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The kernel method is a promising approach to analyzing structured data such as sequences, trees, and graphs and
Support Vector Machine (SVM) is a powerful classifier for kernel methods. However, applying SVM to large-scale
data is challenging because the time complexity of SVM training scales quadratically with the number of training
data. In this paper we propose a fast and memory-efficient SVM training algorithm for a tree kernel by utilizing
cutting plane algorithm and XBW, which is a succinct data structure for a labeled tree. The time complexity of
our proposed algorithm scales linearly with the number of training data and the space complexity is asymptotic to

the information-theoretic lower bound of labeled trees.
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