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Abstract  Deep learning methods are able to learn the high-level semantic features and
significantly promote multimodal fake news detection performances. In the literature, existing
multimodal fake news detection models usually learn the cross-modal semantic correlations across
news image and text from a global perspective, and utilize their shared information to infer the key

clues for detection. Although such approaches are able to detect the obvious multimodal fake
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news, these global modeling methods cannot well differentiate the local semantic differences
within the news and therefore may degrade the detection performance. Indeed, the unshared
semantic content serves as an important clue that can directly reveal their tampering intentions and
purposes. Inspired by these findings, this paper proposes a multimodal fake news detection model
based on two-branch deep clue perception and adaptive collaborative optimization, which can well
mine the non-shared semantic clues for efficient detections. Specifically, the model first extracts
fine-grained features from image salient regions and text semantic words to capture the semantic
news content. Then, the heterogeneous news features are semantically aligned using a cross-
modal weighted residual network, featuring on learning the shared semantic clues. For deep
inference of non-shared semantic clues, the model designs an adaptive two-branch clue perception
strategy to learn the cross-modal semantic correlations within the multimodal news. Specifically,
the model automatically constructs an image-text clue correlation matrix based on all image
regions and text words. Accordingly, a two-branch clue perception module is explicitly designed
to model the probability distributions for shared and non-shared semantic correlations of all
content in the matrix. On the one hand, the clue correlation optimization branch embeds an
optimization algorithm to continuously update the semantic correlation boundaries of the different
semantic correlation distributions iteratively, whereby the non-shared semantic clues can be well
differentiated from the clue correlation matrix. On the other hand, the clue correlation analysis
branch portrays the credibility of the different news content and guides the model to achieve
automatic multimodal feature fusion on the basis of the correlation scores. Finally, the learning
framework can well generates the non-shared semantic clue features by aggregating the optimized
image-text clues. With the above adaptive co-optimization framework, the proposed model is
capable of mining the deep clues to achieve more accurate and interpretable multimodal fake news
detection. Experimental results on public English and Chinese datasets show that the proposed
detection model significantly outperforms the baseline methods, with an average improvement of

4.85% and 4. 50%, respectively, in accuracy and fake news detection precision.

Keywords multimodal fake news detection; local semantic difference; cross-modal semantic

correlation; non-shared semantic clues; adaptive collaborative optimization
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Background

In recent years, multimodal news has gradually become
the mainstream form of information in social media, but it also
poses great challenges to fake news detection technology.
Benefiting from the deep neural network to automatically
extract the high-level feature representation of fake news, the
deep learning method represented by convolution neural
network and recurrent neural network has achieved great
success in the task of fake news detection. At present,
multimodal fake news detection methods generally adopt a
general pretrained model to capture the text features and visual
features of fake news, and then obtain multimodal features by
attention mechanism. However, current cross—modal global
alignment methods ignore the fine-grained interactions

between local salient regions of images and words. This results
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in models that lack the ability to capture cross—modal semantic
correlation, hindering the improvement of fake news detection.
In order to solve the above problems, this paper proposes
a multimodal fake news method based on two—branch clue deep
perception and adaptive collaborative optimization, which
achieves deep mining of non—shared semantic clues. Through
the two—branch clue perception module, the detection model
proposed in this paper can accurately mine potential non—shared
semantic clues of news and adaptively adjust the multimodal
fusion process. The performance of the detection model is
compared with nine representative fake news detection
baseline, and the results of experiment show that it
outperforms the competing baseline methods in many aspects,
which fully proves the effectiveness of the proposed detection

model.
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