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Abstract In the era of big data.the release of data value often requires the fusion of multi-source data.and data conflict has be-
come an inevitable key problem in this process. In order to filter out true claims and reliable sources from conflicting data, re-
searchers have proposed truth discovery methods. However, the existing truth discovery methods pay more attention to the direct
collaborative information between sources and claims, and ignore the deeper indirect collaborative and confrontational informa-
tion, which is insufficient to express the characteristics of sources and claims. To solve this problem, this paper proposes a truth
discovery method based on variational multi-hop graph attention encoder(TD-VMGAE). It constructs a bipartite graph network
based on the inclusion relationship between sources and claims,uses a multi-hop graph attention layer to gather indirect coopera-
tive information and antagonistic information for of each node,and a truth discovery variational auto-encoder is designed to ex-
tract the categorical distribution required in node characterization,and collaborative classification of data sources and claims is
carried out, Experiments show that the proposed method has good performance in three datasets with different scales,and the ef-
fectiveness and generalization ability of the method are verified by ablation experiments and visualization.
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PERAE G AW RAE , NN () RAREIAN b ZEOh v P&
R 2%, BARFEE N 1R,
ik 1 HALIAS ARG
A (h,p.a.C)
i (0. .p.a)
PR ALAE 53 S80S T 4 9 25 S 8L
1. for iteration i=1,2,+-+,do
2. WA HN A EELR =9"a
T A W 84 AT A R
RS DA H B A B
for each source s, in 8 do
IEA AR F] 5w #HYRAE by,
IR p=NNCh, sv,)
R % 2 NN(h,, sus)
9. 1;-Eﬂflxk<14>/}\#§kf)§ﬂ?73,=r O

i o= sigmoid(f)

0 N o> Ul e w

10. for cach claim in the Cy = {1+ scq Jdo
1L A AOHE plen [8n.po@)

12. end for

13.  for each claim in the Q" ={¢, »++»c, } do
14. AR QDB

15. end for

16. end for

17. AKX A MK 16> ELBO
18. R InfE4E ELBO 7= A B B

19. WHEBSH p.a

20.  EHEGSE (.00

21.  end for
5 3XI§

5.1 EIigit

H T B UEA ST AR R A A, RATIEIT 3 A RARE
PER A FF B e AT 56, 5 6 A 1Y state-of-the-art
T B TR,

LIBAE S 3 A ANE R WAL, Bk A T Zheng
%fE VLDB bR R W EME KBRSV TAED & H A5
github DAFFIIHAREAED . Hh, Duck i&?ﬁ%%#fﬁ&%ﬁ
PR BB R ER A A AT A& Y. B R 5

(FSD J& — > A iR AT 55 5 B0 53R 0 R 2 B A 186 109 1
& AT HIWT . Product B4 56 vh 4 A~ B b #5602 T B 4 34
B R T WS g AL IR I T 3V A A R A A 1) TR —
FAk

X EHE AR M X LB L AN R 1 BT A, AL A R,
Duck F1 FSI 3443 914G 4212 F1 5242 476 B, B 35 K 80
24 {8 Product B4 4R 1 BUAS R 10 9 & 1 BIORY 5 A BSCHE A6 8%
K E ,Duck v A A FO 0 PR A il T 39 AN S WYL T FSI A
Product W %8 g #i i » FST H 4 A H4l I AR A0 T 8,9 A8
B, Product A ECHR WML T 3 AT,

F1OEHR 3B

Table 1 Three used datasets
Dataset Duck FSI Product
ERia s 108 584 8315

HAE R B E 39 27 176
7 U AR 1212 5242 24945
# W/ B AR 39.0 8.9 3.0

XFH B 6 B3k k. PM, ZC, CATD, GLAD, GTIC,
TIGE, PM 3&F R AbAi i), 12 50wk #9528 B A 2 8 o J /D
ABHE VR AR 5 b (AR =2 T A 5 0SB 8 4 7
FLEAE A DR F RS HA . CATD™ &5 —Fp e+ 1k
ARAS A f) LR T 3 0k, B A0 25 BT RO R R A B A
B VR B R R R £, 5 Y b kN IZ K. Zen-
Crowd"™"? i) FF AE 5 $H 2 AN A f B2 AR A #T OMUAE S A 1 &
G5, 51 AT AT AP RN LS B A ALK R B, O B T EMSE R OR
fit ., GLAD & 3 2 85 ZenCrowd B 3 P B . 5 Zen-
Crowd AR RS2 . B WA B AN H AR B9 JTAE 09 4 B2 5B 2 A
AR I B4 o 76 e 0BT 20 (8 A 2o A v 48 40 % 0B T W5 BB I R B
GTIC fif FF 5 3000 1% S ik 10 97, 30 2o 3R 20 S J2:
G5 1A SR 7 T O AR R, AR R AR ST SR R S vk O i 5
MRS L3 A AR R B AN W . TIGE™ LI B AR F1 %8 38 W6 o 35
S B R AR R R A S b T RIS A 4 O Ak R Rl
TR G5 BT T ELAE N, 72 2 A B0 4R LA R Ar R

ARSI Y S O e B L R L . ARSI R AE
— & 16GB WAFRY — R HL L JE A7 /9, i+ b K80, L {UAD
FEAH A python i F 52 M, LI B~ Ubuntu R T Y
python 3.8.7, 13T Pytorch 1. 12 % T TD-VMGAE,
5.2 HEHE

LGP RIS T 24 BERREZNE, G20
IR ELU 2, K i i A R AR S FLE R AR 4 B
IS AS A . 22 RILE N 0,001,

AR, SRR 2 Bral . WS L 6 BT ik A
SR LRI KA, BRENERR T =T &AhR#%,
H7Z A B 5 22 M LA TE R W) OB 94T 45 b R 45 AR e R .
s PR 2 R 22 P 3 A o B R R A L R A
AT 55 FRAE AR T 1 o P Tk L R R 4 g B ME DL R PR
EHB T ERE . GLAD Ml TIGE BRTE 3 MR E & A &K
Fe 8 MR S HARE B S A5 B 00 Bl UK 05 4 1l 30T 2 s R

D https://github. com/ TsinghuaDatabaseGroup/CrowdT1/tree/master/truth_inference crowd/datasets
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BA S . ASOMETEP A RO 4 LIS T b B9 ROR JF
TE 55— AR L Rt P B w RAR R T B Tk A T

BORART, WTLAE A SOk B A —E Wz AL e Jr, 7T DLTE
— B AR b T AN [ B MRS LR B s i Y 3 5

#* 2 A ITIETE 3 KR Bk R

Table 2 Accuracy of all methods on three datasets

Dataset PM CATD GLAD GTIC zC TIGE  TD-VMGAE
Duck 0.7870 0.7778 0.7593 0.8055 0.7222 0.7870 0.8333
FSI 0.5976 0.6164 0.6284 0.6524 0.6284 0.6061 0.6644

Product 0.8981 0.8266 0.9224 0.6469 0.9280 0.8784 0.9123

Average 0.7609 0.7403 0.7700 0.7016 0.7595 0.7572 0.8033

5.3 HAX®

T ARFEWIZERZ D RS B VR 3o AT T Al s
B, DAIEIE B W4 S BR 2k L 43 il A% Bt 45 B (BPR Loss)
DL K 2 Bk K A 72 0 N 4% (Multi-Hop Attention) . 55 5 4% 3 4n

#3751,

%3 WEER

Table 3 Ablation experiment
Dataset Duck FSI Product
Attention 0.7407 0.6472 0.8536
+BPR 0.8333 0.6455 0.8888
- Multi-Hop 0.7593 0.6541 0.9020
TD-VMGAE 0.8333 0.6644 0.9123

INELE AR AT LU, X P AE BT 2 AN Eods AR A 4
Thk SR E AR RO AR B A9 FST P A BRIP4 F . B2 B ]
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AR BE TR 4R R £ 7 Y Duck w42 48 21015 B
N ZORIERA . SPTREITE .
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i 48 L 3 & (3 B0OHE VR =2 1) A B 7 R 22 ) A 7 o e, S A
BT DR A A R AR, (AR A S AR B R
RZ MR Bt R LR E ARG B R E R B
F8 RAE L AVE IR . B SO T H AR 4R
A R X BT DL K SR I AE BT bR s b ) An FST £ 4
A o R E P IR A 2 = 1Y SR AE 9 3 B I 4 ok kg e
ORI R AN R . E B 2 B 5 38 K, 4] 40 Product %
P48 . R BE VR X E bR 5 42 1 7 I i — 20l > H R T
BRI B 2 B BRI E Rk, SR L
B PIRE BT UIE R F 5t TR EEM, A A58, —
ETREE R TR 12 1k RE
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I 2 ] Ay DX

A Z B EZE 2 )G, WA RIMERA TR Z RS
BUKKER . B 6 JBR T B H0 5 5 508 0 Y m)
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Fig.5 Visualization of pre-training representations

-150 -100 -50 0 50 100 150

Bl 6 B i 5 A BT AL CHL T RO R D

Fig. 6 Sources-Claims visualization
o Truth
20 m‘ © False data
AL ® Source
15 © 2B
«s
10 ,
@
Tt aie
5 H
e s i 2,
o e Ra A
0] #o o’ © ° ogo®0 & o
ﬂ ° g ®o 0’ J%0300 :
I ° ° ° L Xl o
5 % oa f”?%:ﬂ‘t e w
& :
10 (53 th 4
o
-10 -5 0 5 10

7 ILRG)Z RS SRR R AT AL
Fig. 7 Visualization of deep collaborative information

representations convergence
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Fig. 8 Visualization of classification effects
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