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Abstract: Current fake news detection methods based on news content do not take into account
the higher-level semantic correlation of different modalities, and lack information that can be
used to judge news, thus lacking effective use of social network information for news with
important distinguishing features. Address to this problem, a fake news detection method based
on news content is proposed. By extracting high-level semantic features of multi-modal news
such as text, images and videos, the high-level semantic information of different modalities is
analyzed, and the cross-modal topic consistency and cross-modal emotional consistency are
designed. On this basis, a fake news detection model MMCSC (multi-modal feature content
semantic consistency) is designed with cross-modal content semantic consistency. Experiments
show that the proposed MMCSC has better detection effect than the traditional method.
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Fig. 1 Framework of fake news detection model for cross modal content semantic consistency
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Fig. 2 Trend chart of training loss value based
on single text detection model
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Fig. 4 Trend of training loss value of MMCSC model
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Table 6 Performance index of fake news detection model based on multi-modality
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