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(1) N for the number of training samples 7', P for the
number of kernels, L for the number of samples in selected
subsets S,,,,

(2) Repeat following steps P times

(a) Determine @ training subsets S,, by randomly se-
lect samples from T’

(b) Randomly set hyper-parameters (such as Gaussian
width and regularization term for RBF kernel)

(c) Train mth classifier f,, over the subset S,,

(d) Predict whole training samples T by f£,,, determin-
ing probability output

(3) Train linear SVM over f,,: {m = 1... P} to de-

termine optimal f3,,, for the final classifier.
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4 ¥ & &

AT, FVRLY YT v TENBOY VT
WIC KB 1=V EHBEDE T IVTF I — )V 2EE
. MRSKL Zf&E L7, s/hov 7ty FThsd 1 X
7 BT K BEEETIE, 200 X7 (U T IVEREL
400) TH.—SVM OMHEZBEZ 5 T VRS Nz,

PRSIV (10 HB VI 100) KBTI Ty b
A—2IVE, FBHIEROINHEZ R T5EDD, FHIMERE
] ED7ZDIIEI ST A— R DFERNZITH REHRD - T,

cod-rna NV F ¥ —7t v M XS T, Il
Y TID 2% 5 5%DY > T IV T, Hi— SVM OMERE
A RA RHEEEISL AR RS T e TE,

MRSKL Tl&. 200 H5 1,000 DH—3 )G %40
ENH5, LH L. SVM DFHHEED O(N?) h 5 O(N?3)
ThHrTerEZDE, YTy« A—IVTHT B
FIEEDHIRE NS 720, 2k L TORREREIFAEL
EHIRWEEZBTENTES,

YTy b« H—3IVZ2HET ZERCEIE SVM Z H
W, H—IVEDETICON, T OED TORED
LROFHERBORYE EDEZ T L ko, T, d
Y > IV A OIEFICEVRIAR Y MVICHT %
FRETHER TR ESRVWzHLEZENS,

AT, 2TOY Tty b - A—FRIVOH )1 7%= FER
DOFE SVM D AT & LTz, UL, EEROKIE SVM I
HLUTH, FEBRRDY VT IVEREITS C LT, §HE
EOH & eEom EAnEEIc /a3 EEZ ENS,
B 2

AWMz EDBICHI=0, Ta 2 AT LR
LEHOBRICOWT, AAEBEE L EE s ulik

. FIHEBHEEFIEI N2 L ET, K. ORI,
BB SR = 22500172 I K 2RO E & iciTbNnT,

(1]

(2]

(3]

(4]

5]

(6]

[7]

(8]

(9]

[10]

[11]

IS1-8: 131

X 73

F.R. Bach, G.R.G. Lanckriet, M.I. Jordan, “Multiple Kernel
Learning, Conic Duality, and the SMO algorithm”, in Proc.
International Conf. on Machine Learning, pp.41-48, 2004.
S. Sonnnenburg, G. Roétsch, C. Schéfer, B. Schdélkopf,
“Large Scale Multiple Kernel Learning”, in J.of Machine
Learning Research, Vol.7, pp.1531-1565, 2006.

G.R.G. Lanckriet, N. Cristiani, P. Bartlett, L.E. Ghaoui,
M.1. Jordan, “Learning the kernel matrix with semidefinite
programming”, in J. of Machine Learning Research, \Vol.5,
pp.27-72, 2004.

A. Rakotomamonjy, F. Bach, S. Canu, Y. Grandvalet, “More
Efficiency in Multiple Kernel Learning”, in Proc. of Inter-
national Conf. on Machine Learning, 2007.

M. Génen, E. Alpaydin, “Localized Multiple Kernel Learn-
ing”, in Proc. if International Conf. on Machine Kearning,
2008.

G.Baudat, “Feature vector selection and projection us-
ing kernels”, in NeuroComputing, Val.55, No.1, pp.21-38,
2003.

J.Zhu, T.Hastie, “Kernel Logistic Regression and the Im-
port Vector Machine”, in J.of Computational and Graphical
Satistics, Vol.14, No.1, pp.185-205, 2005.

Y.Oosugi, K.Uehara, “Constructing a Minimal Instance-
base by Storing Prototype Instances”, in J. of Informa-
tion Processing, Vol.39, NO.11, pp.2949-2959, 1998. (in
Japanese).

K.Nishida, T.Kurita, “RANSAC-SVM for Large-Scale
Datasets”, in proc. ICPR2008, Dec. 2008. (CD-ROM).
C.C.Chang, C.J.Lin, “a library for support vector ma-
chines”,

http://www.csie.ntu.edu.tw/ “cjlin/libsvm,
2001.

http://www.csie.ntu.edu.tw/“cjlin/
libsvmtools/datasets/binary.html#cod-rna



