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Abstract Training support vector machine (SVM) with nonlinear kernel functions on large-scale data
is usually very time consuming. In contrast, there exist faster solvers to train the linear SVM. To
utilize the computational efficiency of linear SVM without sacrificing the accuracy of nonlinear ones, in
this paper, we present a method for solving large-scale nonlinear SVM based on an explicit description
of an approximate Gaussian kernel. We first give the definition of the approximate Gaussian kernel,
and establish the connection between approximate Gaussian kernel and Gaussian kernel, and also
derive the error bound between these two kernel functions. Then, we present an explicit description
of the reproducing kernel Hilbert space (RKHS) induced by the approximate Gaussian kernel. Thus,
we can exactly depict the structure of the solutions of SVM, which can enhance the interpretability of
the model and make us more deeply understand this method. Finally, we explicitly construct the
feature mapping induced by the approximate Gaussian kernel, and use the mapped data as input of
linear SVM. In this way., we can utilize existing efficient linear SVM to solve non-linear SVM on
large-scale data. Experimental results show that the proposed method is efficient, and can achieve

comparable classification accuracy to a normal nonlinear SVM.

Key words support vector machine; linear support vector machine; kernel methods; approximate
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Table 1 Benchmark Datasets
1 IBAARERIEE

Datasets n n ¢ t
a%a 123 13.9 32561 16 281
ijjenn 22 13.0 49990 91701

covtype 54 11.9 464 810 116 202

mnist38 752 168. 2 11982 1984

real-sim 20958 51.5 57848 14461

webspam 254 85.1 280000 70000
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Table 2 Testing Accuracies of the LINEAR, GAUSS-2, POLY-2 and KERNEL
F2 AMFENNKEE
LINEAR GAUSS-2 POLY-2 KERNEL

Datasets
C Acel% C o Acel %% C Y Acel% C - Accl %
ada 32 84.98 32 0.125 84.78 8 0.03125 85.05 8 0.03125 85.03
ijenn 32 92.17 128 0.5 97. 88 0.125 32 97.83 32 2 98. 67
covtype 0.0625 76. 34 512 2 80. 08 8 32 79.99 32 32 95.99
mnist38 0.03125 96. 82 32 0.007 8125 99. 44 2 0.3125 99. 29 2 0.03125 99. 69
real-sim 1 97. 41 8 2 98. 07 0.03125 8 98. 06 8 0.5 97.82
webspam 32 93.21 512 0.5 98. 06 8 8 98. 44 8 32 99. 20

Table 3 Training time (in seconds) for LINEAR, GAUSS-2,
POLY-2 and KERNEL

®3 4T ENIIGRE s

Datasets LINEAR  GAUSS-2 POLY-2 KERNEL
a%a 10. 00 4.81 2.31 165. 30
ijjenn 2.93 11. 09 14. 38 35.99
covtype 1. 68 374.96 5985. 36 46 303. 98
mnist38 0.18 22. 86 13.88 43.05
real-sim 0.28 44. 06 66.76 1053. 31
webspam 24.71 3917. 06 4437. 30 17283. 35
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T 10t
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Fig. 1 The number of iterations of the LINEAR. GAUSS-2, POLY-2 and KERNEL.
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