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[ Abstract] Identifying the relationship between two documents is an important task in natural language processing area, which has
been popularly applied to Internet services such as news recommendation systems or search engines. However, compared with
sentence matching or query—doc matching in information retrieval, document matching is more challenging and independent since
documents always contained rich semantic information and complicated structure. This paper tries to focus on the challenges to
document matching and propose a matching pipeline based on graph classification by transferring the matching task equally to a graph
classification problem. The pipeline mainly includes modeling documents pairs based on graph representation learning, graph
attention neural network based node feature extraction and graph pooling. Two public datasets are used to verify the performance of
our proposed methods, and the results achieve the state—of—the—art.
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Fig. 1 The pipeline of the proposed document matching algorithm

based on graph classification
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Fig. 2 Visualization of the graph structure of the documents pairs
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Fig. 3 Self attention based graph neural network model
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Fig. 5 Multi-scale CNN module
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Fig. 6 The scheme of the Multi-layer perceptron( MLP) module
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Tab. 2 Results on low-level feature enhanced model
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Tab. 3 Ablation study of the model
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