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Local Variable Sparsity Based Multiple Kernel Learning Algorithm

WANG Qing-chao,FU Guang-yuan, WANG Hong-qiao,GU Hong-yang, WANG Chao
(The Rocket Force University of Engineering ,Xi’ an ,Shaanxi 710025 , China)

Abstract: Local multiple kernel learning method could learn a specific combination kernel function for various sam-
ples according to the local space characteristics, therefore it has better discriminant ability. In this paper, we propose a local
variable sparsity based multiple kernel learning method. In our method, the samples are divided into a few groups with a soft
grouping method and the sparsity of kernel weights in various local spaces is determined by the similarity of kernels. We use
an alternative optimization method to solve this problem. The experiment on synthetic dataset indicates that our method has a

strong advantage in discriminative feature learning and against noise. Finally we apply our method into image scene classifi-

cation and the accuracy is improved obviously.
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l,-MKL |66.8 +1.0(72.1£1.0|75.2 +1.0(78.1 £0.8|79.5 +0.7
l,-MKL |65.8 £0.9(69.6 +1.0|71.1 £0.9(72.9 +0.8|74.5 0.8
LMKL [68.2+1.5(75.3+1.2|77.7+1.1|79.5+1.1|80.4+1.0
GS-MKL|66.3 +1.3|75.3 +1.1(81.6+1.1(83.6+1.0(84.4+0.9
CLMKL {67.0+1.2|75.5+1.0(80.8 £0.9(83.8+0.9(84.7 +0.9

1

3

2

ERES

BPMKL |68.2 +1.1|74.8 £1.0(|79.7 £1.0|81.8 £0.883.7 0.8
MKL-SRC|68.9 +1.3|73.2+1.3(78.8 +1.2(82.0+1.1(82.2+1.0
AR 68.1£1.2|76.2+1.1(82.1+£1.0(84.1+1.0(85.0+0.8

%2 7EScene 15 HIEE FMH FKEHE
T2 FRpe A K

10 20 30 50 100
SVM [58.2+1.0(64.4+0.9|68.3 +0.8(74.5+0.7|80.9 +£0.5
[;-MKL [59.7 £1.2(65.9£1.1(71.0+1.0(77.2+0.882.9 +0.6
1,-MKL [60.1 +1.1{66.8 £1.0(71.2+1.0(77.8 +0.783.5+0.6
1,-MKL |58.2 +1.0(64.4 +0.9[68.3 +0.8|74.5+0.780.9 +0.5
LMKL [62.5+1.6(67.1+1.3|72.7+1.1]78.3+0.9(84.3 £0.8
GS-MKL|61.3 +1.4(68.4+1.2(74.3+1.1|80.8+1.0(86.6+0.9
5
6
7
3

Bk

CLMKL |61.4 £1.5(68.2+1.3|74.6£1.0|79.9+1.0(86.7 £1.0
BPMKL {62.6 +1.6|67.8 +1.1(75.0+1.2|80.1+1.1(85.5+1.0
MKL-SRC|62.5 £1.7(67.5+1.3|73.5+1.3]78.2+1.1|86.1+1.0
AR H62.6£1.3/169.1+1.1(75.9+0.9(82.0+0.8(88.1+0.7
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