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This paper proposes a new learning machine based on Kernel Principal Component Analysis
(KPCA). KPCA is usually used as a pre-processing process preceding application of learning
machines, thereby better performance is achieved than linear Principal Component Analysis
in some cases. Kernel Projection Machine (KPM), which is proposed by Blanchard etc., ap-
plies linear SVM after KPCA with a model selection process. Although KPM can perform
equally to Support vector Machine (SVM) with smaller execution time, its performance heav-
ily depends on the kernel parameter. We propose a novel algorithm to determine the optimal
kernel parameter in the learning process. The algorithm is obtained based on the theory of
KPCA, and we show that the proposed learning method show a better performance than
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SVM in both generalization and computation time through computer experiments.
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Fig.1 Three examples for PCA and KPCA.
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Fig.2 Example for non-linear dataset.
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Fig.3 1st and 2nd principal components with linearPCA.
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Fig.4 Outputs of KernelPCA with a small parameter

value (Usmall = 0‘0625)'
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Fig.5 Outputs of KernelPCA for the optimal parameter

(Copt = 0.493).
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Fig.7 Eingenvalues and Cost function.
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Fig.8 Cost function E(6).
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Fig.9 Application to Pattern recognition.
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Fig.10 Example for input face data.

03 Joobooooooooo
Table 3 Result of the Dataset “Gender.”

gooo ooooo gooo
00 [%] ooo 00 [s]
NLSVMO50 0000 10.33 270 572.4
NLSVMO256 0000 5.602 270 2828
KPCA+LSVM 6.814 168 148.7
KPCATLSVM 6.340 168 157.6
00 1000000

00000000000000000000000
000000000000000000000000
000000000000000000000000
000000000000000000000000
00000000000000000

4.2 0000000

000000 20000000000000000
goosvMOOOOOOOOO

0000000000 46x440 300000000
Oo*'0ooi100000000

000000000 ONLSVMOOODODOOO000O

cO CO
_ (-5 -4 0 9 10
oc=le e ", ...,e,...,e,e ]
-5 -4 0 9 10
C=le e ,...e,...,e e ]

g260000000000000s0000000¢0
00o00oD0O0o0ob0OoboDooDo0obOooooobooo
0o0o00oD000ob00obOooDoOoOobOoOobooobooo
ogoooooo

000000000 10-fold cross-validation [0 5
ogoooooo

000000000 “Gender” OOOOOODODOO
goobo 3b000g

goboooboobooobooobobooboo
gooooooooobooboboooooobooo
goobooooobooo

x1 00000000o0ooooooooOooooOoobOOODbbOOOO
gooboOoboo0o0OOoO0oO0bO0OO0OOO0OOOO0OOO0OOO0
goooooO0o0ooO0o0oO0o00oOooO0o0O0Oo0o00o0oooo
gooooooo

goooooooooooooooooobooooooooo 85

NLSsVvM OOOOOOOOoOoooooooooo
gboboooooooooooooooooooboooo
goooooooooooooboboooooboonoo
22800 000000000O0OCOOODOOO

gooooobooooboooooooooo1000
gobooooooooobooobobooooooDbooo
gooooooooo0oooob 100000000
gobooooooooobooooobooooooboooa
goboooooooboobodoooooooooboooa
gbl1oo0oooooooobooomoon 200
goboooooooobooooooooooobooo
gobooooooooooooboodoo 20000
goocooooooooooooooooooooon
oboog

5. 00004

gooobobooooooooooboooooooo
goooboooobooobocooboobooboobooa
gooooLsvMOoOoOoOoOooOoOoooooooo
svMOOOoOOoOoOoOooooooooooooooo
gooooooo

gobooboooooooooooboooooooo
goboooooooobooooooooobooooboo
goosvMOoOoooooOoOooooooooooo
000000ooO0o00ooD KPCAOOOOODOOO
goooobooooobooooooooooo

oobooooooooooooooooooooo
gboooobooooboooooooooo

ug o0 0 0

1) Blanchard, G., Bousquetart, O. and Zwald, L.:
Statistical Properties of Kernel Principal Com-
ponent Analysis, Proc. 17th Conf. on Learning
Theory, pp.594-608 (2004).

2) Blanchard, G., Massart, P., Vert, R. and
Zwald, L.: Kernel Projection machine: A new
tool for pattern recognition, Proc. 18th Neural
Information Processing System, pp.1649-1656
(2004).

3) Zwald, L. and Blanchard, G.: On the conver-
gence of eigenspaces in kernel principal compo-
nents analysis, Advances in Neural Inf. Proc.
Systems, Vol.18 pp.1649-1656 (2006).

4) Scholkopf, B., Smola, A. and Muller, K.: Ker-
nel Principal Component Analysis, Advances in
Kernel Methods, pp.327-353 (1998).

5) Shawe-Taylor, J., Williams, C., Cristianini, N.
and Kandola, J.: On the eigenspectrum of the
Gram matrix and the generalisation error of



86 go0oo0oooOooooooooooooo Mar. 2008

Kernel PCA, IEEE Trans. Information The- F(M) — det(F(,u))F(,u)fl
ory, Vol.7 No.51 pp.2510-2522 (2005). I

6) Vapnik, N.: Statistical Learning Theory, Wiley = det(ul — G) Z 1 viv!
(1998). = (= i)

7) Cristianini, N. and Shawe-Taylor, J.: An In- ! l
troduction to Support Vector Machines and H(u 1) Z #vw’;
other kernel-based learning methods, Cam- - (1 — pi)

1
bridge University Press (2000). !

8) Nogayama, T., Takahashi, H. and Mura- = H = ;)
matsu, M.: Genetalization of kernel PCA and
Automatic Paremeter Tuning, The 8th Aus- i
tralian and New Zealand Intelligent Informa-
t?on Systems Confefence, Macquarie Univer- F(,uz) — lim F(#)
sity, Sydney, Australia, pp.173-178 (2003). B p

9) Fukumizu, K., Bach, F.R. and Jordan, M.I.: li[ .

(1 — pi)viv;
vised Learning with reproducing kernel Hilbert =
space, JMLR, pp.286:531-537 (1999).

=1

gobodpbOOOOOOCODOOOOOOOOOOoOoo

Kernel Dimensionality Reduction for Super-

000000 (Ixl)00000000000000
0000 (I-1)x(I—1) 00000000 Ix10
00000000000000000 O¢®) 0000

wl-GO000000 0000000000 O(%) 00000000000

0000 wI-GO00000000000000 00000 (00000000000000 O() 0
w0 GOO00D000000000 A0DDOO 0000000000000000000

g O

00 A0DDOOOooO (00190 20 2000)
A =det(A)A™? (00190 80 40000)
000D000wI-GOOOO0000000000 (00190 100 27000)

0000000000000 F(p) =wul —G OO
00p0000000000000000F(p) 0 p
0 GO00000000000000000000
p=pm+e0000000000000000000
00 F(p) 00000000000 GOO0OOOO0
00000000000 00000000 v, 00
00000 F(w) O

F(p)=pl -G

l
=ul — Zuivwf
l —
Z B— i)V

o0 O0boooboo

OO0s600000 1900000
gooooooocoooooooo
oooooooobo40000000
gooooooocoooooooo
gooooo

oo 00

gO0o2rgooooson00O000
gooboooobboooobog
oo s2000000000000

- 000050000000000
DDDDM;«AMDDDDDDDDDDD - 0000000000000000
1 1 MobooobobobobooboooelboboOonOo
—1 t
W) = —V;v; JOo0obOo0obOoOobobooboooboobooooo
) Z:(M*Mi)

gbooooooooooooboboossbnboooo
00000000000 pDhO0OD0 F(p)OOoOO gobooooooobooboobooooooboobooooo
ooo goooooooooooboobooon



Vol. 49 No. SIG 4(TOM 20) goooooooooooooooooobooooooooo

00 O0bobobo

gos000000900000O
goooooobobooob 11o
gboobooobooboooboogoo
gooboooo 140000o0ooo
ggoboooboobooboooon
0Mmo0b 11o40bb0ooboooooboooag
14019 00000000000DO000O0ODO0OO0
gopooo1vooooboooooooo 9ygoooo
gbobooboobooooo voobobooboooo
gooobooooobobobooobooboooobooo
0000000000 00IEEE Computer Societyd
gbobobooboobooboobooooo

87



