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Multi-domain fake news detection based on multi—source
feature domain perception

HAN Xiaohong, YANG Gang, GUO Heng

( School of Information and Electrical Engineering, Hebei University of Engineering, Handan 056038, Hebei, China)

Abstract: To solve the problem of imbalanced domain data and invariant learning domain features across multiple source domains,
this paper proposes a multi —domain fake news detection model based on multi —source feature alignment and domain perception.
Firstly, extract three features containing domain information: semantic features, style features, and emotional features; secondly,
design a domain perception gate mechanism to divide multi—source features into two subspaces: shared features and private features.
For the former, align the shared space with the domain features to facilitate data classification in the target domain. For the latter, use
a restorer to compare the private space with the source features; finally, use two classifiers to jointly calculate the loss. This model
aims to reduce the differences between different fields and achieve the detection of fake news in multiple fields. The experimental
results show that compared to other methods, the proposed method can significantly improve the performance of detecting fake news in
multiple fields.
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Fig. 1 Visualization of news topic clustering
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Table 4 Experimental results on the English dataset
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Fig. 3 Model comparison diagram
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Table 5 Experimental results on the Chinese dataset
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