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Multimodal Fake News Detection Based on Evidence Enhancement
and Local Semantic Interaction

ZHONG Jiang GAQO Jin-Peng HUANG Jing-Wang YANG Yu-Ming

(College of Computer Science, Chongqing University, Chongqing 401331)

Abstract  With the continuous development of information technology and the widespread popularity
of social media in recent years, a large amount of multimodal information is generated on the
Internet every day, among which false news is widely exposed and spread through social networks.
Effective false news detection methods can reduce the harm caused by false news to society.
Current multimodal false news detection methods can obtain more prior semantic knowledge
through pre-training models and use the overall semantics between images and texts to guide
model decisions. Although these methods can detect false news with large semantic differences
between images and texts, they cannot distinguish the local semantic differences between images
and texts well. In addition, shallow overall semantic fusion cannot fully tap the prior semantic
knowledge of each modality, and deep local semantic interaction is required to effectively capture
the semantic differences between different modalities. At the same time, news usually focuses on

what is happening at the moment. Without relevant evidence content, the authenticity of news
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reports cannot be judged. In fact, external evidence can provide different perspectives and
viewpoints to the model to assist the model in judging the credibility of news. Inspired by this,
this paper proposes a cross-modal deep local semantic interaction multimodal fake news detection
model based on additional evidence. In response to the problem that news lacks factual basis, the
model introduces evidence text and designs an evidence enhancement method. The introduction of
evidence text verifies the authenticity of news content in multiple ways. In response to the problem of
local semantic information interaction, the fine-grained interaction of local semantics of images
and texts is achieved through the cross-attention mechanism, which improves the effectiveness
and rationality of fake news detection. Specifically, the model first uses a multimodal feature
extraction network to represent the semantic information of image data and text data respectively
to maintain the structural consistency of image features and text features. Then, the evidence
text screening network is used to learn more relevant evidence information and remove redundant
information in the evidence text. Then, the long-term dependencies of the image feature sequence
are enhanced through the visual semantic residual network to understand the local semantics of
the image in a more fine-grained way. Finally, in the cross-modal local semantic information
fusion and detection network, the image OCR text is used to enhance image semantic information,
the evidence text is used to enhance the news text semantic information, and the cross-attention
mechanism is used for cross-modal feature interaction. Through the interaction mechanism between
evidence text and local semantics, the model can achieve more accurate fake news detection in an
open domain environment. Experimental results on Weibo datasets and MR2 Chinese and English
datasets show that the proposed model outperforms the baseline method, and the accuracy on
each dataset is improved by 0. 8%, 2. 4%, and 4. 9%, respectively. In addition, in the fifth “Belt
and Road” International Big Data Competition of IKCEST, the model stood out among 3809
schemes worldwide and won the first place, which confirmed the effectiveness of the scheme.

Keywords multimodal fake news detection; evidence enhancement; local semantic interaction;

evidence text screening; enhance image semantic
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Background

With the rapid development of the Internet and mobile
technology, social media has become an important platform
for information dissemination. Compared with traditional
text news, news with pictures and texts in social media is
more likely to mislead users, causing false news to be widely
spread, thus having a negative impact on society. In order
to cope with changes in social media content, false news
detection methods have developed from single modality to
multimodality.

At present, multimodal false news detection methods
usually use pre-trained models to represent text features and
image features in multimodal data, and then design down-
stream networks to mine feature clues that can judge false
However, current methods only use the overall

news.

semantics between images and texts to guide model
decisions, ignoring the local semantic interactions between
images and texts, resulting in the model not being able to
capture the semantic differences between images and texts

well. In addition, it is difficult to identify the authenticity of
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news by relying solely on news content and without relying
on external information. In order to solve the above problems,
this paper proposes a multimodal fake news detection model
based on evidence enhancement and local semantic under-
standing, introduces evidence text to verify the authenticity
of news content from multiple parties, and realizes fine-
grained interaction of local semantics between images and text
through a cross-attention mechanism. The model proposed in
this paper is compared with seven representative fake news
detection baseline methods on Chinese and English datasets.
The experimental results show that the model outperforms the
baseline models in both precision and F1 value., proving the
effectiveness and interpretability of the proposed model.
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