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Two-channel Malicious Comment Recognition Method Combined with
Cross-attention Mechanism
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Abstract: The detection of malicious comments is essentially a text classification problem. Compared to typical text classification,
malicious comments are often accompanied by more subtle and unpredictable expressions, which results in low identification accura-
cy, poor recognition effect, and inability to satisfy demands. To tackle the aforementioned issues, this paper proposes a two-channel
text classification network combined with cross-attention mechanism (CA2TC), which employs graph convolutional network (GCN)
and bidirectional long short-term memory (BiLSTM) to generate two distinct texts. Contextual feature information, as well as two
distinct feature information, may be used to better explain the meaning of the text from numerous viewpoints. The suggested cross-
attention approach improves and combines text characteristics gathered from two channels. Finally, the corrected features are concat-
enated and transmitted to softmax through the fully connected layer for classification. The malicious comment data acquired from
Weibo is utilized in this study to validate the suggested strategy. The experimental results show that, compared to some mainstream
classification models, the proposed model has a better recognition effect, with classification accuracy increasing by 1.06% to 2.89%.
The CA2TC model can fully extract the text features of malicious comments, leading effectively identify malicious comments.
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Table 3 Comparison of experimental results
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Table 4 Results of ablation experiment
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