/
(KSD)& oh&-3 e

Ab 2= (Steepest Descent/Ascent) H3

da=79d— a K) (26)

zZ+ #He oy, o dsd ;& Eshe
SVMseq(7, 81% FHul 73st stgyel ofvam &y 7t
(Coordinate Descent)® ¥ o] th{31.

da; =7 (di— a K(,) @7

olof wiohe] RBF 44sizwel wek A3 AW

LMS(KLMS) el

da=7d— a KG.D))KCG.D 28

#Ad  Perceptron(KP)-& oju] Held g (Potential
Function) & e & 27i= Al

da =nd; K(,}) 29

oA o Duda®l LHNAM #A713 HelA T5 TG

wHEe mE AASHA S AUCHLL

5. Ay A3

A wA AFe TF XOR A 4549 dolHE

Zylsted 1E] 479 BE HEwE SV JHez A

Ba=A 2AEEG AWE gipo] JHeEstE KASH T

4 KRel QPA#E wastgch 291, 2, 3& 22X
KAE 19719 svAe & gsatsat. 48 KR¥ Qb=
Az AFA 4782 SV He FAURE FEEA Ha
3tk

oo Age gws 58 Hrlolth MNAFNEY &
#71 2% #7} dlo]EHd SONAR %ﬂ’jrfxﬂg Ztm A¥
st tH9). SONAR HlolE 9 s 28Me 4% 4%
o] N et gA A HkALE = SONAR ny feog &
2L 6001t} Mg 104749 dHeolee EddolHz vl
7 10470 87t dele® 20 & 28 KA, KLMSS

820

a3 1. 84 XOR E4of g QP 5454
Fig 1. OP learning results for the EXOR
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Fig 2. KA learning results for the EXOR problem
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Fig 1. KR learning results for the EXOR problem
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Table 2. Performances of KA, KLMS and KR learning
methods for the SONAR classification, problem

Training
Algorithm Epoch /Test Data ?’aiiefn\;
Performance

KA 10 100.0/95.19 %
KLMS 2 100.0/94.23 101
KR(b=1, 7 =2) 20 100.0/94.23 100
KR(b=1,7 =1.5) 80 1000/0423 | 100
KRb=17-10) | 620 | 94239135 a4
KR(b=1.7-05) | 740 | 89.42/8462 J 89
KR(b=1, 7 =0.0) 50 | 80778150 L 62
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