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Table2 The comparison of computations between improved SMO and original SMO

2 SMO
The computing number of kernel function
SMO+Buffering SMO
Adultl 2587 815 8145618
Adult4 22 406 766 75 864 350
Adult7 226 937 669 1517 467 798
Adult 1131809 727 6 958 485 835
MNIST1 172554 467 642
MNIST2 6 846 486 16 018 429
MNIST3 68 234 522 164 474 762
MNIST4 648 170 169 1543 145 961
4
SVM , . SVM
) , SMO
SVM ,BSV , ) )
, BSV ,
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Abstract: The decomposition methods are main family to train SVM (support vector machine) for large-scale
problem. In many pattern classification problems, most support vectors Lagrangian multipliers are bound, and
those multipliers change smoothly during training phases. Based on the facts, an efficient caching strategy is
proposed to accelerate the decomposition methods in this paper. Platt’s sequential minimization optimization (SMO)
algorithm is improved by this caching strategy. The experimental results show that the modified algorithm can be
2~3 times faster than the classical SMO for large real-world data sets.

Key words: support vector machine; pattern classification; quadratic programming; caching strategy; sequential
minimization optimization algorithm
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