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The Automatic Parameter Tuning
for Multi-class Learning with KDA

RyYOHEI SEKIGUCHI, ! HARUHISA TAKAHASHI2
and KAzUHIRO HoTTAT?

This paper proposes a new learning machine based on Kernel Discriminant
Analysis (KDA). KDA is mainly used as a pre-processing process of learning
machines, thereby better performance is achieved than linear discriminant anal-
ysis in some cases. Despite potential ability, KDA is greatly dependent on a
kernel parameter, and thus to attain the better performance takes the more
of huge preparing experiments for drawing the optimal kernel parameter. To
alleviate this difficulty, we propose a novel algorithm to determine the optimal
kernel parameter in a reasonable computational effort. The algorithm is ob-
tained based on the theory of the discriminant creterion. We show that the
proposed learning method outperforms SVM in both generalization and com-
putation time through computer experiments.
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Fig.1 Two samples for LDA
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Fig.2 Example for three-class dataset
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Fig.3 Discriminant space by LDA
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Fig.4 Outputs of KDA for the optimal
parameter (oopr = 1.518)
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Fig.5 Outputs of KDA for the not optimal
parameter (o = 5.000)
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Fig.6 Cost function E(6)
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Fig.7 Application to Pattern recognition
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Table 2 Generalization error and Implementation time of datasets

Generalization error [%)] Implementation time [sec.]
KDA+ SVM SVM KDA+ SVM SVM
Adaboost (gaussian) (polynomial) Adaboost (gaussian) (polynomial)
iris 4.876 6.832 6.118 20.33 95.12 102.7
wine 2.583 4.983 3.569 48.57 240.3 233.9
glass 27.77 28.35 29.66 108.4 423.5 429.0
vowel 2.409 3.790 5.735 265.1 1326 1401
vehicle 14.80 17.74 18.52 324.8 1175 1221

goboobooobooooooobo0o1oobooboobOoooOoOoobOoOobOOobooOoOonn
0000000000000 0000000000Gauwssian 000000000000 ¢
goobooodu ec000000O0OOCOOOODOOOOODOOOOOODOOOOOODOO
gooooboooocoooooooooooboooooooboooooOooooooooDoon
oobooooboooooooooooboooooOoooboooooboOooooooboooo

5. 0000

gooooooooooooooooooooooooooooooboooOoooooon
goboooooboooooboooboooooooboobooboooOobooDbOonon
goooooooooooboooobobooobooooooooobooooboOoboOoDbOonn
Adaboost 0000 O0O0OO0OOODOOODOOOOO SVMOOOOOOOOOOOOOO
ooboooobooobooooooo

gobooobooo1oodooboooboooooooooobooooooooonn
gooobobooodbooooooooooooboboooboooooooboOoooooon
oobooooboooooo

o o0 0O 0O

1) Mika, S., Ratsch, G., and Muller, K.R.: A mathematical programming approach
to the Kernel Fisher algorithm, In Advances in Neural Inf. Proc. Systems, Vol.13
pp-591-597 (2001).

2) Fukumizu, K., Bach, F.R. and Jordan, M.I.: Kernel Dimensionality Reduction for
Supervised Learning with reproducing kernel Hilbert space, JMLR, pp.286:531-537
(1999).

(©2009 Information Processing Society of Japan





