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Abstract  Model selection is very critical to support vector machines (SVMs). Standard SVMs
typically suffer from cubic time complexity in data size since they solve the convex quadratic
programming problems. However, it usually needs to train hundreds/thousands of SVMs for model
selection, which is prohibitively time-consuming for medium-scale datasets and very difficult to scale
up to large-scale problems. In this paper, by using random Fourier features to approximate Gaussian
kernel, a novel and efficient approach to model selection of kernel SVMs is proposed. Firstly, the
random Fourier feature mapping is used to embed the infinite-dimensional implicit feature space into an
explicit random feature space. An error bound between the accurate model obtained by training kernel
SVM and the approximate one returned by the linear SVM in the random feature space is derived.
Then, in the random feature space, a model selection approach to kernel SVM is presented. Under the
guarantee of the model error upper bound, by applying the linear SVMs in the random feature space to
approximate the corresponding kernel SVMs, the approximate model selection criterion can be
efficiently calculated and used to assess the relative goodness of the corresponding kernel SVMs,
Finally, comparison experiments on benchmark datasets for cross validation model selection show the
proposed approach can significantly improve the efficiency of model selection for kernel SVMs while

guaranteeing test accuracy.
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Table 1 Specification of Benchmark Datasets

x1 MREHEERNA

Dataset Dimension  # Training  # Test # Repetition
Thyroid 5 140 75 100
Titanic 3 150 2051 100
Heart 13 170 100 100
Breast 9 200 77 100
Banana 2 400 4900 100
Ringnorm 20 400 7000 100
Twonorm 20 400 7000 100
Waveform 21 400 4600 100
Diabetes 8 468 300 100
Flare solar 9 666 400 100
German 20 700 300 100
Splice 60 1000 2175 20
Image 18 1300 1010 20
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Table 2 Comparison of Computation Time and Test Accuracy (Acc) of Model Selection among k-CV and Approximate
k-CV(k=5,10)
F2 X XWIEGEM T RWIEEREENITEN B 5N ERELR (k=5,10)

5-CV A5-CV 10-CV A10-CV
Dataset Computation Computation Computation Computation
Time/s Ace Time/s Ace Time/s Ace Time/s Ace

Thyroid 3.278 0.95140.022 6.704 0.94940. 026 8. 340 0.94940. 022 18.522 0.94940. 025
Titanic 4.938 0.77440.009 4.396 0.746+0. 044 16.593 0.77440.008 13. 643 0.7514+0. 040
Heart 3. 960 0.83440.035 3. 544 0.81240.075 9.525 0.83840.034 9. 889 0.8184+0.062
Breast 6.719 0.73340.049 4.329 0.7134+0. 050 15.073 0.73240.049 10. 370 0.7204+0. 053
Banana 16. 186 0.89240.008 5.572 0.885+0.013 37,218 0.89240. 007 12. 325 0.88440.013
Ringnorm 9.838 0.98240. 004 3.902 0.968+0.017 20. 051 0.98240.004 7.050 0.96740. 024
Twonorm 8. 841 0.97540.003 3.965 0.97040. 005 17. 666 0.97440.004 7.123 0.968+0. 020
Waveform 10. 696 0.89540. 008 4.382 0.88440.015 22. 316 0.89640.008 9.358 0.88240. 024
Diabetes 24.462 0.76540.020 4. 836 0.756+0.028 59.911 0.762+0.017 8.893 0.758+0.023
Flare Solar 24. 895 0.67240.020 6.733 0.64640. 050 58. 838 0.66940.022 11.292 0.64240. 050
German 40.972 0.76040.023 5.539 0.74940. 030 96. 627 0.75840.023 8. 485 0.749+0.033
Splice 83. 548 0.88640. 006 5. 849 0.8454+0.012 187.652 0.886=40.007 7.380 0.85240.017
Image 66. 890 0.96840. 005 8.043 0.9444+0. 020 152. 404 0.96740.006 13.610 0.946+0. 021

1.00
g g 0.95}
5 =]
3 3
< <
ki S 0.9
0-7 -0 5CV -O- 5V
-6- A5-CV -&- A5-CV
0.70 |, ; ; i i 0.85 |, . . . A
200 400 600 800 1 000 200 400 600 800 1 000
Number of Training Samples Number of Training Samples
(a) Splice (b) Image

Fig. 1 The test accuracy varies with respect to the number of training samples.
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Fig. 2 The time of model selection varies with respect to the number of training samples.
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