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Sampling-based Two-stage Training for Support
Vector Machines

Cao Feifei, Zhu Muhua, Zhu Jingbo

(Natural Language Processing Lab, Northeastern University, Shenyang, 110004)

Abstract: Support Vector Machines are limit in practical applications for the sake of high computational complexity of training. In this
paper, we proposed a sampling-based two stage faster training for Support Vector Machines. This algorithm is based Sequential Minimum
Optimization, by first training a classifier in the first step from sampled data, then filtering the whole training dataset. Experimental results
show that the algorithm proposed is much faster than direct application of Seqhential Minimum Optimization, meanwhile maintaining the

final classification performance.
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Table 4-1 Sampling-based Two-stage Training Algorithm
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Table 5-1 Experimental Results

HPEST B 10 30 50 70 90 120 150 170 180 190 | 200

FEFL (%) 80.1 | 80.3 | 809 | 82.0 | 8.4 | 826 | 835 | 81.1 | 831 | 83.2 | 834
E KB 1085

7122 7586 | 6724 | 8137 | 7443 | 8983 | 9243 | 8125 | 8842 | 8171
SRR 6

HEWRE P (%) | 81.3 | 813 | 80.8 | 82.1 | 825 | 8.6 | 83.4 | 813 | 83.1 | 83.2 | 834
BEZER (%) | 79.0 | 79.5 | 809 | 82.0 | 823 | 826 | 835 | 80.8 | 83.0 | 833 | 835

12 47 M
7:00 ) 6:26 | 6:58 | 8:10 | 8.33 | 7:59 | 8:37 | 8:41 | 10:1 | 9:28 | 9:18
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