N L AUER Y =)
JOURNAL OF NANJING UNIVERSITY
(NATURAL SCIENCE) Sept., 2023

B59E 5
2023 4£ 9 A

Vol. 59, No. 5

DOI:10. 13232/j. enki. jnju. 2023. 05. 010

ETEBERENEZINAEZTEXRESTEN

FrEE L ERRT
(1. b sl KA AL 5 05 B H AR 2 B, db 50, 100044 5
2. 338 B 3T 5 42 A st E R S g 5 b m A R, db AT, 100044)

OB Gk o I A Y D R TR R AL T B B A 5 BRI T S (A g A TR R BT L A AR S KA R R
T VE B 78 L I RE AT AL P 43 2 ) B0, R T % 5 T O A v B0 AT B A5 R BT X I T R ORS O 1R T A A A 1] F ot 4
AL FE AR G N L 1% S RN ERINE S A R4 S BT I SRR . B DL R R, SR
BTN A 3 T ik D bR T A4 AT AN TR =0 RO B s R AR DL TR I 4 Bl , 1 B M X L 2T AT 55 fi
Pl 4 i i il 3 0% 5 T R AR I R AE , SR A T B L R TR R e S M BE L PR IR T R AL S RS S =
AN TR SE Twitterl5, Twitter16 Al PHEME L aE 47 7 X bS50, 5056 25 5 7R, $2 0 (0 455 780 114 o fy 256 L 356 ofi 485 780 4 )
P 3. 4%0,1.8% M 1. 2% IESE T & A WA G b2 30 O AR IR S A AT 55 1 i sk
SEEIA O R, BB S X e ] R R R A )
hES RS TP389. 1 XERARARAD : A

Rumor detection on social media based on

graph contrastive self-supervised learning
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Abstract: The rapid development of social media provides a convenient way to obtain information, meanwhile it helps the
spread of rumors. Generally, with enough labeled data, existing rumor detection models can effectively solve rumor
classification problems. However, due to limited labeled data of rumors, previous methods carefully designed for the
characteristics of rumors tend to over-fit. Besides, existing rumor detection models are not robust enough. To solve the above
problems, the graph contrastive self-supervised learning approach is adopted. A contrastive loss is defined to make graph
encoders capture more essential and intrinsic features of rumors, alleviating the over-fitting and improving the robustness and
generalization of the model. Experiments on three public datasets Twitterl5, Twitterl6 and PHEME has enhanced the
accuracy of 3.4%,1.8% and 1.2% respectively compared with the baseline, confirming the effectiveness of the proposed
method.
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Fig.1 An instance of rumor detection model making mistakes caused by perturbing the rumor propagation structures
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Fig.2 The architecture of RD-GCSL rumor detection model
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Fig.3 Various graph augmentation strategies
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Table 1 Statistics of datasets

FUEIE S Twitterl5  Twitterl6 ~ PHEME

W E 1490 818 6425

FE i H (NR) 374 205 4023
BAE N AIE S (FR) 370 205 638
RIGIE Y 7 75 (UR) 374 203 698
W UEh K% F (TR) 372 205 1067
% 276663 173487 48843

I %% 331612 204820 197852

Y SCASERAE 2R 1 5000 4E (i TE-IDF $R4E , 14 #f
28 9 2% v B AT R B2 R 4 FE Ry 64, T
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J 256 ( Twitter16 24 128) , 2% 2] 34 0. 0005, B 1K
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(3)UDGAT : J& A< SCAf FH 9 1] 4 155 2%, {5 1]
GAT JF¥ 1% 5 15 1% IRy Joim |8, H 5 BiIGCN
BERUAH L, KA i/ TR 240
(4)ClaHi-GAT™ : 23 T GAT My LA, R
FHJZ W AR B 1 = 7 HL IR 78 4 R R
fFE.
(5)RDEA"™: EH T GCN By Xt o2 ) Jr ik,
Y R E e N NS N P N R S o
it FH WU 25 5 O 0 vE AR B T S R
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(6)SRD-PSID"™ : J& £ 0 f1 (4 Xt L 2% > Jr
5, F TG A G B 25 45 1% 4 I A2 55 G SO 4 B
5 20 0 IS TR AE R S AS TR A R AT X LG

(7)RD-GCSL AL : JE A SC4EE H 1y [ M B ]
X H A 2 3% K 5 i, LA UDGAT 8 4 ] 4 55
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BB S, SR RE S RESEKE
VE
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terl5, Twitterl6 Fl PHEME %k 4% £ | 43 %1l 35 %
88.0%,88.9%,85. 6% I HEHh =, 5 &M HXT L
2] B HEAE B UDGAT AHEE L, 40 B4R T+ 3.4%,
1.8%,1.2% B0 UE T [ W& 4 L 2% 2] i A
Rk .
F2 TwitterlSEHIEE FHITHER

Table 2 Experimental results on Twitter15 dataset

1
T UATIES

NR FR TR UR

RvNN 0.723+0.8% 0.682 0.758 0.821 0.654

BIGCN 0.843+0.4% 0.788 0.860 0.895 0.808
UDGAT 0.846+0.2% 0.792 0.849 0.906 0.829

ClaHi-GAT 0.859+0.4% 0.831 0.864 0.901 0.834

RDEA 0.8554+0.6% 0.831 0.857 0.903 0.816
RD-GCSL  0.880%+0.3% 0.851 0.886 0.926 0.852

F3 Twitterl6HIBE LM LHLER

Table 3 Experimental results on Twitter16 dataset

F1

sl HER R
NR FR TR UR

RvNN 0.73740.9% 0.662 0.743 0.835 0.708

BIiGCN 0.858+0.5% 0.767 0.854 0.925 0.867
UDGAT 0.871+0.3% 0.794 0.876 0.927 0.870

ClaHi-GAT 0.882+0.4% 0.827 0.887 0.936 0.874

RDEA 0.880+0.5% 0.823 0.878 0.937 0.875
RD-GCSL  0.889%+0.3% 0.833 0.832 0.949 0.886
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Table 4 Experimental results on PHEME dataset

N7 BE— 2L U] AW X sy 2] T UL RE 4
P i B A AN LA R 1) e 8L R e A A A

i ok H A(10%,20% ,50 %) #EAT I . % 585 T 2 it
FR TR UR v A L e vpe Tt
/ FEAN 25 10 5235 25 2, b “ AR Rl 2 0y 1
BIGCN  0.84740.2% 0.910 0.634 0.655 0.500 » R ]
6. R AT UL FE A AR T A VI SR B A BR A, 2 4
UDGAT  0.8440.2% 0.902 0.658 0.833 0.485
41 WA 2% 5 KR RD-GC ¥
ClaHiGAT 0.846+0.1% 0.896 0.670 0.623 0.515 Y 1 S BT H 57 T R RD-GCSL A A7 B 4R
SRDPSID  0.838%0.3% 0.905 0.774 0.734 0.604 B R R AR R UDGAT AL EE 47547 B &8
RD-GCSL  0.856£0.1% 0.915 0.669 0.607 0.530 PETF B 2L RUE T B MR EeE ) Tk A R
x5 ARINGHERAETHIRER
Table 5 Experimental results with various scales of labeled training data
- 10% 20% 50% 80%
iRiES A iRTIE A TR % A iRTIES A
UDGAT 0.608 — 0.684 — 0. 769 — 0. 846 —
Twitterl5
RD-GCSL 0.626 AL8%  0.702 A1.8%  0.803 43.4%  0.880 A3.4%
UDGAT 0.594 — 0.723 — 0.820 — 0.871 —
Twitterl6
RD-GCSL 0.626 A3.2%  0.743 A2.0%  0.838 A1.8%  0.889 A1.8%
UDGAT 0.738 — 0.766 — 0.797 — 0.844 —
PHEME
RD-GCSL 0.745 £0.7%  0.776 A1.0%  0.807 £1.0%  0.856 A1.2%

4.3 HRLXIE
4.3.1 EFEHEBHFEROTW A CERDD
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Table 6 Experimental results of contrastive learning by various graph encoders
_— Twitterl5 Twitter16 PHEME

R R A TS A

UDGAT 0. 846 0.871 — 0. 844 —
UDGAT-GCSL 0. 880 A3.4% 0.889 A1.8% 0. 856 A1.2%

BIGCN 0.843 0.858 — 0. 847 —
BiGCN-GCSL 0. 881 43.8% 0. 888 A3.0% 0. 850 40.3%

ClaHi-GAT 0.859 0.882 — 0.846 —
ClaHi-GAT-GCSL 0.872 +1.3% 0.892 A1.0% 0.852 £0.6%
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Table 7 Experimental results with various data aug-

mentation strategies

T A 2R
K 19 S 0 - .
Twitterl5 Twitterl6 PHEME
ND 0.871 0. 883 0.851
ER 0.873 0. 888 0.852
FM 0. 869 0. 887 0. 855
ND+FM 0. 880 0. 888 0. 856
ND+ER 0.875 0. 889 0.853
ER+FM 0.873 0. 887 0. 855
ND+ER+FM 0. 866 0. 885 0. 855
4.3.2.2 AEHFBEELLG AW R T

G2 Bl B )X G B 2 ) O R R L R = R
D ESE S ERE (ND+ER+FM) , LA )
Wah e {0.1,0.2, ---, 0.8, 0.9 #EAT 521, S 4%
S 4 pros . i B L 8 B Ee i 4 i 0. 3,
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Fig. 4 Effect of various perturbation ratios

8 i 7, % w/o PH (without projection head )
LB B YRR . KT UL Nl R 4%
SR I X Bl A )RR A e BT R R R L A Twit
terl5, Twitterl6, PHEME %% #& 45 | 1) # # 2R 4y
PR R 3.1%,2.3%,3.9%. 60t 1Al 4 5 75 15
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Table 8 Effect of projection head

F1

B4 i NS
NR FR TR UR

UDGAT-GCSL 0.880 0.848 0.880 0.923 0.833
Twitterl5
w/o PH 0.849 0.822 0.841 0.901 0.817

UDGAT-GCSL 0.889 0.833 0.882 0.949 0.886
Twitterl6
w/o PH 0.866 0.799 0.858 0.945 0.846

UDGAT-GCSL 0.856 0.915 0.662 0.639 0.510
PHEME
w/o PH 0.817 0.899 0.555 0.565 0.430
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A B E M X H A ) 1 B A UDGAT M
AR SRR RD-GCSL 76 37 A4 2 (1 0 38 48 1 A &%
B0 5 JEAT BOUE 1 5 0 b a4 Ak
ST R, R rp AR MER R 1S 25 . |y 3R AT
W% T s AR HEAT I B Z S5 A A Y A 2R
HEW R A BT T B . {HARSCRER RD-GCSL 7E 4k
SR AE BN R ARSI N TR A A
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Table 9 Experiment of generalization performance

) ) i 2
Hiod 4 H R
SRR e shiidgE A
UDGAT 0. 846 0.823 v2.3%
Twitterl5
RD-GCSL 0. 880 0.871 v0.9%
UDGAT 0.871 0.835 v3.6%
Twitterl6
RD-GCSL 0. 889 0.878 v1.1%
UDGAT 0.844 0. 830 v1.4%
PHEME
RD-GCSL 0. 856 0. 849 v0.7%
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