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Tree-structured Data Processing Method Based on Model Space
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[ Abstract] Classical machine learning methods are not enough for dealing with tree data because the tree contains not
only node information but also structure information. Therefore, this paper proposes an approach of tree echo state
network , applicated to tree-structured, it uses the tree-structured echo state network to model tree-structured data, gets a
fixed-size space model,and converts the complex tree-structured data into points in the model space. Based on the idea of
model space,the similarity between the tree-structured data is measured by the distance between the models. It combines
the model with the kernel methods to facilitate classification performance. Experimental results show that,compared with
traditional algorithms,the tree echo state network has better performance in related datasets.
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