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Multi-modal multi-level event network for rumor detection

Li Sha', Zhang Huaiwen®, Qian Shengsheng’, Fang Quan®, Xu Changsheng’ "
1. Zhengzhou University, Zhengzhou 450000, China; 2. National Laboratory of Pattern Recognition
Institute of Automation, Chinese Academy of Sciences, Beijing 100190, China

Abstract: Objective The proliferation of social media has revolutionized the way people acquire information. A growing
number of people choose to share information, and express and exchange opinions through social media. Unfortunately,
because a large number of users do not carefully verify the released content when posting information and sharing their opin-
ions, various rumors have been fostered on social media platforms. The extensive spread of these rumors is expected to
bring new threats to the political, economic, and cultural fields and affect people’s lives. To strengthen the detection of
rumors and prevent their spread, many approaches to rumor detection have been proposed. An early rumor detection plat-
form (e. g , snopes. com) mainly reported through users, and then invited experts or institutions in related fields to con-
firm. Although these methods can achieve the purpose of rumor detection, the timeliness of detection has obvious limita-
tions. Thus, how to detect rumors automatically has become a key research direction in recent years. To date, many auto-
matic detection approaches have been proposed to improve the efficiency of rumor detection, including feature construction-

based and neural network-based methods. The feature construction-based methods rely on hand-craft features to train rumor
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classifiers and neural network-based methods using neural networks to automatically extract deep features. Compared with
traditional methods, models based on deep neural networks can automatically learn the underlying deep representation of
rumors and extract more effective semantic features. However, these methods may suffer from the following limitations. 1)
At post level, many existing methods only consider the text content. In fact, posts often contain various types of information
(e. g , text and images) , and the visual information are often used as an auxiliary information to judge the credibility of
posts in reality. Therefore, the key to detecting rumors is obtaining the multi-modal information of the posts and systemati-
cally integrating the textual and visual information. 2) At the event level, existing approaches typically only use the tempo-
ral sequence model to capture temporal features of events. Local and global information has not been well investigated yet.
In practice, local and global features are important because the former helps distinguish between posts of subtle differences,
and the latter helps capture features that repeatedly present in the event. Therefore, based on encoding the temporal infor-
mation of the event, local and global information should be exploited to obtain a fine-grained feature of the event for event
encoding collaboratively. Method To overcome these limitations, this paper presents a novel multi-modal multi-level event
network ( MMEN) for rumor detection, which can effectively use multi-modal post information and combine multi-level
encoding strategies to construct a representation of each news event. MMEN employs an encoding network that jointly
exploits multiple encoding strategies such as mean pooling, recurrent neural networks, and convolutional networks to model
the global, temporal, and local information of each event. Then, these various types of information are combined into a uni-
fied deep model. Specifically, our model consists of the following three components; 1) The multi-modal post embedding
layer employs bidirectional encode representations form transformers ( BERT) to generate the text content embedding vector
and use Visual Geometry Group-19 (VGG-19) to obtain the visual content. 2) The multi-level event encoding network uti-
lizes three-level encodings to capture global, temporal, and local information. The first level is a global encoder through the
mean pooling, which represents the elements that are repeatedly present in the posts. The second is a temporal encoder that
exploits a bidirectional recurrent neural network to use past and future information of a given post sequence. The third level
is a local encoder by utilizing more subtle local representation of events. Then, the encoding results are combined to
describe the events in a coarse-to-fine fashion. 3) The rumor detector layer aims to classify each event as either fake or
authentic. The detector exploits a fully connected layer with corresponding activation function to generate predicted proba-
bility to determine whether the event is a rumor or not. Result In this study, the public datasets Pheme and Twitter are
used to evaluate the effectiveness of the MMEN. The quantitative evaluation metrics included accuracy, precision, recall,
and F1 score. We also perform five-fold cross-validation throughout all experiments. The experiments demonstrate that our
proposed MMEN has improved accuracy by more than 4% over current best practices. MMEN has an accuracy of 82.2%
on the Pheme dataset and 87. 0% on the Twitter dataset. We compare our model MMEN with five state-of-the-art baseline
models. Compared with all the baselines, the MMEN achieves the best performance and outperforms other rumor detection
methods in most cases. To examine the usefulness of each component in the MMEN and demonstrate its effectiveness, we
compare variants of MMEN. The experiment results show that the multi-modal features learned by the multimodal post
embedding layer can improve the accuracy of rumor detection by nearly 0. 2% on the two datasets. The experimental results
also show that the temporal encoder has a stronger effect on detection accuracy. Conclusion In this study, we design a novel
MMEN for rumor detection. Experiments and comparisons demonstrate that our model is more robust and effective than state-
of-the-art baselines based on two public datasets for rumor detection. We attribute the superiority of MMEN to its two proper-
ties. The MMEN takes advantage of the multiple modalities of posts, and the proposed multi-level encoder jointly exploits
multiple encoding strategies to generate powerful and complementary features progressively.

Key words: multi-modal; rumor detection; social media; multi-level encoding strategy; event network
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FHRAJZ K i D B — A 2 RS A
FRAEE' = {p, .p.,,-.p. |, p. S5 i DR
AR 2B I B, SRS Bk e A ] A A
Ta] 7] 45 3% U9 B8 5T ( bi-directional gated recurrent
unit, Bi-GRU) , A4S FRYI [H(5 B, Hii15 GRU
( gate recurrent unit) H F 4 i 1E [n] J7 SRR 1E | J5 7]

(7)



$o6FE/F7H /2021 F7 B

55, IR, &M, e, fEN / SESSEXEHREBINESEN

ke 1
5]

" | nini i
. o

(¢) JRFRHE BRI AD 25
K4 ZZRFFHILZEH

Fig.4 The structure of multi-level event encoding layer ( (a) global encoder; (b)temporal encoder; (c) local enhanced encoder)
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ht = GRU(I,xI’hz—I) (8)
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h, = GRU(p, .h,_,) (9)

e, b, e R, e RY, b4t o
Kb B8 BEOREIR S B, 5 0 B IR TS B, AT ERIBG , 3K
155~ Bi-GRU HLoT iy Bk b, | B
h, = [h,,h,] (10)
A,k e R, d, =2d, .
e, FE5 o A SR B A T BRORCIR S R
AR AR IR @ AR RIARAE , 3o
fun= p 20 (1)
2.4.3  JRERYE TR i g
HTPAH 53 B SR 2R 3845 1 4 iy 4 Jmy FTBsS (i) 4
iE (2208 T S0 ARLRE O HRRAE | 13X BEERAEA B T X 4
M B AT 2E 5 h 1 R4S B Al i ] R 2%
7, HE H — ol SR 48 5o 2 B 2 R i AR AR A R
FZ A8 Jm R Bl Bh AT R, i R g A
—NERETRE N EW 1 4B — AL
ReLU ( rectified linear unit) 375 k%%, X TH M4 E
HRE RN, 1 4 B AR B ARG T 09 kA AH
B Z M sg B, BACRUL, £ = 3 MG R
VP i TR 3 AN ARSI e se B A BEK &
1B A& R AT DRI A1 B 2 A AR &R G -, BP
I, = CONV1d,(E') = E' *T, (12)

K, = FRBREAE, I, RRKANNK kBB
B, CONVI () Fon 1 HEERRERAE . A SO 5
3R BRI (k= 3,4,5) k3K 3 MRUER
FASRMG 22 5. PR e AT AR IR Sk 1% A B Rt ik 2
RAAFFAT i@ 0 JRIRERAE . BARN
Floe = @un (o ([L,0,,1])) (13)
HH,o( - ) RFE ReLU, ¢, 3 max pooling,
TR B G 5 AW, AT LU AR SR AR ), IR
[AVRRAE £, LASRITRARAE £, 55 3 A2 0O S k47
FAH ZN A0 B 2R B 3X 3 N2 IR A gm i 45 SR e 1
K, ISR HAE 2 2 B REAE B
0" = [fuosfiomsfluc ] (14)
2.5 ESHRNE
i A A B AR R R R A R
T o TEAFEIFMN 2 R YRR G, T BA A B
T PREL A I 4 2R T S i AR . BAR
r=a(W -0 +b) (15)
K1, o N softmax WG pREL, r' FR5 i SRR TN
BER, W R ER A, T P RS
FHFRILEARE I HAFHSSSURH A RS R, )
L(®) =
- [2T = ¥log(r') + (1 = y)log(1 =) ]
(16)
K, n R EE
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2.6 ik

Ry YRR A i 3 i P O 285 SR I 1 (]
BRSCARFHE Gt i 2 B i, R)E 2 HE
kA Z E R g g R AR (7) (11) (13) 43
AR FAFAY 4R I E] DL RERRAE , B, e
K (15) 15 2 M 2 2 R G Rk I 28 50 0% 35 Fa DU
EAREA TSR, a5 (16) 11 H FR o
B I AR AR BT HR 248 S0,

3 % I

3.1 HiEESE

i Twitter ( Ma 45,2016 ) A1 Pheme ( Zubiaga
85,2016 ) Ik o HR 40 A O 36 TE A SORE A 1 A AL
P, I B S PR, RE T 5 —F
PERRSCRIMG 7 B RIC o 1GE ) A0 (AEIE
) o Twitter ZUHE A JE7F snopes. com [,
MFEIREL S — RIS, Pheme KUHE4E R AL T
5 ZRGE I B Y, g AR AR AL —
SCIEE, e BE R T 10 SR F A S, LISE
i a BE SR S B ECE . AR
BA 10% S TR R | AR B AE T A 52 50
FREAT 5 P38 URALE
3.2 LEBAE

PEHL SVM-TS (support vector machine-time struc-
ture) ( Ma %5,2015) . CNN ( convolutional neural net-
work ) ( Chen %,2017) .GRU ( gated recurrent unit) (Ma
4 2016) . CallAtRumors ( Chen 45,2018 ) il MKEMN

(multimodal knowledge-aware event memory network )

(Zhang 55,2019 ) 45 5 ROt pORRIIES T LB,

SVM-TS F i+ L 3C{F 8 By B[] )7 51 4544
YNGR NE SVM 43258, CNN {45 B 22 19 245
T R S 2 A R [ K BE B P SR 2 T i
Fn, GRU ffi i A #2826 I P oEie v A 8h
2o i al—iE F AL, DLSE B 300 i S R,
CallAtRumors #4735 I #Li 5 LSTM (long short-term
memory ) ML S , B 2 2Tk R A G B B
IR, MKEMN $ 28 N 5 /MR AR S Gk
AT T AR, IR0 HIC A2 9 48 ok B AN R S 2
] B 22 Sk, O T S AR SOBEHRY AT LA, SE B I A B
TAMRHEA,
3.3 THEAEESHIEE

i R R (accuracy ) 1E W IEAL T8 4, R BT,
T 3G SO AN Y B U SRR T SE RS O, B T
150 E (precision ) | A [7] & (recall ) LA K F1 343
(F1-score) fE R HPFEPPALFEBR

SRV E I B i AGERE d 3 E N 1024,
LG SCAR R ALERE 768 FIALSE e A4ERE 256, B[]
S i B2 I 4k B R 384, BLALYINZR 1 000 A~
epoch , 2% 2% 4 0. 01 /ML BEE R 32,
3.4 KWERSW
3.4.1 ERSHT

SLEAERWME 1 MK 2 Pron, ATLLE W,
1)SVM-TS 7Efr A A A v R I A 22, R W F T i
MIRFIERSS , A2 LLIRGNE 5 2) RE2HOE TIRE
] AL (40 GRU 1 CNN) #4834 F R fE T2
M2 (A0 SVM-TS) |, FREATR B 2 > 7 L g T 4f
Hb 27 > =R B9 BUE R AE 53 ) CallAtRumors H GRU

*1 AEFETFE Pheme HHEE FRRNERITE

Table 1 Comparison of detection results on Pheme dataset among different methods

wE E|Sss
Ttk W R
it PR F1 134 Kt PR F1 1343
SVM-TS 0. 634 0. 667 0.611 0. 638 0. 633 0. 638 0. 635
CNN 0. 651 0. 655 0. 631 0. 643 0. 663 0. 644 0. 653
GRU 0.736 0.729 0. 739 0.734 0.745 0.714 0.729
CallAtRumors 0.773 0.776 0.771 0.773 0.751 0.776 0.763
MKEMN 0. 767 0. 766 0. 769 0.767 0.752 0.797 0.774
AL 0.822 0. 835 0. 896 0. 864 0.792 0. 691 0.738

AL PR R 5 B B A 2R
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Table 2 Comparison of detection results on Twitter dataset among different methods

i e
Jrik HIFTIES
0 L FEJ IS FI 1353 (RS FEJ IS F1 1353
SVM-TS 0.731 0.735 0. 730 0.733 0.744 0. 720 0.732
CNN 0.810 0. 807 0. 820 0.813 0. 806 0.813 0. 809
GRU 0.815 0.826 0.812 0.819 0.814 0. 826 0. 820
CallAtRumors 0.824 0.815 0. 862 0.838 0.823 0. 863 0.841
MKEMN 0.829 0. 850 0.822 0.835 0.813 0.834 0.823
AL 0. 870 0.831 0.914 0. 870 0.910 0. 840 0.872

TE PR FR B SR ALER

H1TCNN HATE AP RE , R CallAtRumors SR T
TR IIHLA, AT DL G b HR BURG F hRE R 0 JR R R
fiE ;4) MKEMN 7E Twitter £ 4E I b 2 A 1) 5 75 E
H WAL PERE , 7E Pheme 4845 L BSAIL T CallAtRu-
mors , 1] GE/&H A Pheme H BFEEERE T 5 &%
KA SRR B = B AR 5) 5 T A
AR L, A SCIIRIAE R Z 5000 O T S T fedr iy vk
A8, HAE T H A E S A ik, BB N A SR
RIFIH 75 FR 2R, DU ) 2 2k Sk

Yl I A (0 FH 22 b g it SR, B %14 A0 A i D g
K HOA AN TR RRE
3.4.2  JH Rl

R T RIS A SRR T Y RS 2R R 25 1Y
AR, NS G T A ZLE TS TR 4 & 3500 2w
w5 TSR Y 2 2 I A i 2N A £
BB AIMA A R gt &5 AN In A B 8] B 25 |
AN Ry P 388 58 it A g S5 A [] A2 A E P Bl 4 1
AT LR, LI A5 AN SR 3 Figk 4 R,

*3 REKFEEK7 Pheme HIBE FRIH NI LLE

Table 3 Comparison of performances on Pheme dataset among different variants of the models

wWa IS
HAY iRTIRS
it PENCIR:S F1 1343 it PENCIR:S F1 1343
AMAZHEE L 0. 820 0. 832 0.897 0. 863 0.792 0. 684 0. 734
AINA L R Gt 2% 0.818 0. 836 0. 889 0. 862 0.782 0. 696 0.736
ZNINIRN S TR 0. 809 0. 817 0. 902 0. 790 0. 790 0. 648 0.712
AINAJey R4S 2 G B o 0.812 0. 822 0. 898 0. 858 0. 789 0. 660 0.719
AL 0. 822 0. 835 0. 896 0. 864 0.792 0. 691 0.738
T I SR R IR £ 51 I A 25
*4 HENARERE Twitter HIEE LA NI LB
Table 4 Comparison of performances on Twitter dataset among different variants of the models
WE IS
H A iRTIES
K PENCIR:S F1 1343 K PENCIR:S F1 1343
AMAZEEBFE 0. 866 0. 829 0. 900 0. 865 0. 905 0. 831 0. 867
AINA L R Gt 2% 0. 863 0. 827 0. 898 0. 862 0. 900 0. 831 0. 865
AT 18] G it 8% 0. 849 0. 811 0. 888 0. 848 0. 890 0.813 0. 850
AN SRy R4 2 S B 0. 856 0.819 0. 894 0. 855 0. 895 0. 822 0. 857
A3 0.870 0. 831 0.914 0.870 0.910 0. 840 0.872

T L AR s %91 Bl 4
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AR RSN s, R AT G A SR e, T
DATEPIAS B 4 - S 9 e Ak g, Ul AR SCHR 1)
Z JZ R Gt WS T LAAE s SRR th R A

4 % it

BUAT B3 5 R T kA A R R, e — R 3
BEOCTEF AR RV RRAE , 2208 T 5 B[R] RRAE B AR Y
G Jr 5 JR ORI, e TR 2 T R B S AR
Ko WU, AR SCHR H — - 324 19 P T3 5 G0 D0 1Y
ZREZIZRFERGE, HA PGB 1) Ba s
TSR G IGEAE B 3 2) $ 1 — T 22 )2 YA 1 4
HE s, LASEhios 20 i 7 IR Nl AR 0 1 22 Ry (it
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WA S T A 2825 22 TR IR F I 45 U 1 e
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