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Multi-modal Dual Collaborative Gather Transformer Network for Fake News Detection
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2 School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China
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Abstract  Social media platforms are convenient platforms for people to share information, express opinions,and exchange ideas
in their daily lives. With the increasing number of users.a large amount of data has emerged on social media websites. However,
the authenticity of the shared information is difficult to be guaranteed due to users’ lack of verification. This situation has led to
the widespread dissemination of a large amount of fake news on social media. However, existing methods suffer from the follo-
wing limitations: 1) Most existing methods rely on simple text and visual feature extraction, concatenating them to obtain multi-
modal features for detecting fake news, while ignoring the fine-grained intrinsic connections within and between modalities,and
lacking retrieval and filtering of key information. 2) There is a lack of guided feature extraction among multimodal information,
with insufficient interaction and understanding between textual and visual features. To address these challenges,a novel multimo-
dal dual-collaborative gather transformer network(MDCGTN) is proposed to overcome the limitations of existing methods. In the
MDCGTN model, textual and visual features are extracted using a text-visual encoding network,and the obtained features are in-
put into a multimodal gather transformer network for multimodal information fusion. The gathering mechanism is used to extract
key information, fully capturing and fusing fine-grained relationships within and between modalities. In addition,a dual-collabora-
tive mechanism is designed to integrate multimodal information in social media posts,enhancing interaction and understanding be-
tween modalities. Extensive experiments are conducted on two publicly available benchmark datasets. Compared to existing state-

of-the-art benchmark methods, the proposed MDCGTN method achieves significant improvement in accuracy, demonstrating its
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superior performance in detecting fake news.
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Table I ReCOVery and MMCoVaR datasets
News Articles ReCOVery MMCoVaR
£ of Fake News 1364 1635
# of Real News 665 958
% of Images 1675 22357
# of Comments 140820 24183
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Table 2 Detection results of different methods on ReCOVery

dataset
%)

Methods Acc P R F1
HSA 77.90 73.70 73.60 73.60
ExFaux 76. 30 71.90 69. 50 70.40
dEFEND 85. 60 82.60 81. 30 82. 30
BTIC 76.30 71.90 69.50 70. 40
SAFE 83.10 80. 30 78.90 79.50
EANN 84.70 81.60 83.40 82.40
SpotFake 68.10 63.70 65.00 64.10
MVAE 82.50 81. 30 75.50 77.40
FMFN 87.40 85. 30 84.50 84.90
MMTN 88. 20 88. 30 82.90 85. 00
DGExplain 89.70 89. 00 86. 10 87.30

MDCGTN(Ours) 90. 15 89.24 88.01 88.53
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Table 3 Detection results of different methods on MMCoVaR

dataset

%

Methods Acc P R F1
HSA 80. 30 78.20 78.50 78.40
ExFaux 76.90 78.40 69. 40 70.70
dEFEND 85. 60 84.70 83.10 83. 80
BTIC 82.90 82.30 79.10 80. 30
SAFE 78.80 77.30 74.90 75.70
EANN 83.30 81.90 81.00 81.40
SpotFake 69.90 67.00 62.00 62.30
MVAE 81.50 80. 50 83.40 80. 80
FMFN 87.30 87.10 85.50 86. 20
MMTN 88.40 87.70 87.60 87.70
DGExplain 89.50 89. 60 87.10 88. 10

MDCGTN(Ours) 90.40 90.20 89.13 89.59

4.3.2 HEER

T R T SR AR R A RhE, AT T MDCGTN [
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Table 4 Performance comparison of different variants of MDCGTN

on ReCOVery dataset

%)
Methods Acc P R F1
MDCGTN =V 85.47 85.17 81.50 82.50
MDCGTN — C 87.83 87.14 84.42 85.50
MDCGTN = G 88.22 87.59 85.09 86.13
MDCGTN — D 87.98 87.04 85.32 86. 28
MDCGTN 90. 15 89.24 88.01 88.53

# 5 MEURFEASALE MMCoVaR $¥E 4 i 5056 4%
Table 5 Performance comparison of different variants of MDCGTN

on MMCoVaR dataset

%)
Methods Acc P R F1
MDCGTN =V 82.35 84.79 78.02 79.54
MDCGTN — C 87.67 87.89 85.95 86.47
MDCGTN = G 87.57 87.48 85.94 86.47
MDCGTN — D 89.15 89. 36 87.39 88.12
MDCGTN 90. 40 90.20 89.13 89.59
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Fig. 3 Influence of Top K on accuracy and F1 scores of fake news
detection on two datasets
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