Rumor Detection with Self-supervised Learning
on Texts and Social Graph

Yuan GAO, Xiang WANG, Xiangnhan HE, Huamin FENG,
Yongdong ZHANG

Frontiers of Computer Science, DOI: 10.1007/s11704-022-1531-9



Problems & Ideas

* Problems of Existing Rumor Detection

* Using one single information source only
* Ignoring the relations among multiple sources

* |deas: Self-supervised Learning Rumor Detection
Graph encoder and Text encoder

Self-supervised Learning Module to fuse two sources
* cluster-wise and instance-wise approaches
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Main Contributions

e Overall Performance Comparison

Table 3 Performance Comparison on Twitter Dataset

Method Accuracy A a : 2

F1 Fl F1 Fl1
DTC 0.473 0.254 0.080 0.190 0.482
SVM-RBF 0.553 0.670 0.085 0.117 0.361
SVM-TS 0.574 0.755 0.420 0571 0.526
SVM-TK 0.732 0.740 0.709 0.836 0.686
RvNN 0.737 0.662 0.743 0.835 0.708
STS-NN 0.810 0.753 0.766 0.890 0.838
PPC 0.863 0.820 0.898 0.843 0.837
EBGCN 0.871 0.820 0.865 0922 0.861
Bi-GCN 0.886 0.830 0.881 0942 0.885
SRD-PSCD 0.891 0.837 0.889 0945 0.898
SRD-PSID 0.905 0.857 0.906 0953 0909
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Early Rumor Detection

Table 4 Performance Comparison on Weibo Dataset

Method Class | Accuracy | Precision | Recall | F1 score

F 0.847 0.815 0.831

DTC 0.831
T 0.815 0.824 0.819
F 0.777 0.656 0.708

SVM-RBF 0.879
T 0.579 0.708 0.615
F 0.950 0.932 0.938

SVM-TS 0.885
a 0.124 0.047 0.059
F 0.912 0.897 0.905

RvNN 0.908
T 0.904 0918 0911
F 0912 0912 0.908

STS-NN 0912
T 0.911 0.915 0913
F 0.884 0.957 0919

PPC 0916
T 0.955 0.876 0913
E 0.972 0.921 0.946

Bi-GCN 0.947
i 0.925 0.974 0.949
F 0.954 0.945 0.949

SRD-PSCD 0.949
T 0.945 0.954 0.950
F 0.967 0.956 0.961

SRD-PSID 0.962
T 0.956 0.967 0.962
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Table 5 Performance Comparison on PHEME Dataset
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Method Accuracy
Fl1 Fl1 F1 F1
EBGCN 0.819 0.895 0712 0.702 0.561
Bi-GCN 0.833 0904 0731 0723 0.604
SRD-PSCD 0.839 0.905 0721 0.741  0.605
SRD-PSID (.838 0.905 0774 0.734 0.604
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