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Abstract This manuscript proposes the kernel learning algorithm called as Condensed Vector Machine. The proposed
method is an integration of the decomposition schema for scalable learning and the simplification technique of support vectors.
The key features of the method are to save consumed memory and processing time of learning, because the algorithm can keep
the small working-set size on the whole training process. And more, the processing time of decision function is fast without
vector simplification, as the set of trained vectors has already enough small. In the experiments which compares Condensed
Vector Machine and libSVM which is one of the most famous implementation of SVM, the training time of Condensed SVM
achieves 86.7 times faster than that of 1ibSVM, and the execution of the decision is also 83.2 times faster .
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