AL LS K R DOI: 10.7544/issn1000-1239.202330967
Journal of Computer Research and Development 61(5): 1250-1260, 2024

ETFTXRESERBES1E IG5 0 AL IR (B E A 77 %

& WEE &k ORFE OEHCU KE4
P EBEE AR RIS A 230026)

PO EBHEE AR KRR S AR A8 230027

PR RIS KRB EBE f@N 350108)
(kejing@mail.ustc.edu.cn)

An Implicit Semantic Enhanced Fine-Grained Fake News Detection Method Based on

Large Language Models

Ke Jing', Xie Zheyong?, Xu Tong', Chen Yuhao®, Liao Xiangwen®, and Chen Enhong'

' (School of Data Science, University of Science and Technology of China, Hefei 230026)
* (School of Computer Science and Technology, University of Science and Technology of China, Hefei 230027)
* (College of Computer and Data Science, Fuzhou University, Fuzhou 350108)

Abstract The advancement of generative artificial intelligence technology has significantly contributed to the
progress in various fields. However, this technological development has also inadvertently facilitated the creation and
widespread dissemination of misinformation. Prior research has concentrated on addressing grammatical issues,
inflammatory content, and other pertinent features by employing deep learning models to characterize and model
deceptive elements within fake news content. These approaches not only are lack of the capability to assess the
content itself, but also fall short in elucidating the reasons behind the model’s classification. Based on the above
problems, we propose a fine-grained fake news detection method with implicit semantic enhancement. This method
fully utilizes the summarization and reasoning capabilities of the existing generative large language model. The
method employs inference based on major events, fine-grained minor events, and implicit information to
systematically evaluate the authenticity of news content. This method strategically leverages the full potential of the
model by decomposing tasks, thereby not only optimizing its proficiency but also significantly enhancing its prowess
in capturing instances of fake news. Simultaneously, it is designed to be interpretable, providing a solid foundation for
detection. With its inherent ability, this method not only ensures reliable identification but also holds vast potential for
diverse applications.
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Fig. 1 Illustration of implicit semantic enhanced fine-grained fake news detection method
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Table2 Performance Comparison of Different Methods
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LIWC-Summary 0.61 0.64 0.60 0.68
LIWC-Linguistic processes ~ 0.67 0.66 0.67 0.66

LIWC-Psychological processes 0.56 0.55 0.56 0.56

Ngrams 062 0.62 062 0.63
Syntax 0.65 0.65 0.64 0.67
FakeNewsAMT
BERT 0.53 0.55 0.53 0.58
RoBERTa 0.51 0.50 0.51 0.50
LLaMA2-Zero-Shot 0.65 0.68 0.62 0.75

LLaMA2-Zero-Shot + CoT ~ 0.66 0.70 0.62  0.78

ARICTT: 0.70 0.75 0.64 0.91

LIWC-Summary 0.51 044 054 041
LIWC-Linguistic processes ~ 0.50 0.38 0.55 0.42

LIWC-Psychological processes 0.49 0.38 0.50 0.42

Ngrams 0.50 0.19 0.63 0.23
Syntax 0.51 027 0.63 0.25
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BERT 0.52 055 0.51  0.59
RoBERTa 047 049 047 051
LLaMA2-Zero-Shot 0.55 0.55 055 054

LLaMAZ2-Zero-Shot + CoT ~ 0.56 0.56 0.56 0.56

AT 053 0.63 052 0.81
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Table 3 Ablation Experiment
#£3 HEXE

ik WER FUE R FRER
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LLaMA-Zero-Shot 0.65 0.68 0.62 0.75
Ours-LLaMA2 0.61 0.71 0.57 0.93
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