wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BFERSTESHIMSMENERDENSEZE
=l 2%, #l, F—K, #lRT

5IAEX

IOl &%, 8, =K, #HRE. ETEESRESHIRMESNENRIEGNTED]. HENRE
2024, 51(11): 23-29.

PENG Guangchuan, WU Fei, HAN Lu, JI Yimu, JING Xiaoyuan. Fake News Detection Based on Cross-

modal Interaction and Feature Fusion Network [J]. Computer Science, 2024, 51(11): 23-29.

HUXEEE (SERXMEE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ET 2 RS BENREAEIRRE R

Multimodal Adaptive Fusion Based Detection of Fake News in Short Videos

HENRIE, 2024, 51(11): 39-46. https://doi.org/10.11896/jsjkx.240700062

ZIRRAEEEE R SRR R B
Multi-source Heterogeneous Data Progressive Fusion for Fake News Detection

BRI, 2024, 51(11): 30-38. https://doi.org/10.11896/jsjkx.240700004

ETHRNESEEZ IS RESERBFEITTE
Collaborative Network and Metric Learning Based Label Noise Robust Federated LearningMethod

HEHNRIE, 2024, 51(10): 391-398. https://doi.org/10.11896/jsjkx.230900050

ETZREFTESHENENRZITHRBIR DT
Recognition and Analysis of Teaching Behavior Based on Multi-scale GCN

HENRIE, 2024, 51(10): 135-143. https://doi.org/10.11896/jsjkx.240400089

EF RS IRESILUF T o BN EE
LU Parallel Decomposition Optimization Algorithm Based on Kunpeng Processor

HENRIS, 2024, 51(9): 51-58. https://doi.org/10.11896/jsjkx.230900079


https://www.jsjkx.com/CN/10.11896/jsjkx.231200186
https://www.jsjkx.com/EN/10.11896/jsjkx.231200186
https://www.jsjkx.com/CN/10.11896/jsjkx.240700062
https://doi.org/10.11896/jsjkx.240700062
https://www.jsjkx.com/CN/10.11896/jsjkx.240700004
https://doi.org/10.11896/jsjkx.240700004
https://www.jsjkx.com/CN/10.11896/jsjkx.230900050
https://doi.org/10.11896/jsjkx.230900050
https://www.jsjkx.com/CN/10.11896/jsjkx.240400089
https://doi.org/10.11896/jsjkx.240400089
https://www.jsjkx.com/CN/10.11896/jsjkx.230900079
https://doi.org/10.11896/jsjkx.230900079

http: /www. jsjkx. com

+ #u A
O tﬁlm suj‘u:? DOI: 10. 11896/jsikx. 231200186

ETERSXESHIERS MEREF RN E

ZO 2 O OB OB F—AK? FERTS
lE R AkFEFMFR ALHRFRK @ % 210003
2 W EHb R R FIT AN FER W 210003
3HRAFIWHEMNFER R IX 430072

(pgeykny@163. com)

i B SRR BAMOBEETAMNGERIEZAET AP R, AAGEFTALN T E X S RBAS ZHEIFEGI A
B AR £ A f) B, K f e T A #4455 A B 69 45 48 5F A R0k B A OR R L & 09 45 28 A BEAT R HT R A ) L 4 R 2 —
TR, XPRET A AGBHIAEMNER, PHEEER L L IS W% (Cross-modal Interaction and Feature
Fusion Network, CMIFFN), A 7 AR A LS MG HFAE, TR T H X T T AR TRE S F T ORI I B3k, @i F ot
TRAENFBEEA G B E T, R R F RFIEA I L, I’l;‘%%‘%&#ﬂm ER, WINATHEESHANG SEELE
&Jﬁa‘%ﬁ%ﬁfr?zﬁrﬁiﬁlﬁ%#@ii%‘w\, g SR BENERS FAFHABLEMZELOHEEERIHIE, FIRFT K3
ANEATF—H Mg EE N, B35 z#;’é,’:ﬁ\*ii/ri#xﬁ,%ﬁﬁ%ﬁé\ﬁﬁé%i%m%%}#ﬁ&iiﬂ%ﬁio JE AR R
% Weibo #= Twitter £ # % 3 % 91 ,CMIFFN 9 24t T I A 49 % 8 5B 4 M 4A D 7 %,

KR BATEAAN B F T SRS EIL L HARMASL

FESHES TP391
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Abstract In recent years,the surge in fake news has adversely affected people’s decision-making process. Many existing fake
news detection methods emphasize the exploration and utilization of multimodal information, such as text and image. However,
how to generate discriminative features for the detection task and effectively aggregate features of different modalities for fake
news detection remains an open question. In this paper,we propose a novel fake news detection model,i. e. , cross-modal interac-
tion and feature fusion network (CMIFFN). To generate discriminant features, a supervised contrastive learning-based feature
learning module is designed. By performing intra-modality and inter-modality supervised contrastive learning simultaneously. it
ensures that the similarity of heterogeneous features is smaller and the similarity of similar features is greater. In addition,in or-
der to mine more useful multi-modal information, this paper designs a multi-stage cross-modal interaction module to learn cross-
modal interaction features with graph structure information. The method introduces consistency evaluation-based attention me-
chanism to effectively aggregate modality-specific features and cross-modal interaction features by learning multi-modal consisten-
cy weight. Experiments on two benchmark datasets Weibo and Twitter show that CMIFFN is significantly superior to the state-
of-the-art multimodal fake news detection methods.
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0.6,0.8,11,1f a,B Al y Ay F WK 0. 001,0.1,1,10,
100,1000]. fr A 1% 5% #F & 3 F PyTorch 5 8 /9, 3 7
NVIDIA RTX 1080Ti Fiaf7.
4.2 SEEFEMNERE

F 1%1H T CMIFFN B &L A 8 F kb 45 J7 v 78 75 A~ 208
B2 LRI 8, AR 5 SR AR bR . R 1 P,k Ace AN
F1 &4, CMIFEN J7 & 16 24 B8 46 T iy R IR AL T HoAth J7
o BRSOk UL, CMIFFN 78 7 A~ 1 55 7 5088 48 1 49 31 52 31
T 90. 4 Y% 93. 7 %6 1 Fe 5 VE R

%1 CMIFFN 5H A Jy ¥ 1F Twitter Al Weibo i 8 1 i PERE L2
Table 1  Performance comparison between CMIFFN and other methods on Twitter and Weibo datasets
Wi i Aee Fake News Real News
P R F1 P R F1
EANN 0.648 0.810 0.498 0.617 0.584 0.759 0. 660
MVAE 0.745 0.801 0.719 0.758 0. 689 0.777 0.730
MKEMN 0.715 0.814 0.756 0.708 0.634 0.774 0. 660
SAFE 0.762 0.831 0.724 0.774 0.695 0.811 0.748
Twitter MCNN 0.784 0.778 0.781 0.779 0.790 0.787 0.788
MCAN 0. 809 0. 889 0.765 0.822 0.732 0.871 0.795
CAFE 0. 806 0. 807 0.799 0.803 0. 805 0.813 0. 809
LIIMR 0.831 0.836 0.832 0. 830 - - -
CMIFFN 0.904 0.852 0.972 0.908 0.969 0.838 0.899
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S
. Fake News Real News
A% Wk Acc
P R F1 P R F1
EANN 0.827 0.847 0.812 0.829 0. 807 0.843 0.825
MVAE 0.824 0. 854 0.769 0.809 0.802 0.875 0. 837
MKEMN 0.814 0.823 0.799 0.812 0.723 0.819 0.798
SAFE 0.816 0.818 0.815 0.817 0.816 0.818 0.817
Weibo MCNN 0.823 0.858 0.801 0.828 0.787 0.848 0.816
MCAN 0.899 0.913 0. 889 0.901 0.884 0.909 0.897
CAFE 0. 840 0. 855 0. 830 0.842 0.825 0.851 0.837
LIIMR 0. 900 0.882 0.823 0.847 — — —
CMIFFN 0.937 0.931 0.937 0.934 0.942 0.937 0.939

CMIFFN ikt ge stk A A LR s, DIRE N
AW o B 2 > RS [ W B o b ST B I L 1R TR
AR R A S AE Sy . A 3 I B S U 32 R 3 i
AR EE M E IR L TR T BSOS G IR L S LS AR R AR AL
WA AN ZEEGER . DR KL B kP70 R WA A 5
TEZ 8] A5 8 22 00, Bh 38 % 2 Z A3 — BUMERLE L 7T DR BT
P A 00 R st R T A e AR A 5 R E RS A
EAE (1 BTk
4.3 HBhIIG

AL T CMIFFN By 40715 . 3 BF Wa B Xt b2 ) B
Hefty CMIFFN B4 Bk CMIFFN-con, ¥ % & 3 T — 8t 1T
i B B B S B A B H (19 CMIFEN B A R /E CMIFFN-agg, ¥
A AH AL M %) 6 B B i CMIFFN fi A #k /E CMIFFN-sim,
F2 2 FH T X 8 CMIFFN 28 {4 78 70 4> 21592t FURCHE 46 iy
S

B 2 WA, &N IREW A B L RIAW RS T
SEHE N CMIFFN JRAS , X — 3R R B, B X s 3 Mk T
— SCHE VE AR Y 7 2 7 L R AT DA T AT 5 AR 25 Y
PR oA Wi o L 2 >0 B il P 2 L0 A6 AT 55 R A R AE S )
sk S ARG /N B AR ABLEE , L [ 28R AE S A B R A
RLRE 5 T 2% 51 B — B0ME AR AR B A v A A A 2 B SR AR AE 1Y
YN LA S R E R AR N 2 LS KRR A R AL kSt
CMIFFN-sim {45 245 T CMIFFN, X 3 bk % 35 T 5 7S
AL Bl A ) GON oA B F 82 T+ 5 ik ot g, I8 SR
GCN W] L F V7 1) 48 30 25 4 . 38 A5 55015 B 4% 48 . 4 BY
F RS R4S

# 2 CMIFFN K [R S (4 4 1 Bl F 52
Table 2 Ablation study of different variants of CMIFFN
HAE & Rk Acc p R Fl1
CMIFFN 0.904 0.852 0.972 0.908
. CMIFFN-con 0.863 0. 858 0. 887 0.873
Twitter
CMIFFN-agg 0. 881 0. 850 0.918 0. 883
CMIFFN-gra 0.883 0. 855 0.907 0. 880
CMIFFEN 0.937 0.931 0.937 0.934
. CMIFFN-con 0.914 0.916 0.882 0.899
Weibo
CMIFFN-agg 0.919 0.921 0.912 0.916
CMIFFN-gra 0.907 0.906 0.902 0. 904

4.4 t-SNE ATk & 47

J T BE— 24y B CMIFEN X $2 T 5 05 25 38 & 5 1IE 2 51
AE I B A SCEH T -SNE 347 Al 8 AL 20 . LB R
CMIFFN 7E Weibo 4 42 Ay RFAE I3 6E Jy . @ B 2 wf
VLA B, OO 0 RR A R 3 T B B T A B R BB AT

FERETY B 43 2 5 B P R LT BT B XAy T ok, X2 R
CMIFFN H 3t T W5 B X b 2 20 09 RRAE 2 > BE e AT DLk RRAE
B S 31 P DA 2 T RIASE 28 PN R A B8 16 5 48 o, T 2 T — 3
PEVTAR A B 1 0 T T 5 2 R R R AIE R 2 AT A R AT 1 3R
G S R A IR Y 2 50 M R,

« fake
true

20 40 60 80

{2 76 Weibo B4 [ XF 2B R A FHE R R 19 7T LAk
Fig. 2 Visualization of multimodal aggregation feature

representations on Weibo

BRIE AR T — BB B0 BORT 7 3k
CMIFFN, % 77 8 A 45 56 T W B X LE 2 ) B Rp IR 2 ) B 2
B B RS LA SE B B AN RS A SR B B . X Lo ST BB
A RO A B BRI SCAR S 10 M AR AE . 2 BUBS LS L
HE B BE 05 T BR A 25 22 S IF e 3 R R A 28 =2 ) ) A% 5 Ok
FE A0 T R R USSR R R

I 8 25 2R 5 M M T 3 2 > T T A 20 B3 0 A 22 S B 2 A
& — BB 7 I AR S 52 LR IR AR 5 R R R AE 2 L AT
THBWEREG . LA REY, CMIFFN 94 G0 T 24 /7 %
Se it B BCHT IR RS I J7 3 . IR R AR B IE T B $R 07 vk R
HAFRY A R

TE 2 2K A v, A1 g T 5@ A B P A I 37 55 AR SR
BT THT [ A0 AR 0 114 M A A Y
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