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Abstract  The proliferation of rumors on social media has had a profound negative impact on
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public discourse, social trust, and crisis management. The widespread use of digital platforms
has further accelerated the dissemination of misinformation, particularly when multiple modali-
ties—such as text, images, and videos—are strategically combined to increase persuasiveness or
obscure deception. The rapid growth of such multimodal content has rendered cross-modal rumor
detection both an urgent and intricate task. Specifically, multimodal rumor detection, which aims
to determine the veracity of social media posts containing both textual and visual information, has
garnered increasing attention from the research community. Existing state-of-the-art approaches
predominantly focus on extracting features from each modality independently and fusing them at
the feature level to achieve complementary information. However, these methods face two funda-
mental limitations: (1) they often struggle to capture fine-grained semantic consistency across
heterogeneous modalities due to feature space misalignment, which hinders the detection of sub-
tle manipulations or semantic inconsistencies; and (2) they rely mainly on surface-level content,
making them insufficient for identifying sophisticated rumors that involve deep semantic mismat-
ches or require external contextual knowledge for accurate interpretation. To address these chal-
lenges, we propose a novel multimodal rumor detection framework based on a Scene Graph At-
tention Network (SGAT), which integrates external knowledge and multi-source evidence to en-
hance semantic representation and reasoning capabilities. Specifically, we extract deep semantic
features from text using pretrained language models and obtain rich visual representations using
transformer-based vision models. Simultaneously, to identify potential image manipulation, we
incorporate forensic features extracted via Error Level Analysis (ELA) ., which highlights signs of
digital tampering such as splicing, cloning, or resampling. To model structured semantics across
modalities, we introduce an unbiased scene graph generation method based on counterfactual rea-
soning and a fine-tuned Flan-T5 model. This transforms visual and textual inputs into structured
scene graphs that explicitly encode objects, attributes, and their interrelationships, serving as in-
terpretable intermediaries for cross-modal alignment. We further enrich semantic understanding
through knowledge distillation from external knowledge graphs such as DBpedia, enabling the
model to incorporate commonsense and domain-specific knowledge relevant to the entities and
their interactions. Moreover, we design a Scene Graph Attention Network that integrates rela-
tional features from scene graphs and leverages cross-modal attention to achieve fine-grained se-
mantic alignment between textual and visual modalities. This architecture allows the model to
detect nuanced inconsistencies and misleading associations that may be imperceptible in raw fea-
ture spaces. To enhance factual verification, we retrieve relevant textual and visual evidence from
external sources and align it with the target post using a cross-attention mechanism, thereby im-
proving the model’s ability to validate claims requiring additional context or background knowl-
edge. Extensive experiments conducted on two real-world datasets—Weibo (Chinese) and Twit-
ter (English)—demonstrate that our approach significantly outperforms competitive baselines.
SGAT achieves improvements of 1.6% and 2.2% in macro accuracy, and gains of 2.6% and
3.0% in rumor-class F1 scores, respectively. Furthermore, our framework offers strong inter-
pretability and robustness, making it well-suited for real-world applications such as content mod-
eration and automated fact-checking. All code, datasets, and experimental protocols are publicly
available at GitHub (https://github. com/xuejianhuang/SGKE), fostering transparency, repro-

ducibility, and future research.

Keywords  multimodal rumor detection; scene graph attention network; image-text semantic

matching; multimodal evidence alignment; knowledge enhancement
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4.3.3 YR ETEE M

N TSN b S R R R ) AR SR T —
M3t EEE 51 M 4% (Scene Graph Attention Net-
work, SGAT)., SGAT J&7¢ 7 & 11’ % (Graph
Attention Network, GAT) i FE Rl I # 47 st #9,
GAT i3 5| AR HLH g 9 55 s 2 18] i 52 B,
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¢ W ECPHME TR AR BH P R BA 1 ) Bt
5.3 IWEREHH
5.3.1 HEBHELR

P SCUE 38 1) f5c KA A1 SGAT I 4% 1 12 50 2
P SCHEM B S 8. 0 T i S KR4 B0, Fe Al
PG 28 0 1 85 KB SR 9 B i DL 1 22 i 44 i %) 10,
HMZH R S5E 2 —3, I £ Weibo 1 Twitter
Bt 4 1O ER 2 MER R AR AL ] 14 () BTR



2172 it =2

Bl

L
2

i 2025 4F

LEIR W H P SCIEEBOR 9 5 L 77 4k 10 2 el R
F e o T 20 Bt A0 B IR A 8 2 R R PR RE . I K
AN R, JCk O i A N Al 1 2 AR S R 0 i R
{5 L s TR 48 KR S 22 0T B 5 | A HH G A e A 3
M5 W 7 15 B AR PERE . O T 82 SGAT I 2% 1Y
JE B FAT o R RO E O 1.2 A3 HAb B4

95 ~—Weibo ——Twitter
94
=
i
5 93
-—'—'_'-__'__-H-\"' -
§ 92 e s
N F

0 1 2 3 4 5 6 7
UEE 3 it
(a) UE4E Bt

FIRE R R S 3R 2 — 30 RS R 18 14 (b) iR,
MIZE O 2 B, kR Rt XERRNY
SGAT W& 19 )22 B /b B, 45 R ) Jk 32 B 4 1] 52
B, S8R SRR 4. 2B 20T,
JERAZ T 1 30 1B AR A5 o R, AN ] Y 8 ] A A s X
e R BUR SIS

05 = Weibo

s Twitter

(b) SGATE 3

E 14 B398

5.3.2 XM

R T B UEAS SO IE A R FRATIE R LA 12
AT BRI 7 AR SR R L SR

(1) LSTM_ Word2vec ™ (2020) ; 45 & LSTM
1 Word2vec #Z i SCAR W 5 18 LBFIE

(2) TDRD"*2020) : 78 3CAS $5 A o il & 32 75
fFH.

(3)MCAN"" (2021) . i 43 38 X7 & 1 fil & 3¢
A B FEAE

() HMCAN"™ 202D . i@ 2 LA EF
SCHE TR T 2% 3 4 TR SCA L

(5)CCNY™ (2022) « 3 F 40 HBIE 35 5 77 46 56 b
TN — SR A k.

(6) DC-CNN"" (2023) ; il 3zt Wi 3 % 2wl 22
W 24 38 5 1R SO Y24 BE

(T DEDA™ (2023) . 38 i 1 & 1 AL Al 4 3¢
AN AR

(OMTTV" (2023) . il if Z#2 Transform-
er filt & MG AN SCAR B8 AR B .

(9) HESN"™ (2023) ; i i 3C A 52 {& A
A 8 5 PR A% ORIV S,

(1OTITS™ (2024) & F SCAAF B A5 5 B
FRABLBE 19 7 3

(1) HGA-MMRD'"™ (2024) ; #] ] )2 ¥ Bl 1E &
77 ) 245 J AL PNORI IS B 918 a8

(12)MMCAN"" (2024) £ T HIR 2810 1Y 2 48
A VC LA

AN 28 R XF I T ChatGPT 3.5 il ChatG-
PT 40 X P FP EMEA 2 ) . X T ChatGPT

Ny

|
=
G
b

ul

3.5 B A SCA IRl 4 7R (Prompt) “ 34 F
Wiz fs BRE S B S . R ERBIERNE R, Xt
F ChatGPT 4o, i A F 1) SCA K HAH E B R, 9
o8 H T B A AR I T B AR Y SCAS N R R A
BOEWE T 5 AR S S8R BIE M E B JF B
8 R E I BERL DA R AR A T 4R A 1 SOAR R
FEWE B RS E TIES AEE S SR IENE
AT LA R BN BEORME S b SRR, AT Wei-
bo Fl Twitter P11 4048 5 b o Rk 52 50 19 F ¥ 45 21
FE Xt b, Bk g5 gk 3 FIsk 4 FiR .

ChatGPT 3.5 (7 #Effi %k 36. 6 %0 Fi1 36. 9%
AU T BEHLAE I . ChatGPT 4o Y 22 el 14X
4 50. 3% M 51. 7Y AEHE N THER R IE LT .
PEREA Pr L TE  AEAT 8% TC ik 5 HoAth W B X2 20 O ik
FIDCED . X R, T B3 o 2 2 iR R s B F X
2 3 SRS, A BB S KA A T O T R 0 K — R 4
R W RE S, 7R R BLAS IR SR D O 2,
TDRD J5 ¥ 7E P B008 48 b 2 e 2 1 LSTM
Word2vec J7 &4 U & X Uk B T @& SOA 385
SO T AW B AT U E A . DC-CNN 7 3 i i
XU 8 Tt Ak 2 85 1% A% G2 46 LR 28 0 4% 1) b £ )22 i
e T AR R 2R B F R JRy R 4 JR) R AIE AH G M Y T
R, TG S TR SO UM A R RO R AR ST
A O BE AR 4 T LSTM_Word2vec #l TDRD 75
HARTE. 7RI SRR IR S Ry b, DE-
DA RA5 T 35 e 19 7 E B 2%, ™ b T B R E A 4
15 R R T 11 B

FE 2B SR T v, BT 2 AR T R
PERE P F BB Jr 2, B O RS 0 7 UK SR
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#= 3 Weibo #IEE XWX L 4 BT %)
Sk S M. Ace e i I AIE I
Pre Rec F1 Pre Rec F1 Pre Rec F1
ChatGPT 3.5 36.6 35. 4 48.6 41.0 22.7 34.5 27. 4 25.0 26. 7 25.8
ChatGPT 4o FREAR 50. 3 55. 2 57.3 56. 2 45. 4 51.2 48.1 38.8 42.5 40. 6
ChatGPT 4o+ 1% 53.0 60. 8 59.7 60. 2 48.5 54.1 51.1 40. 4 45.3 42.7
LSTM_Word2vec 86.5 90. 7 91.1 90. 9 82. 1 82. 1 82. 1 87.7 86. 3 87.0
TDRD . 87.4 91.5 91. 9 91.7 82.3 82.9 82.6 88. 4 87.5 87.9
DC-CNN 87.6 92.0 92. 1 92.1 82.9 83.7 83.3 89.5 87.0 88.3
DEDA 88. 4 92. 6 92.8 92.7 83.6 84.5 84. 1 90. 2 87.7 88.9
MCAN 89.3 93.2 93.3 93.3 84. 4 85.0 84.7 90. 5 89. 8 90. 1
HMCAN 89. 3 93.2 93.4 93.3 84.5 85.1 84.8 90. 6 89.5 90. 1
MTTV 89. 4 93.6 93.7 93.7 84. 7 84.6 84.7 91.0 89. 7 90. 4
TS 90. 6 92.1 96. 3 94. 2 83.9 86. 0 84.9 93.9 89. 6 91.7
HGA-MMRD E2L ¥ 90. 7 94.2 95.2 94. 7 84.3 85. 8 85.0 93.3 91.0 92. 2
MMCAN 90. 7 93.0 96. 4 94. 6 86. 2 84. 2 85. 2 93.6 91.1 92.3
CCN 90. 9 93.1 96. 2 94. 6 85.3 85.9 85.6 93.0 90. 7 91.8
HESN 91. 1 93.5 96. 2 94. 8 85.9 86.2  86.0 92.7 90. 8 91.7
SGKE(A30) 92.7 94.8  96.7 95.7 87.2  90.1 88.6 94.8 91.4 93.0
ASOTA A1.6 ‘0.6  40.3 40.9 ALl.o +3.9 42.6 40.9 40.3 ro.7
MR R e, BRI R Rl ASOTA R S et ik mxt e, A FoRIEH
F 4 Twitter HIEE L LWL ER A2 Y6
Sk ol M. Ace = W K I AIE I
Pre Rec F1 Pre Rec F1 Pre Rec F1
ChatGPT 3.5 36.9 27.1 50. 0 35.1 45.0 22.5 30.0 40. 6 38. 2 39. 4
ChatGPT 4o FREA 51.7 57.3 58.2 57.7 55. 1 50. 6 52.8 44.5 46. 4 45. 4
ChatGPT 4o+ % 54.7 62. 4 60.7 61.5 57.6 53.5 55.5 46. 1 49. 8 47.9
LSTM_Word2vec 87.8 89.5 92.5 91.0 83.8 78.6 81.1 91. 4 92. 2 91.8
TDRD . 88.5 90. 9 93.3 92.1 84. 7 79.1 81.8 92.0 93. 2 92. 6
DC-CNN 88. 8 91. 6 93.8 92.7 85.6 79. 4 82. 4 92. 4 93. 4 92.9
DEDA 89. 3 92. 1 94. 5 93.3 86. 4 79. 4 82.7 93. 2 94.0 93.6
MCAN 89. 6 93.3 94. 2 93.7 86. 4 81.0 83.6 93.5 93.8 93.7
HMCAN 89. 7 93.2 94. 3 93.7 86. 8 80. 9 83.7 93.7 93.9 93.8
MTTV 90. 0 93.8 94. 8 94. 3 87.3 80. 8 83.9 94. 0 94. 3 94. 2
ITS 90. 7 94. 2 95.5 94. 8 87.6 80. 9 84. 1 94. 2 95.6 94. 9
HGA-MMRD 2R 91. 4 94.7  97.3  95.9  88.9  80.7 846  94.6  96.3  95.5
MMCAN 91.9 94. 1 96. 5 95.3 91.0 82. 8 86. 7 95. 0 96. 2 95. 6
CCN 92. 1 94. 9 96. 1 95.5 91. 1 84.0 87.4 94. 7 96. 2 95. 4
HESN 92.5 95. 1 97. 2 96. 1 90. 7 84.3  87.4 94. 8 96. 0 95. 4
SGKE(A30) 94.7 97.0  98.2 97.6 91.5 89.5 9.4 96.2  96.4 96.3
ASOTA A2.2 A9 40.9 A1.5 A0.4  A5.2 430 A2 Aol ro.7

T RS B B T RIR SRR S . ASOTA SRR SR SE# r ik Xt b, A RoR4EHt .

FRAE TG HER R 5 . MCAN Fl HMCAN X 9477
T 2 ) I 25 1) 3 5 R i A TR A ST A A A e

PEWURFAE L SR Ji5 8 i 43 J2 A B ) B S BAS TR A

AFFAE M 32 B, BB AT R B AR PR RE A 25 8 K
MTTV J5 ik AE 4 R s e Ak 09 B il b A Faster
R-CNN &I & R 1 Jmy # R AE , PR vk e w7
MCAN #1 HMCAN, #HZ T, ITS J7 ik i 4 fg

Vo e

B2 T UE B T 5 B SCE AR E N Z AR S
K o AR AR FH . HGA-MMRD @ 33 2 ) K’ T &

77 0 4% A1l R AR 285 P RS 285 T A9 AS ] 3 S 52 L 3 i

TR R P SC AR B i SR B RE L T B R T
TSR PEBE . MMCAN J7 53 3o [ 4450 4 e
ictJ28% R AT 2 P S A 6 5 1 0 O o 1 A P I 9
77 W4 R AT R LR ZE AR DA T S B A 1Y) 2 RS
A PERE AT BT TE . CON 5 338 i @l A SCA AN
LB 19 o 285 A AE B0 27 =] o A 58 s 0 UE B 2 )
M — Sk MR A5 B T — B A 4 T, HESN
FEPANBR A F A3 3RA5 T 91, 196/ 92. 5% 1Y % 1
B3R T B T SCAR SEAACORIT B S 1A R 0% A 23000 i 1R
SRR L, A SCHE ) SGKE Jr ik 7E i A 18
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i 2025 4F

b L3800 F B etk (0 3L 28 07 i  7E 22 fE AR R 14y 4R
w160 M 2. 200, TR H R F1ME E4 T
2. 6 %01 3. 0%, B T A SC7 iR A R0k
5.3.3  {HmhEZER

J T BIEAR R A X SGKE J7 2 1y 5t ik, 3 4]
WA TR 12 MH RS - (D w/o SCAESE : 5BR
SCAESE s (2O w/o B R IEHE 2 bR B R e 5 (3)w/
o B SCIEHE « [A] i 25 B SCA A E R ik 3 5 (4) w/o R

PEUEAR <3 BB HR IR T IR 57 £ FRE 38 2 X5

MIIEHE s (5) w/o ELA: KBRE A ZLBURRE; (6) w/o
PRI ZE 08 A X b 5t T BRI B 38 5 (7)) w/o B S0
SCUGTE - 25 BRI SO LVEEEAE R (8) w/o 1 %
LA LS E) EGTR BRI A 1l 3% 5 5 (9 o/h
SCAFNEAR - A FI FH SCAS AR 5 AE 5 (10D o/h 3
A ALH ] SCAFRAE s (11) o/h EIZ AL B 504
fIE; (12) SGAT > GAT: ¥ SGAT # e Jy 4 4t iy
GAT, 7E Weibo I Twitter /%884 F XS
ER RN 5 MK 6 R,

F&S5 Weibo BiBE FHHMEIRITLER G %)
- M. Ace E[Sra i EN SR
Pre Rec F1 Pre Rec F1 Pre Rec F1
SGKE(A 30 92.7 94.8 96.7 95.7 87.2 90. 1 88.6 94. 8 91. 4 93.0
w/o CAIEHE 90. 8 95.3 94. 4 94. 8 84. 8 87.0 85.8 91.7 91.0 91. 4
w/o B ik 91.6 95. 4 94. 4 94. 8 82.7 90. 4 86. 3 93.5 90.0 91.7
w/o B SCIEE 90. 3 94.9 94. 0 94. 4 88.2 84.3 86. 2 90. 0 92. 6 91.3
w/o REVEIEE 92.5 94. 6 96. 5 95.5 87.0 89.9 88. 4 94.7 91. 2 92.9
w/o ELA 92.1 95. 3 94. 3 94. 8 87. 4 89. 3 88.3 92. 8 92.7 92.7
w/o HIRZE IR 91.9 94. 6 96. 1 95. 4 87.4 86. 7 87.0 93.5 92. 8 93.1
w/o E3CE DL 88.3 86. 9 89. 4 88.1 87.2 86. 3 86. 8 90. 2 89.1 89. 7
w/o iy 5 E 92. 4 95.9 95.2 95.5 84.9 90. 4 87.5 94. 3 91.7 92.9
o/h SCA G 89. 1 93.5 92.9 93.1 83.8 84. 2 83.9 90. 0 90. 2 90. 1
o/h LA 87. 4 94. 4 93.1 93.7 76.9 80. 9 78.8 89. 8 88. 3 89.0
o/h El14% 83.2 86. 1 86. 3 86. 1 76. 2 80. 2 78.1 85.9 83.0 84. 4
SGAT—=GAT 92.0 94. 8 95.0 94. 9 83.0 90. 9 86. 8 94. 7 90. 2 92. 4
F6 Twitter HIIEE LMHMIEXLER AT %)
ik M Ace ey W KIEIE S
Pre Rec F1 Pre Rec F1 Pre Rec F1
SGKE (A 30) 94.7 97.0 98.2 97.6 91.5 89.5 90. 4 96. 2 96. 4 96.3
w/o CAEYE 93. 8 95. 7 97.7 96. 7 89. 4 87.8 88. 6 96. 5 95.8 96. 1
w/o & R4 93.2 95. 4 97.7 96. 5 89.7 85. 8 87.7 96. 0 96. 2 96. 1
w/o B SCIE % 92.2 94. 3 97.2 95.7 91.3 83.2 87.0 94.5 96. 1 95.3
w/o RIS 94. 6 96. 9 98. 1 97.5 91.2 89.3 90. 2 96. 1 96. 3 96. 2
w/o ELA 91.7 94. 3 96. 8 95.5 87.3 82.6 84. 8 95.0 95. 6 95.3
w/o MR ZE 94. 2 96. 3 96. 9 96. 6 88.8 90. 1 89. 4 96. 8 95.6 96. 1
w/o B3 SCIE L 91.9 93.7 98.0 95.8 89. 4 82. 1 85. 6 95.0 95.5 95. 2
o/h ARG 91. 4 95.9 95.7 95. 8 87.5 81.7 84. 4 94. 1 96. 8 95. 5
w/o 24 I 55 94. 4 96. 3 97.1 96. 7 90. 3 90. 0 90. 1 96. 6 96. 0 96. 3
o/h LA 89. 4 89.9 96. 4 93.0 90. 4 75.4 82. 2 93. 4 96. 4 94. 9
o/h E% 77.7 84. 1 85.9 84.9 72.9 60. 3 65.9 82. 2 86.9 84. 4
SGAT—GAT 93.3 96. 1 94. 8 95. 4 85. 6 90. 2 87.8 96. 9 94. 9 95. 9

MG 45 Feop a] DLE L SGKE J7 2k 14 R A B
Pt & ¥ IRE I A S R BRAT AT — AN RS H AT 25 5
M 75 vk e fE . BRI 2 BR SCARTESR | & SCIE SR
o [/ SC RGIE AR e L 7 Weibo B384 T (14 72 o 0 2R 43
SITRRET 1.9% 1. 1% F1 2. 4% ; Wi 7F Twitter 54
L EMARTFRET 0.9% . 1.4%F1 2.5%, HHEEK
KR SORFE B iEdE 28 & 7w AR AR,
A% DA [ 1 B 5 Bl A2 8 56 91F 15 8L A9 B S Pk  TH it

L BRX LEIE A 2 BER DT IR RO PR RE . e Ak, AT A B
FBRUE SRR 5 % 5 2 500 A TR 5 e B Dy
X A] RS A O AR T AR AR IR = W
O AR TR Y SRR . 7E Weibo B4 |,
FBR B S 1 J7 L AE T8 5 2 00 FLAEMS & T %
Bk SCAS UL 19 07 3% 5 T AE 2 T REALAE 5 36 A AR A
A ML S R S T e, T RE R AR o HEAR
A B LR B X 07 ik R RE R AN . R BRE A

HE 52

I=A
2
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BEE IS . TR TE Weibo B4R 45 I 119 72 o i % AN
G E A F1 4 5 R R T 0.6 1 0.3% , 1M 7
Twitter $0H54E FI 43 5 FBE T 3. 026 F1 5. 6%, X
ATRER T Twitter IR ETRE THZ SR H
MO SE RIS . PR AINZE IS Tk R et
TR PR SR DR RT3 e R Y R RE A A AR o
BTN} S 5% 1 1) o OB . BRI SC U R )
FEEA B F A Z MR M T T 4.4%
Fl 2. 8%, X F W B 26 9% T of £ 78 B 1 1 181 SCiE X
ANVC L, PRI Pl S0 SC DG Jc RRAE %o T 22 4 285 328 5 A6
BB, ST B A R T vk R 8 A
MR GRINEREER SR, R, 78 5 B
5 . Weibo Bl 5 1 9 72 ME A % IR 1% 5 2S00 i
HEMFL TR T 0.3%.0.2% 1 1. 1%, 11 78
Twitter BB 350 FBE T 0.3%6.0. 9% F1 0. 3% .

TSR AR BRI 7 18 SCAS T ERCRRAE , J7 125 1 M
REHF W 25 T e o DR R SR S AN [R]85 1 5 1 T b i
AN JE VAT BN Z R R R B . R IR Ao 5
TR ) B 25 7 1 Weibo il Twitter 5048 4 -
F % HE B 3843 A 87. 4 Y6 1 89. 4 %4 5 Thi iR Ak Jy ik
TG A SRS T vk MERR R T2 R RE 2 83. 200 Al
77.7% . X RS ZRURIE AL SR B ER A
BT HET R, T AR LSS B E 5 H AR,
BT R A BB T 96 1 B AIK T 2 T SUAR B B 2
J7 3 JE A T SCA 38 4L 09 38 5 R AE CUn i S Ik
FIXAE) Lo B B 2, A SCB i) SGAT 55
BN GAT J& . J7 2 7F Weibo 4 4 I-
(R %2 HER SR 5 2R B FLE B FHET 0.7%
1. 8% 7E Twitter BB 4351 FFET 1. 420 F
2. 6% . IXUEH T P b 20 R0 4% AR TR R O AN R RN
ERA B, 51 A 5K O RFFAE M EZ L, 8 X
SETY RSB g — P IR E T AR SCH A SGKE ik
A st .
5.3.4 RESHT

kTR TN 45 S 1 2 SR AT TR A 40 A, AT X
YR AL S 56 g 0 3 2 SR TRV R R R AT T T Ak
WE 15 i, Heb, YA bR s B S 200 , B A A
FOR M S . A SCT5 ¥ AE Weibo 4 4 1 xf 3k
WS ORI B TR B R a0 Gk B T
96. 7% .89. 6 % 1 91. 4% ; £ Twitter FHi4E L 43
N 98. 2% .89. 5% F1 94. 4% . PN 4 B IR
SRR AR F > RIS > S Y,
X — G5 LR W] DU 1, R XN T X
SRRSO A M AR AR UGB Y 1Y .l R 25 A T R

B SGKE J5 &4 Fy R i 5 B H o R Bk 9% 55,
ZIRER . XA A Sy BRI YL DN O X PR B S 2 1)
4 DX 53 BE AN T » N SCH SE SO R ik B 37 35 5%
N SR R = S P s o s e R R s o A
T ARSI AR 20 B RO PR R

s 08
g 1: 0.6
E ] 0.4
‘gj 0.2
AEUE WE FEE KEHE WE IFEE
ks RiE s 4
(a) Weibo¥ig 42 (b) Twitter S 4E 4

P15 a2 AR ARV R

5.3.5 TrKulEy

S Tk — 25 B UE AR SO VR AE A R R
(BiEsE 596w 5 Ergcr, AT H T Pheme
il Weibo™  iC 4 Weibo-2) B 15 45 B4 4.
Pheme £(HE4E K IR T Twitter, 5 & T A GE
B M AR R AE I S Weibo-2 B4 42 4,45 Ok B
BrAEAE B & B3R E S MRS . 7EBE Ak B
b A FRATTO PR A A% SCAR K N — R BRI AR T
TR 0T, % Pheme R4 & 2001
MFEA CH 1416 25 AR 5585 F AR F )
Weibo-2 B4l 441 % 7959 PMAEA (Hirp 3640 &4
BT 4319 MR T ) . ELE P, RATHEICT X
LU S 56 T (1 2 B0 R Oy AR R B T . S
X 25 R 7 FiR

RT EZHRBEFESE LTI

SRS ik MR R HR F1E
MCAN 88.7 85.0 84.6 84. 8

HMCAN 88. 8 85.2 84.7 84.9

MTTV 89.0 85.2 85.1 85.0

ITS 89. 5 86. 4 85.2 85.8

Pheme HGA-MMRD 89.9 87.0 85.2 86.0
MMCAN 90. 1 87.6 86. 4 87.0

CCN 90. 3 87.5 88. 6 88.0

HESN 90. 8 88. 6 89. 6 89.0

SGKE(#30) 91. 6 90.3 90.0 90.2

MCAN 90. 4 90. 7 90. 3 90. 4

HMCAN 90. 5 90.1 90. 6 90. 2

MTTV 91.2 90. 9 91.1 91.0

1TS 91.7 91.5 91. 6 91.5

Weibo-2 HGA-MMRD 92.6 92.4 92.7 92.5
MMCAN 92.8 92.6 92.8 92.7

CCN 93.0 92.9 92.9 92.9

HESN 93.3 92.9 93.3 93.0

SGKE (A 30) 94.3 94.2 94.3 94.2
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BATAE N 53 PR 32 IRV A 47 0 5 119 3 08 AU 26 10
FHIH I Ht 7 4 SCAS 5 1B R 3R i SO
AL o PRI e 7 SCAS ) B 285 75 3k AL T TR S SO
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3.4Ei 130t
HE e 2 - e 35 6 0 [ B
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H1 PesaCheck 42 1 T 41
FeAEH]...
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e3Pl
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Vel SC 2L JBE i LS PE 7S 51
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o0 2% F¢) 1] S SCC E B0 32 RE 8 A7 258 il 52 BRI SC 22 1)
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Background

The widespread proliferation of social networks has
greatly facilitated the dissemination and sharing of informa-
tion, but it has also created fertile ground for the spread of
rumors. Compared to purely textual rumors. multimodal ru-
mors that combine text and images are more deceptive and
transmissible due to their strong visual impact and the “seeing is
believing” cognitive bias. This makes multimodal rumor detec-
tion an urgent issue in the field of network security.

Current mainstream approaches mainly focus on learning
features from each modality and employing various attention
mechanisms to fuse them for detection. However, they still
face two major challenges: (1) difficulty in effectively captu-
ring fine-grained semantic correlations between images and
text; and (2) limited ability to detect well-crafted rumors
that exhibit deep semantic inconsistency across modalities.

To address these challenges, this paper proposes a mul-
timodal rumor detection method based on a Scene Graph At-
tention Network (SGAT) that integrates external knowledge
and evidence. Specifically, the proposed approach constructs

a scene graph attention mechanism to explicitly model the se-
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mantic relationships between visual objects and textual
terms, enabling fine-grained alignment between visual and
linguistic features. In addition, knowledge distillation is in-
troduced to incorporate background knowledge from external
knowledge bases, thereby enhancing the model’ s ability to
understand implicit semantics. Furthermore, by incorpora-
ting textual and visual evidence, the model’s performance in
identifying deeply inconsistent rumors is significantly im-
proved, both in terms of accuracy and interpretability.

Experimental results on two real-world social media
datasets, Weibo and Twitter, demonstrate that the proposed
method outperforms existing state-of-the-art baseline models
across multiple evaluation metrics, validating its effective-
ness and advancement,
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