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Text Classification Model Based on BERT and Dual-Level Attention

Mechanism

CHANG Huixia, LI Xiaozhong
(College of Artificial Intelligence, Tianjin University of Science & Technology, Tianjin 300457, China)

Abstract: Text classification is one of the crucial tasks in the field of natural language and is widely used in related tasks
such as question answering system, recommendation system, and sentiment analysis. In order to extract complex semantic
feature information in text data and capture global graph information, a text classification model based on bidirectional
encoder representation from Transformers (BERT) and a dual-level attention mechanism is proposed in this article. This
model introduces a two-level attention mechanism to consider the importance of different types of nodes and the importance
of different neighboring nodes of the same type. At the same time, a BERT pre-training model is used to obtain embeddings
containing contextual information and solve the problem of polysemy. This method treats all words and texts as nodes,
builds a heterogeneous graph for the entire corpus, and transforms the text classification problem into a node classification
problem. The dual-level attention mechanism is then integrated with the graph convolutional neural network. The dual-level
attention mechanism includes type-level attention and node-level attention. The type-level attention mechanism captures the
importance of different types of nodes to a certain node. The node-level attention mechanism can capture the importance of
neighbor nodes of the same type to a certain node. Then, the local semantic information in the text obtained by the BERT
model is combined with the graph embedding representation with global information obtained by the graph convolutional
neural network to obtain the final text embedding representation and complete the text classification. Comparative

experiments were conducted with seven baseline models on four widely used public data sets. The results showed that the
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proposed model improved the accuracy of text classification.
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Fig. 2 Results of ablation experiments on different datasets
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