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An Improved Domain Multiple Kernel Support Vector Machine

ZHANG Kai-Jun! LIANG Xun!

Abstract In support vector machine (SVM), it is critical to define the kernel function and a different kernel would cause
different classification accuracy. People have started pursuing how to make the most use of multiple kernels harmoniously
to improve the SVM performance, hence, the multiple kernel learning (MKL). Recently, an efficient generalized multiple
kernel learning (GMKL) method was presented, which combines the advantages of Li-norm and La-norm. However, the
GMKL algorithm does not make the most use of the common information among the selected kernels. On the other hand,
the MultiK-MHKS algorithm uses the canonical correlation analysis (CCA) to get the common information among the
kernels while ignoring the selecting of kernels. So this paper tries to combine them and an improved domain multiple
kernel support vector machine (IDMK-SVM) is presented. Simulation experiments demonstrate that the IDMK-SVM gets
a higher classification precision than the existing typical MKL algorithms.
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R Ktk
Table 1  Database
EA i Hdhipg (s

Autralian 690 14

Diabetes 768 9
Heart 270 13
Tonosphere 351 33

Liverdisorder 345 6
Sonar 208 60

R 2 MR 3 ST oy I RS L L i
A7 I T 0 32 JDCFR) A% o R A B SE 9 R W, TDMIK-

SVM HIkE#FE T SimpleMKL F1 Lo-MKL, %5
F GMKL #% DL & MulitK-MHKS #7873 5
THA L F IR 1% it (E5 P2k
Bl IDMK-SVM RILH T8 AF oy et ag, 1L
KSR . 87.14, 76.37, 84.99, 92.45, 69.10, 81.73.
A WL, IDMK-SVM X 43 A58 (1) 1 45— 52 IRORS
fif B 5t

P RACRHR I A R 2% . %) T IDMK-SVM
BERRL, T U, il M 28 O(M1?), K&
AR R AR S K I 1r), BN ) 52 2R FE AR . A
#* 3 FHii, IDMK-SVM #7815 SimpleMKL iz
AT KB R, & T GMKL, MulitK-MHKS Fl
Lo-MKL. B, IDMK-SVM A3 4R ASidi 4 FE A AR
KIG3HT. FEISATI [R5 T, AR SCHE R A F
s FARF XEAEA G TS A A ot

5 Zhip

GMKL 2 31 5 R 1 H 1) —Fl B 4 16 22 2% 2 2
AL BRIz A ERE. 5 R 2 R i S
B —#E, GMKL %4 % B AE Ik FZ ek 20h, anfe
SRR RE R IR pR HE] (W 3L PE. 55— 7 i, MultiK-
MHKS #5575 K e AR -t % R an ] 45 25 & B IRk 12 1k
e g m iz sk g, A ) IDMK-SVM #AY,
ST MultiK-MHKS Al GMKL 2 H ) —Fhogr 73
(1) 22 1% 2 SRR B8 Slc 0 1k HH X 20 SO 1 52 DT ik
BOKHIZ R, BRI CCA $RTFERIZ AL

®2 RN (%)

Table 2  Classification accuracy (%)
Australian Diabetes Heart Ionosphere Liverdisorder Sonar
SimpleMKL 84.30 73.44 83.70 91.48 43.35 76.70
GMKL 84.88 76.33 80.37 92.27 66.47 78.27
L2-MKL 83.63 75.32 82.44 90.05 67.98 77.44
MultiK-MHKS 85.80 71.46 82.96 90.05 68.20 75.96
IDMK-SVM 87.14 76.37 84.99 92.45 69.10 81.73
%3 BIFNI (s)
Table 3 Runtime (s)
Australian Diabetes Heart Ionosphere Liverdisorder Sonar
SimpleMKL 55.25 21.83 14.36 28.95 10.95 153.41
GMKL 14.63 21.83 13.09 5.77 5.85 28.12
L2-MKL 24.94 17.46 10.06 7.14 7.41 30.76
MultiK-MHKS 37.24 21.13 13.43 10.76 13.23 128.11
IDMK-SVM 54.08 24.37 15.67 24.11 14.14 130.91
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