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Table 1 Qwen2.5-VL tampering enhancement prompt template
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FESRYGH, HER/ANBCE Y 128, JREHIIAG% 2] %6059 0.0001 ) Adam fRALASHEST 100 4> epoch A5
W&o ASCAEFHTRIIZRI TurFor B 5 I 2R 1) Qwen2.5-VL-7B-Instruct £ 1525 KA AL A Bt B EUR 11
LS ERE, FTA TR R 45 1, A AT G0 . AT ARAS A2 5 T PyTorch SEBLI, Jf

1E—7K NVIDIA RTX A6000 FiZ{T.

2.3 Xt EER

N T IAIEA SRR H R A Rk AR SCH ITTPMEFN 5745 EANNEL SpotFakel®), BDANNM, HMCANIS,
CAFEP), MRML!), QMFNDI®Jz MFCLU!OZ J\ M [ Al 77 VA 7E Weibo 5 Fakeddit ##i4E L iE4T T H
.
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Table 2 Performance comparison of ITPMFN method and other methods on Weibo and Fakeddit datasets

Fake Real
EAEITE S Jii: Acc
P R F1 P R Fl
EANN 0.782 0.827 0.697 0.756 0.753 0.863 0.804
SpotFake 0.870 0.855 0.892 0.873 0.769 0.807 0.787
BDANN 0.842 0.830 0.870 0.850 0.850 0.820 0.830
HMCAN 0.885 0.920 0.845 0.881 0.856 0.926 0.890
Weibo CAFE 0.898 0.922 0.881 0.901 0.874 0.917 0.895
MRML 0.897 0.896 0.905 0.901 0.898 0.887 0.892
QMFND 0.869 0.900 0.810 0.850 0.840 0.920 0.880
MFCL 0.892 0.911 0.887 0.899 0.871 0.899 0.885
ITPMFN 0.939 0.941 0.943 0.942 0.937 0.934 0.935
EANN 0.724 0.727 0.719 0.723 0.722 0.729 0.726
SpotFake 0.819 0.801 0.848 0.824 0.839 0.790 0.813
BDANN 0.812 0.836 0.776 0.805 0.791 0.847 0.818
HMCAN 0.881 0.880 0.882 0.881 0.882 0.880 0.881
Fakeddit CAFE 0.912 0.946 0.886 0.916 0.878 0.942 0.909
MRML 0.840 0.819 0.874 0.846 0.865 0.807 0.835
QMFND 0.942 0.930 0.950 0.940 0.945 0.955 0.950
MFCL 0.938 0.935 0.942 0.938 0.942 0.935 0.939

ITPMFN 0.947 0.966 0.925 0.945 0.928 0.968 0.948
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1 J25 7 T Bl I B P B B 5 TR 2 20 T A BB TTPMIFN-2 258 17 2 ML VRS SR U B,
R BERT $2HUCARIE S CLIP $2HU G RHIE: ITPMFN-3 AR T AL F4R1E;s ITTPMFN-4 {7
BT SO PR AE s ITPMFN-4 X 2:Fk TSRS H G A, HEPHE S MERHE. % 3 RN
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IR 4, ATULE B HARLE A HEE RIS, T 528 ITPMEN A, X —IEERW: (D
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Table 3 The experimental setup for ablation
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R 4 ITPMFN Jj 754t Weibo 5 Fakeddit £l F ARSI
Table 4 The ablation experiment of ITPMFN method on Weibo and Fakeddit datasets

B E MR/ Acc P R F1
ITPMEN 0.939 0.939 0.939 0.939
ITPMFN-1 0.926 0.927 0.928 0.926
ITPMFN-2 0.922 0.922 0.922 0.922
Weibo
ITPMFN-3 0.872 0.871 0.872 0.872
ITPMFN-4 0.923 0.925 0.922 0.923
ITPMFN-5 0.884 0.884 0.884 0.884
ITPMEN 0.947 0.947 0.947 0.946
ITPMFEN-1 0.932 0.933 0.932 0.932
ITPMFN-2 0.939 0.940 0.939 0.939
Fakeddit
ITPMFN-3 0.924 0.924 0.924 0.924
ITPMFN-4 0.916 0.916 0.916 0.916
ITPMEN-5 0.932 0.932 0.932 0.932
2.5 TSNE AI#R4L

NT EEMIEE SRR, A TSNE 7E Weibo $HSE 1w W04k VI 25 AT o R IIREE IR RFAE 43
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ARFIEF R iR . T 2 b, HRIARHEAR L, VIZRRFE Hh 7 28 ] (s SR AR 75 B S S T T, X SR
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Table 4 Performance Comparison of ITPMFN and CAFE on DGM4-SUB Dataset

N ) . Fake Real
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P R F1 P R F1
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Image Tampering Perception and Multi-view Fusion Network

Based Fake News Detection

WU Feil, DENG Zheying!, HUANG Yingjie!, MU Xingyu?, JI Yimu?

(1.School of Artificial Intelligence, Nanjing University of Posts and Telecommunications, Nanjing 210023,
China;2.School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023,
China)

Abstract: The rapid advancement of Al and image editing technologies has led to a surge in tampered images,
posing new challenges for Fake News Detection (FND). To address the limitation of prevailing multimodal FND
methods, which primarily focus on modeling text-image semantic consistency while neglecting the possibility that
images themselves may be manipulated, thereby suffering from insufficient robustness against tampered content,
this paper proposes a FND approach based on Image Tampering Perception and Multi-view Fusion Network
(ITPMFN). The method consists of three components: (1) a multi-view feature extraction and interaction module
that employs BERT and Swin-T to capture modality-specific features from text and images, respectively, and
leverages CLIP to extract cross-modal aligned semantic features, constructing a four-channel multi-view
representation; (2) a collaborative reasoning-based image tampering perception and interpretable analysis
generation module, which first uses a lightweight model to extract low-level statistical tampering cues and then
designs enhanced prompts based on these cues to guide a multimodal large language model in generating structured,
high-level tampering explanations—including manipulated objects and manipulation types—thereby providing
human-interpretable decision rationales, whose semantic embeddings are encoded as fusion-ready features for
downstream fake news classification; and (3) a cross-modal interaction and fusion module that applies attention
mechanisms to thoroughly interact and fuse multi-view features at both intra- and inter-modal levels, yielding more
discriminative representations, which are combined with tampering reasoning features for final multimodal fake
news detection. Experiments on two widely used public benchmarks, Weibo and Fakeddit, demonstrate that the
proposed method consistently outperforms existing state-of-the-art approaches, and ablation studies further validate

the effectiveness of each component.

Highlights:

1.This paper proposes a novel Fake News Detection paradigm based on Image Tampering Perception and Multi-
view Fusion Network (ITPMFN), breaking through the limitations of traditional methods that solely rely on text-
image semantic consistency.

2.This paper designs a “Low-level Statistical Cues to High-level Semantic Reasoning” collaborative mechanism,
which achieves highly reliable interpretable analysis and alleviates Large Model hallucinations.

Keywords: fake news detection; multi view learning; multimodal fusion; image tampering detection; multimodal

large model
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