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Abstract: XML document as a new data model has been a hot research area. Similarity measure is a basic of
analyses, management and text mining for XML documents. Structured Link Vector Model (SLVM) is a document
model for the XML documents' similarity measure based on both the content and structure. The kernel matrix,
which describes the relations between the structure units, plays an important role in the SLVM. In the paper, two
algorithms are derived to learn the kernel matrix for capturing the relations between the structure units: one is based
on the support vector machine and the other is based on matrix iterative analysis. For the performance evaluation,
the proposed similarity measure is applied to similarity search. The experimental results show that the similarity
measure based on kernel matrix learning outperform significantly the traditional measures. Furthermore, comparing
with the kernel matrix leaning algorithm based on the support vector machine (SVM)’s regression, the kernel matrix
leaning algorithms based on matrix iterative analysis not only acquires higher precision but also needs less training
documents and cost.
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Table2 Thetime cost in different dataset

999

2
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