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Parallel Efficiency Sensitive Criterion of Data Segmentation for Large-Scale SVM

Zhang Chuang, Liao Shizhong
(School of Computer Science and Technology. Tianjin University, Tianjin, 300350, China)

Abstract: Data segmentation is one of critical issues of model selection of parallel/distributed machine
learning, which has impacts on generalization performance and parallel efficiency of parallel/distributed
machine learning. Existing approaches to data segmentation of parallel/distributed machine learning are
dependent on empirical evidences or on the number of the processors without explicit criterion. In this pa-
per, we propose a parallel efficiency sensitive criterion of data segmentation with generalization theory
guarantee, which improves the computational efficiency of parallel/distributed machine learning while re-
taining test accuracy. We first derive a generalization error upper bound with respect to the block number
of the data segmentation. Then we present a data segmentation criterion that is a trade-off between the
generalization error and the parallel efficiency. Finally, we implement large-scale Gaussian kernel support
vector machines (SVMs) in the random Fourier feature space with the alternating direction method of
multipliers (ADMM) framework on high-performance computing clusters, which adopt the proposed data
segmentation criterion. Experimental results on several large-scale benchmark datasets show that the
proposed data segmentation criterion is effective and efficient for the large-scale SVMs.

Key words: large-scale support vector machines; model selection; data segmentation; alternating direc-

tion method of multipliers; random Fourier features
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Tab.1 Specification of benchmark datasets and related parameters

pYETES UEES i Yk iz 7 log(C) log(y) D
a%a 32 561 16 281 123 2.25 0 —6 1 000
jjennl 49 990 91 701 22 2.25 0 —8 500
w8a 49 749 14 951 300 2.25 2 —4 2 000
webspam 262 500 87 500 254 1.75 7 —38 1 000
covtype 435 759 145 253 54 2.25 6 —6 500
SUSY 3 750 000 1 250 000 18 3.00 2 —38 50
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Tab.2 Comparison of parallel computation time (train + test) and test accuracy (Acc) of optimal and other blocks
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webpam _ _
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1372 78.76+0.56 568  79.10+0. 25 292 79.11-+0.63 327  78.64-0.54
B=2 B=14 B =10 B=14
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270 79.1620.03 162 79.1640.03 65 79.1520. 02 101 79.1520. 03
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