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Study on Improved Fake Information Detection Method Based on Cross-modal Correlation
Ambiguity Learning
DUAN Yuxiao, HU Yanli,GUO Hao, TAN Zhen and XIAO Weidong

Science and Technology on Information Systems Engineering Laboratory, National University of Defense Technology.Changsha 410073, China

Abstract In recent years,with the rapid development of the Internet and multimedia technology,it is more convenient for people
to obtain information, but the spread of fake information on the Internet is also increasingly serious,and the negative impact is
constantly expanding. In order to enhance the credibility and deception, fake information presents a multi-modal development
trend, which makes the detection work face greater challenges. The existing multi-modal fake information detection methods pay
more attention to the formation of multi-modal features. The research on the contribution rate of cross-modal ambiguity and dif-
ferent modal features in detection is not perfect,ignoring the impact of inherent differences among different modal features on
fake information detection. To solve the problem,this paper proposes to construct an improved fake information detection model
based on cross-modal correlation ambiguity learning. Through cross-modal ambiguity learning of text and image features, the
weights of unimodal features and fused features are updated by the ambiguity score. The unimodal features and fused features are
combined adaptively,and the weights of text and image features are dynamically assigned by grid search to improve the detection
accuracy. The effectiveness of the model is verified by experiments on the Twitter dataset. The accuracy is improved by 6% com-
pared with the baseline model and 1. 6% compared with the detection without dynamic weight assignment.

Keywords Fake news detection, Multimodal, Cross-modal correlation, Ambiguity learning, Fusion features
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Table 2 Results of weight updating experiment

XK K % Accuracy F1
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2.0 1.0 0.697 0.712
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Table 3 Performance comparison of models

A Accuracy Precision Recall F1
Att_RNN 0.779 0.778 0.799 0.788
MVAE 0.745 0. 801 0.719 0.758
MCAN 0.809 0.732 0.871 0.795
CAFE 0. 806 0.807 0.799 0. 803
HAMA 0.720 0.512 0.893 0.651
IC2LFD 0.813 0.739 0.917 0.819
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VOO (P R RS . e S FL I AE 6% 58 1000 S W
A LA E TCP LD M, SO ol Q987 4 G g 99
B 3R L84 0 L 0 00— B A AT A B 8 46
PR 55 B30 P I AR A T SO ) BERT ME i)
For 245 5 7 R R FL 8 0 T R R, 7T L
VN T SO P19 1 368 P M — 800 2 L8 R R
0B B R T SCA B SRS A I L R A A 2B R B A
AE % P2 105 K M £ B AG TR
H4 BB KRG

Table 4 Unimodal detection results

A Accuracy Precision Recall F1
BERT 0.758 0.752 0.769 0.760
ResNet-34 0. 684 0. 400 0.953 0.564
EuHA 0.720 0.512 0.893 0.651
IC2LFD 0.813 0.739 0.917 0.819

4.5.2 AP
— WY 1C* LFD B 7 25 AN 241 4 0 A 30t AT T

3 zﬁ?ﬁﬁﬁai%,ﬁﬁﬂﬁzﬁ%ﬁﬁ% SN SRR 2 B s AR A B
2B L PR B LS R AR

(DIC*LFD w/o Alignment: 25 [ 5 4585 25 XF 57 455 £, fifi A
BB R A 2 S EAT R AR LS

(2)IC*LFD w/o Ambiguity: 2% B 5858 45 B S 2 > i die,
B 74 A TR (1) o 2R AR ARY

(3)IC*LFD w/o Fusion: 25 ¥ B B gl A AL B, i 35 1)
SCA N 7 AR BT N, G2 B RS X SR AL B S H R DR
AGas i, gRmE 5 o,

5 ICPLFD AR 3 i 5

Table 5 IC?LFD model ablation experiment

A Accuracy Precision Recall F1
IC2LFD 0.813 0.739 0.917 0.819
w/o Alignment 0.689 0.574 0.814 0.673
w/0 Ambiguity 0.720 0.512 0.893 0.651
w/o Fusion 0.792 0.642 0.929 0.759
FH NS L 52 36 445 SR TT D 2 I A X S R 25 i 2% ) A

HROT A 0 45 5 005 W SR R R 43 5 R BE T 0. 124,0. 093,
F1{H % TR T 0.146.0. 168,

FH I AT 2600, S ]SS 25 AT A b 5 &b T AR A6 AR 25 R i
AL R AF 0 BE 05 50 25 8 i A DU ek A . T 2 B A A Rl ST B
{ofi 546 0 9 B 2R R [ 0. 021, F1 B R [ 0. 06, 45 1 2 T R 4%
£,3K 0,097, [\ FEH ETF 0. 012, % F& Bk I #Y BE HLIE 5
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