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Abstract With the development of social networking platforms,social networks have become an important source of information
for people. However, the convenience of social networks has also led to the rapid propagation of false rumors. Compared with tex-
tual rumors,social network rumors with multimedia content are more likely to mislead users and get dissemination,so the detec-
tion of multi-modal rumors is of great significance in real life. Several multi-modal rumor detection methods have been proposed,
but the visual features and joint representation of text and visual features have not been fully explored in current approaches. To
make up for these shortcomings,an end-to-end multi-modal fusion network based on deep learning is developed. Firstly, the visual
features of each region of interest in the image are extracted. Then,the text and the visual features are updated and fused by using
a multi-head attention mechanism. Finally, these features are concatenated based on the attention mechanism for the detection of
multi-modal rumors in social networks. Comparative experiments on the public data sets of Twitter and Weibo are conducted and
experimental results show that the proposed method has a 13. 4% F1 value increase on Twitter data set and a 1. 6% F1 value in-
crease on Weibo data set.
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Table 1 Dataset statistics
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Table 2 Setting optimizer super parameters
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Table 3 Setting network super parameters
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Table 5 Results on Twitter dataset of different methods

Model Accuracy Precision Recall F1
Text-CNN 0.532 0.598 0.541 0.568
BILSTM 0.567 0.629 0.602 0.615
RCNN 0.592 0.726 0.468 0.568
VGG19 0.596 0.695 0.518 0.593
att-RNN 0. 664 0.749 0.615 0.676
EANN 0.648 0.810 0.498 0.617
MFN- 0. 644 0.744 0.582 0.653
MFN 0.764 0.754 0.876 0.810

6 T R

Table 6 Results on Weibo dataset of different methods

Model Accuracy Precision Recall F1
Text-CNN 0.763 0.827 0.683 0.748
BiLSTM 0.752 0.813 0.665 0.731
RCNN 0.699 0.701 0.711 0.706
VGG19 0.615 0.615 0.677 0.645
att-RNN 0.779 0.778 0.799 0.789
EANN 0.795 0. 806 0.795 0. 800
MFEN- 0. 790 0.858 0.703 0.772
MFN 0.810 0. 804 0.828 0.816

R s R RUA 500 23K R B I BRRE R 5 42 5
H itk VGG19 325 305t RONN (W S2 B 30UR I, (H2
BB VLS B 5 R LS L T AR AR R L b SO Y
A PR T A T R R AR e TR TR R RO AR B S 2
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