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Visual-language key clue discovery-based multimodal
fake news detection model

MENG Xiang, WANG Boyue, GAO Yihan, WU Guangchao, LIU Yikun,

LYU Songcheng, YIN Baocai
(School of Information Science and Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: Multimodal fake news detection aims to enhance the reliability of authenticity assessment by integrating di-
verse modalities such as text, images, videos, and audio. However, existing models often overlook discriminative local
details and struggle to capture the critical inconsistencies between textual and visual content. To address these chal-
lenges, this study proposes a novel multimodal fake news detection model, termed the visual-language key clue discov-
ery-based multimodal fake news detection model (VKC-MFND), which is designed to discover key visual-linguistic
cues. The model comprises three main components: a multi-scale feature extraction module, a key feature information
extraction module, and a multi-scale feature alignment module. Specifically, the multi-scale feature extraction module
captures both global features (sentence-level or description-level) and local features (word-level or object box-level)
from text and images, thereby enriching the diversity of information representation. The key feature information extrac-
tion module utilizes attention-based interactions among fine-grained features to uncover discriminative clues and aligns
them with global semantic representations, facilitating the fusion of critical cross-modal information. Meanwhile, the
multi-scale feature alignment module optimizes the model using both classification and alignment losses, enhancing se-
mantic consistency in the shared feature space. Extensive experiments conducted on three benchmark multimodal fake
news datasets—Weibo, Weibo-19, and Pheme—demonstrate that the proposed model significantly outperforms state-of-
the-art approaches. Further ablation studies confirm the effectiveness and necessity of each component in the model.

Keywords: multimodal fake news detection; multi-scale feature interaction; key clue discovery; fine-grained representa-
tion; cross-modal attention; global feature alignment; memory-enhanced mechanism; semantic inconsistency detection
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s S A R AR X, B Ts B FRAE 200 1Y
RLBEAR TR 3] B SCAR N 25 W € RO g AU
HilE; QL KEL VEeR& | i3k (H) 1) £

Q' = LW\K=LW.VE=LW,  (10)

FEHREAS PR B 5 18,58 48 5, 3
SRR S R S Ty L, T LA A 1
VERE I SRR T, 5 R, % Ve itk 7 IR 4 1 7
553 1 VE R IAEARAE V.,

S B R 3 1 L 43 3o A B
VERE AT HUBIE R AT . LM, S T 8
il 2 1 BB A5 OE VL A6 T B AR L oK+ 2 10 0
W, o4 Ve B A L K 1 b AR, 30, T
AR 7 S 3A 2 0 SCA A T 33 0 S
5 1 S HERE 13 0 SL IO O 1 B
W )5 8 5 T B S S AT O D
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F = concat (T, T}, V4, Vy) (11)
K F e R dp N e A0 R BE R R s 4R 2
23 ZFRFHEX FELR

AN RIS 25 Y 2 7 3 AT W 3 i iR 25 5
DAL I e 28 AN [ A5 2 e A B 48 31— A JR ] ) 5
], DAOR G i 46 22 5 1 X 55 45 B M R fiE . HAK
b, XoF T g BT ) SO ) SCAR - RGO, i it 2
JZBAHL (multilayer perceptron MLP) 5 Hk R
SCASRFAE T, KL RO B o e AiE V2 4 Ay ] — A
BEMEEREAR T AV, BRI

T =W,yxoW,xT,) (12)

V.=W,oxocW,xV,) (13)
K ;o ()2 ReLU Wi REL, B {1 i 25 X 28 155
HA AR W W FIW,, . W, 73531 D SO
FVAL 5 4= Ja R AE 18 5 — )2 RN 5 )2 MLP A ] 2
IWEHMESE . Z I LIS — 2 M )2
SR, NP ZE MLP 4544 BE 45 X i A RRIE
AT R AR AR LA e, 55— 2 TR 2R
TIE B 55 A B A B, 275 = 2 ) i — 20 X R iR A 7
FE4E Fs By 2Rk o XA BRI B T3
SRR Z [ Y 52 e 06 R AR RE ), 1R T 2R
TIE 1 XoF 55 R TG P, 8 A A TR R RS B A Rt
&, IV ZRASE e SR RER L .

TE X O 5525 (8] vy, BV SO A R R ) D 4
FEAE B A [R5 SCFI 2345 4 PR, R 55 IS B9 AR
AT DAYl /D i o 2 S XA AR M i s i), 5 - b )
PRFPRLZS () FEAMICHR, DT 2 i X 2485385 P 2 g 2
fRRETT o A T SEBE 4 s A0t 5%, Al ] MSE #4707
TR ZEIUR PREGH AT RIS 455, HtE AR

N

1
Lua = 35 > (= V) (14)
i=1

Ao N R SCE B BB, FESL R AR, XA
SRR IE R A LU B AR Ok B AR B 9
*ME B, 2R SCARFRE 325 T SCAREUE 9 N A
B, T4 e A8 R Ak 38 i 2R SO iR B T
W AT, B AT SS A B TR R AL 7R TR
PR Z SN2 T R PR RE
A v, eR, XAy, FIH SO IRE R
iy, A B T RORAE S8 — i 3R 7 IR B b i R
5 SO Z 8] (R 18 SCHRFR 3% 6 T3 B 52 4 1 1R SC
PRIED TN
24 BIKEE
W FiR— RPN EAE, 158 T RG B Al Ry
TEF, G BRI BE SCA SR T/ ARG 54
TE V2, X BEREAERE FH T e 2 1 2B 0T (B 0 2548
TEZ A X 26 22 RUBE SO —BIMEO0 RR =Z 117, %t

il B A0 RO AR F A3 A A, i8R AE
Xf I A B e AT - 347, R v AR T R R B 48 Dy [
R 1Y ) i, DT R AR AU 4 R I S 30 A1 4E 5 T
UK SR
F’ = Average Pooling(F)
BT P () B 26 3 AR RUBE 22 R R A 5 il 5 4
RE R IER 455 o
F,, = concat (TL’,, V., F’) (15)
O RIAR Lo h W F, 258 22 200 A BT PR
1) 2 R BTN A B 45 ]y 5 ARy iy
X AR, AR A XN
¥ = softmax (MLP (F,,)) (16)
Lo = ylog(®) +(1-y)log(1-3) 17)
I 24 1) H R BRECR 7R R FE R Laignea 5 57
MR Lo WA, A
L = aLjignea + BLas (13)
A a MBI T T S 8, B AT 2 1 D AR
.
BN ZRSH W EE P=[T, V] 4§ 3CA
T HEME V. F bR y L GEARIRER epoch;
Wi AR .
1) For i =1 to epoch do;
2) 38 20 (1) A2 SRR A SCAR A T 5
3) g3l g X (2) =X (3) AR SO A R 4
MET, S8 A0 RBERHAE V5
4) 3 5E s 5 (4) X (5) A SCAS R B
TET, SO R EEFRFIEV, 5
5) X (6) A= (7) A L AZ AL 3 5 1) SC
A SR R AE T AL Jay PR R AIE V5
6) il 2 (8) ~ (11) Az LRl & B A0 R BERFAIE F 5
7) B (12) ~ (14) THE 2 s RR e 5 Hofbt 2
-[:aligncd;
8) it X (15) 45H 2 N FFE A R 2 1T
HEKIRF,;
9) 3 4k X (16) FIHT = 1Y 43 245 R 9 s
10) 3852 2 (17) T8 1043 2858 SRR 2R Lo
11) i 5 2 (18) &5 A X 58 2k f oy i k1t
B HPRR L

12) End for
3 LI ES &R
3 XWIEESERSM

1) Hods 5

i F WeiboP*!, Weibo-19%7 F1 Pheme®® 1X 3 4>
N T ) Z2 S R AT T A I 5 B 4
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BT AL O HEL R AZ I A 2 A U T A 0 A 55 1 3]

2) LR E

3K 7012 A9 HL B AT 40 B0 43 S
iU N1 R 2 R g 1 1 1 WP ()5 B IR 7
AR 1 T 4R A AR R R AT T ST A DI SR
AT T 3 AT . HR KN E N 64 H T
Yk, 50 T, 2B 848 ] Adam PR AL, 38 3t
LIS B, # Weibo $HE4E Fil Weibo-19 %
PEHE B2 ) RN BEE M 0.000 5, Pheme $ 4 5 1)
2 ) RN 0.000 9 A B i b 0 I SR .
FE AT SE56 R, BEALLE B4~ NVIDIA RTX 3090 GPU
Ik 30 4~ epoch, I H BEALFN T J2& @ % 1), LA
PRAE S HOH R R A7 0 BRI 25 R ik i 25 SR B
R —2,

F1hik— 4 H T VKC-MFND # 5 #¢
3AARTRIEEE T B U ZRAtt KD | 2 2] REE S
AN

F 1 VKC-MFND EEEAREHEENLLEE

Table 1 Experimental configuration of different data sets

A Weibo  Datasets Weibo-19 ~ Pheme
HLRAEA TN 64 64 64

Sk S 5x107* 5x107* 9x10°*

PLE RV 30 30 30
WNHEM K Traintvalid Traintvalid Traint+valid
BHRERAL 6844 1467 2018

3)VKC-MFND #5204 A
Xof 5 e L4 A RUBE R TR AR B, ff ) VinVL

Sk B R R 30 A4 HARAE X 3 (m=30).

X0 ) R 4 iR, AR S LLavVA
R R AR RS AN, IR BE LR B — A
YERE 1 22 ROBERHIE

ASCAE H BERT il il 2545 AU b 155 [ SCA LA
Fe MG -5, W SCAS A RUBE Jmy 0 ) 91 A B 48—
| 30 MRIC (n=30), 4 SCA 4 Ry FEAE DL S B 4
RN N [CLS] A, i th 4k B d,=768.

CAZ SR ALE W] 2% 2 B IR AL ) i SRR 4
EXR B N, =50, 1£CEERHIE (S B3 U e rp
23 FE B AL B S B0 BN 8(h=8). TE LK bR
B, X R Luignea T 53 KR Lo AL E o F
B E Hae=1HB=05,

32 ELEAR

SRy 4 TPl BT 4R O R B A B T SR X
7407 EANN, MVAE, Spotfake . Spotfake+,
CARMN . SAFE, MFAN, CAFEfI COOLANT 3t
9 Ff B & (AR 1 Je itk Z RS AGI vE, A
TSR A T T o — R, TR IRE R A
AR
33 XLEXES S

£ Weibo. Weibo-19 Fil Pheme £t 545 LAY
RS0 25 B4y 5 an 36 2~4, AT DLBH b % R,
VKC-MFND #5575 22 155 25 i A1 8T 1 Az I 4T 55 1
FE 8 52 BRIk e i 4 o, HLAE T A 3 B 4
AR T A IR S i 2 RS R BT A I i

R 2 £ Weibo HiF&E L5 H B R BT L 55 R
Table 2 Results compared with other advanced models on Weibo dataset
ik P | JE A 1) ) | FLELH 4] ]
RS FEJCIES F153% UHIES FEJCIES F153%
EANN 0.770 0.774 0.757 0.766 0.766 0.782 0.774
MVAE 0.715 0.765 0.616 0.682 0.682 0.812 0.742
SpotFake 0.767 0.734 0.834 0.780 0.810 0.701 0.752
SpotFake+ 0.731 0.716 0.760 0.737 0.748 0.702 0.725
SAFE 0.812 0.884 0.715 0.790 0.763 0.907 0.829
CARMN 0.825 0.837 0.816 0.826 0.814 0.835 0.824
MFAN 0.844 0.863 0.816 0.839 0.828 0.872 0.849
CAFE 0.849 0.898 0.810 0.852 0.798 0.891 0.842
COOLANT 0.843 0.826 0.853 0.839 0.859 0.834 0.846
VKC-MFND 0.859 0.865 0.849 0.858 0.863 0.869 0.861
TE: IMARARR AR .
R3 TE Weibo-19 HiR&E E S HMEHKBINLLER
Table 3 Results compared with other advanced models on Weibo-19 dataset
ik . | HE A 1) ] | HSHT ]
RS FEJEES F173% UHIES FEJIES F1n %%
EANN 0.827 0.760 0.819 0.788 0.876 0.832 0.854
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k3
ik — \ sAle ‘ | HSH ]
RS FELES FI534 UEZES FEUES F1534
MVAE 0.722 0.663 0.595 0.627 0.754 0.804 0.778
SpotFake 0.712 0.707 0.459 0.555 0.714 0.877 0.787
SpotFake+ 0.722 0.667 0.586 0.624 0.751 0.810 0.780
SAFE 0.854 0.807 0.828 0.817 0.886 0.872 0.879
CARMN 0.864 0.845 0.817 0.831 0.877 0.897 0.887
MFAN 0.878 0.828 0.871 0.849 0.913 0.883 0.898
CAFE 0.898 0.864 0.879 0.872 0.921 0.911 0.916
COOLANT 0.881 0.853 0.846 0.850 0.899 0.904 0.902
VKC-MFND 0.905 0.893 0.862 0.877 0.913 0.934 0.923
TE: I ABACREMRCR .
%4 7E Pheme HIREE S H 1% i AR LL 5 R
Table 4 Results compared with other advanced models on Pheme dataset
ik — R MK I ] HIH ]
RS FEIEES F173 50 UHIES RS F173 %L
EANN 0.782 0.649 0.558 0.600 0.826 0.875 0.850
MVAE 0.792 0.685 0.540 0.604 0.824 0.897 0.859
SpotFake 0.769 0.636 0.496 0.557 0.808 0.882 0.844
SpotFake+ 0.823 0.706 0.681 0.694 0.870 0.882 0.876
SAFE 0.813 0.753 0.540 0.629 0.829 0.926 0.875
CARMN 0.805 0.549 0.721 0.623 0.912 0.829 0.869
MFAN 0.875 0.756 0.850 0.800 0.934 0.886 0.909
CAFE 0.891 0.826 0.796 0.810 0.917 0.930 0.923
COOLANT 0.894 0.796 0.833 0.814 0.934 0.917 0.925
VKC-MFND 0.904 0.839 0.832 0.836 0.930 0.934 0.932

TE IRACR AR .

4 R ZHO T BU TN RIS B
2550 R HTE L 225, SAFE i FH W56 U 2549 Im-
age2Sentence &Y, 14 5 [ A 25 Hp 10 ML ve A B Ak B
A, LLaVA #H LT Image2Sentence 7E K% $ii
WA o B W, e A S R
gt s Fih F B, iets AR O £ L B HIE X
TREE R AR, e BUR b iy 487y . B SCORTME I
5B, ML Z T, Image2Sentence i 5 4 i [ 5 #
M, SR MLk Bk = R 35 M, DL e e 5
AN . I, VKC-MFND # BRI LLaVA it
17 R ) 42 Ry R 4 BCRE 8 701 SCF & PR AN 41y
4 7 TR EAL, Xl 15 VKC-MFND #5241
A SR A T SAFE

BEAh, MFAN B SCAS At 22 B RRAE 32517 %) 55
KI/MEZS 2 7, CAFE 8 13 5 Bh s A 25 24 ST
55 D g BT L A e 4 B S 52 23 (] ) COOLANT
FIFH B SCRT b2 2 o SE 3 2 LA FRIE XS 5%, (H X
BBy AR SRy BR T % 4 R A5 R AR ORI A2 B, FEAR

T2 1A VKC-MFND J7 ik H, AN AURI H ER A
R FT MSE X 55451 2k 455 /0 T B SO RS 1 i
25, TEILEAR ARG T H AR HEZL BR X U5 B
DA SR G0 SCAS 40 RBE R AR T AT A e |, il
% VKC-MFND #& BUAE A6 AT 55 b S 1 AT
At 2 34 5 0k T m R MR
34 HEBEZES5SH

T BAE VKC-MFEND A5 8 454 B (1) 45 5%
PR, AT 43 6 22 ROBERRAIE B2 BOBE B | DG SRR AR
15 BFR BB D) B 42 Jay R IE % S5 AR 7R3 3 AR
AT AL S . O T B OR SIS
PE, WIHT S RO R Al 58, X S P Al %
Fil B anF .

VKC-MFND w/o L: #5522 NUEE Ak £ B B
TR 2 REE REAE B IS A3, ol P MG A 3 D K
SCAA] GO R R AR AR 8T TR 2R

VKC-MFND w/o G: # [ 2 KRB REfIE £ B
He v iy P SO R R AE D R 4 J) R AE X 55 e
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LIl

HUff % B ARHERRAE LA B SCAS TR iR AR AT I
LG Rk

VKC-MFND w/o M: B T 2 KRB 4RAF 42 B
B (0 A2 A5 B3R AL, JF H 40 RO RRAE A
gt 2R P2 OR RR .

VKC-MFND w/o C: £ T KE 5 Bk
IR H, SR A 8 il 6 1 BRRE S R AE AT R E BF
B T RAE 5

VKC-MFND w/o A: B4 Ry RefiE % 5 e
FR R AEA R 2 2] 43 2K i 2k

X} VKC-MFND ##I 7£ Weibo, Weibo-19 I
Pheme £ 45 48 1 (%) EL AR ml 55 56 45 SR ¢ 5
TNo SLIREE R R, BBRAEAT — A REHAR & T 5
AL REIY B35 R

&5 VKC-MFND REH R4 R
Table 5 Ablation experiments of VKC-MFND model

WiRgE Ok e o
‘ JEBCETE B S
VKC-MFND  0.859 0.858 0.783
w/o L 0.787 0.790 0.866
w/o G 0.834 0.837 0.829
Weibo
w/o M 0.847 0.845 0.851
w/o C 0.831 0.832 0.829
w/o A 0.844 0.842 0.845
VKC-MFND  0.905 0.911 0.941
w/o L 0.861 0.835 0.880
w/o G 0.868 0.830 0.892
Weibo-19
w/o M 0.885 0.855 0.904
w/o C 0.864 0.820 0.891
w/o A 0.888 0.858 0.908
VKC-MFND  0.904 0.833 0.932
w/o L 0.813 0.702 0.864
w/o G 0.865 0.752 0.907
Pheme
w/o M 0.875 0.762 0.915
w/o C 0.834 0.667 0.889
w/o A 0.870 0.773 0.910

T IR

22 ROBE R 4 OB B 1) 9 il S 56 3 i T 40 R
JFE RO R B R AE D IR i 2R . o, B BR 4N
RO R AE S B 43 (w/o L) SRS HUPE REAE 3 8
P £ b 0 52 e # A i #E, 7E Weibo, Weibo-19
1 Pheme %045 5 F Y HERG R 40 5 F £ 0.787.
0.861 F1 0.813, ik & HH 4fi R FR A1k 78 4 12 Jo 35 4
TASCE S B A EEAEH . W, BERA
RO RRE (w/o G) LA K 4 Ja) R AE X S5 R (w/o

A) T BB A R 1 T R U B TR R D 4 SR
FRAE XS 55 BB A 20 A B B TR L 22 5, $ TH4r
TIE ) — B0 R E A, 76 35 B T X 55 R4 R
FEBA TR T OCHIEN . BERICIZE B R
ML G, BERME BE A BT F [, R BE 215 B 4 o
HL T RE A5 AT RLHE THAN RUBE R A 1) 26 35 B ) AT 55
TR, B BRIZAIL T 2 T SO R 4R AR B R
FIRRE SIS . BLAh, BEBR OCHRRRAE (S B HR HUR
Pt (w/o C) Y52 1 58 ] I [ 1R 3R W S B AP 11E
EPSE G S B eSS S NN RS SN
AR, 8 AR AR v ) BIL I R 8 AT K
Tl A SCAS G Jm 5 D B A 2., DTG 2 T A 7Y
XTI 2 R AL fig

SR 7, VKC-MFND #5781 1) 48 A 45 He 22 [8]
HA BFENFEER . 2 R RHIE 3 BOR HeE i
A 0 R LR BE R AE, REAS 4 TE 3287 1M
25 B JR T A0 T RN 4 Jmy 1 SL 5 SRR IR AR B 4R U
Huid i B B AL, A ARG T SCAR R A
1500 Jry 0 B AR B 5 4 R RRAE X6 S A B3 o A /N
b B RRAE 22 52, 3R TH T R AE 19— S0kE i B AR
P, 33 B ] (4 B3 [8] 4 A 4 VKC-MFND #
RITE Z B BT A DU AT 55 Hh R B £

4 Zi

DARSCE S T3 T8 T QLR AN
B Z2 B2 BT ) AS U A A VKC-MFND, & 78 38 i
Z RS A5 B B RSETHR IR o AT 20
BIBFE T RLE T 2 )5 5 RFEFRAE, 53 51 A5 F
ARSI EZ)ZRNEE . BRI, 25
LR B35 AT LLaVA 2E B SRR R SCAR
B /A) TG AT, T R 3 20 ROEE R AE W B2 VinVL
PEHCAY B B PR HERRAE AT BERT 44 A SCAS 18]
FEAE

2) FE ML FERY b, AR FH B AL R AL A
XA KRB 1) AR S, I 2 42 R RRAE X 55
BRI R R B ES [H] 1 L 25 5%, ;XFP T AN
AT N EI O 2 2 U EFIE, 38 B8 10 T
AT SCER AR 15 (PN BE T . M ERiiE VKC-MFND
R A 850, A SCHE 3 AN TIT I 425 R BB
VARG I S B EAT T A TR SE A, X HL S G 25
FoA Yk 1A AE AR R A IAE: 55 v A P e
B, TH Al SC a0 25 Rt — B UE B T T A 3 AR
He A 5ok

£ % LRk
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