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Abstract: The rapid growth of social media has enabled rumors to spread swiftly through extensive online
interactions, thereby significantly undermining public trust and destabilizing social order. However,
existing rumor detection methods face notable limitations in modeling the dynamic semantic evolution of
text and accurately capturing complex propagation patterns, and they often struggle to distinguish between
ambiguous rumor categories. To address these challenges, we propose DySGCL (Dynamic semantic and
graph feature fusion for contrastive rumor detection) , a novel contrastive learning framework that fuses
dynamic semantic representations with graph-based structural features. Specifically, we employ a
hierarchical Transformer to extract global semantic embeddings from users’ past posts, while a temporal
convolutional module improves sensitivity to fine-grained semantic shifts. For structural modeling, we first
simulate adversarial perturbations via edge removal, then leverage a graph attention network (GAT) to
highlight critical interaction pathways in the propagation network. Finally, an integrated contrastive
objective combining self-supervised and supervised signals further enhances the model’ s discriminative
power. Experiments on the Twitterl5 and Twitterl6 benchmarks show that DySGCL outperforms
state-of-the-art baselines by 1.8% and 2.0% in accuracy, respectively, validating its effectiveness in
dynamic and complex rumor detection scenarios.

Highlights:

1. A dynamic semantic and graph-structure fusion framework is proposed for rumor detection.

2. A hierarchical Transformer and temporal convolution are integrated to capture semantic evolution in
users’ historical posts.

3. Self-supervised and supervised contrastive learning mechanisms are jointly used to improve the
discrimination of ambiguous rumor categories.
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Fig.1 Overall architecture of the proposed DySGCL model
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25 0] 18 ) J31) 30 A i A B T X 28 ) () A/ 25 5 R B B, L O iR
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2.4 EESoER
i3 Rl IS T RRAE Ay, A9 B A S 2t 9,
vy, = soltmax (W _ h +b,) (10)
W oR b, Ry oy B AR M BB, 9, 88 S REASAE 25 00T 1 0000 AR
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2.5 HERBEEZRESW
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(2) G'<StructureAug( G ) / /3t s F A= 1,

(3) he< GATI(G) // Kty ity , 2L (3~6)

(4) he<=GAT(G')

(5) hp<Fuse(hp, hey he) //RRAE RS

(6) L,<SelfContrast(hp, C)//X(7)

(7) L,< SupContrast( A, y) //3(8)

(8) Len<ay=Ly+ asL,//%F 224k

(9) y=<Classifier(hp) // 53 ZE 15

(10) L. < CrossEntropy( y, y) //5(11)

(1) Lygu<Lee + A0 L,

(12) ¥ 1k . patience < 0,bestVal < +co

(13) for epoch = 1 to maxEpoch do

(14) TR SH A L

(15) A Loy AR THIE 100, 4 F 45 1B VI 25

(16) end for

return y
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- S S i £ .
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At 1R, AL HIERE B (UR) 374 203
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F2 BHEELE Twitterl5 EHIERE

Table 2 Performance of each model on Twitter15

R3] RS Acc il Macro-F,
NR FR TR UR
SRLF 0.890 0.890 0.910 0.919 0.842 0.890
KAGN 0.892 0.868 0.883 0.894 0.927 0.893
B N CE-BERT 0.867 0.896 0.806 0.925 0.833 0.865
Rumor2Topic 0.863 0.889 0.842 0.901 0.843 0.868
GPT2Ad 0.919 0.883 — — — 0.901
GLAN 0.904 0.924 0.917 0.852 0.927 0.905
BiGCN 0.871 0.860 0.867 0.914 0.854 0.874
Rumor2vec 0.796 0.883 0.746 0.836 0.723 0.797
BT LR ,
GACL 0.882 0.878 0.853 0.890 0.884 0.877
MDG 0.802 0.735 0.816 0.878 0.756 0.797
MPT 0.893 0.880 0.908 0.863 0.919 0.893
ARSIy ik DySGCL 0.937 0.953 t 0.936 1 0.953 1 0.906 | 0.937 1
£3 KA Twitter16 L HY1EAE
Table 3 Performance of each model on Twitter16
Yipes 3l iRz Ace i Macro-F,
NR FR TR UR
SRLF 0.886 0.879 0.854 0.909 0.899 0.885
KAGN 0.901 0.864 0.881 0.946 0.908 0.900
B N CE-BERT 0.860 0.776 0.880 0.923 0.870 0.862
Rumor2Topic 0.886 0.891 0.864 0.925 0.867 0.887
GPT2Ad 0.919 0.857 — — — 0.888
GLAN 0.902 0.921 0.869 0.847 0.968 0.901
BiGCN 0.885 0.829 0.899 0.932 0.882 0.886
Rumor2vec 0.852 0.857 0.769 0.927 0.850 0.851
BB )
GACL 0.894 0.906 0.870 0.878 0.932 0.896
MDG 0.845 0.756 0.827 0.892 0.869 0.838
MPT 0.917 0.892 0.908 0.925 0.946 0.918
KNSR DySGCL 0.939 0.948 t 0.928 t 0.976 t 0.907 | 0.939 1

3.3 HBLCIE

FESAE T DySGCL J7 i 0 S R MERR IS , R T #F — 25 IR 5% 45 DS B B AE A0 ep i 1 L AR/ TR 4
TRORGOE SR . AT S RBIR BRI N - (1D w/o DAT : BUH 1 B BRI RE 5 (2)w/o
GAT:Lh GCN R # GAT; (3)w/o HTTE : {4 84 B 5 1) 9 4 A, B3 s 7 9 4 5 5 (4) w/o TCM: 1E
HTTE # Al RS BRI PR (5)w/o FIN: K BRXF He2 2) (W8 R A B ) B . AR S0 5638 i %
— BB DySGCL A RY [ 40038 43, PFAG 45 B0 1% 5 R PR AR 1 T mk . 18] 2 )8R T 4 B K 7E Twitterl5
N Twitter16 g4 I A HEM ¥ Acc 5 Macro-F, .,
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Fig.2 Comparative results of ablation experiments
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Fig.5 Performance of early rumor detection under different detection deadlines
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