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Metric learning-based multimodal rumor detection

Li Na' Yu Xiaodong'® Zhu Jiezhong®**
(1. School of Automation, Nanjing University of Information Science and Technology, Nanjing 210044, China;
2. School of ToT Engineering, Wuxi University, Wuxi 214105, China;
3. School of Software, Nanjing University of Information Science and Technology, Nanjing 210044, China)

Abstract: At present, the mainstream multi-modal rumor detection models mainly focus on the feature extraction and
splicing methods of the modes in the modeling process, while the local feature relationship of each mode and the
information interaction within and between modes are often ignored, which affects the effect of rumor detection to a
certain extent. To address this issue, we propose a metric learning-based multimodal rumor detection method.
Considering the influence of local feature relationships within each modality on the overall representation of modalities,
we employed the technology of syntactic analysis and attention mechanism to exploring the local feature relationships of
text and images. respectively. Additionally, metric learning is applied to rumor detection, where triplet learning and
contrastive learning are utilized to identify the associated information within and between modalities. Performance testing
experiments conducted on publicly available datasets from Twitter and Weibo demonstrate accuracy rates of 92. 8% and
85. 2%, respectively. These results indicate that incorporating local feature relationships within each modality and the
interaction between modalities into the rumor detection model can further enhance the accuracy of rumor detection.

Keywords: rumor detection; deep metric learning; multimodal; triplet metric learning; contrastive learning
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Table 2 Weibo dataset result confusion matrix

T AH A R Tk A
HSAE MR 0. 87 0.08
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K3 Twitter IBELERBBER

Accuracy = IPHIN (23) Table 3 Twitter dataset result confusion matrix
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Fig. 5 Accuracy comparison results of multimodal models
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Table 5 Ablation result (%)
. Weibo %85 5 Twitter 3145 5
HiRTES RS FENTES F1 NRTES R PENTES F1
MLMRD-0O 87.2 87.6 87.5 87.5 82.6 76. 2 63.1 69.0
MLMRD-T 87.1 84.7 64.1 73.0 84.7 80. 1 88.7 84.2
MLMRD— 86.9 85.5 78.2 81.7 78.4 75.9 73.3 74. 6
MLMRD 92.8 91.9 97.8 94.8 85.2 81.5 90. 6 85.8
Accuracy Precision Recall Fl1 Accuracy Precision Icl Fl
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Fig. 6 Results of ablation experiments on the Weibo dataset
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Fig. 7 Results of ablation experiments on the Twitter dataset
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