> MESERRE

IHR"
WANG Mengyuan
(A BIRMOGEIR R, AR A5, Twitter ¥ 2 I E R R GA H, — 2.0 E N 69 AF) B 4L
RBARF G HEFEHES, AN BRAARZET A@#rh. Bk, 788 NETENT &
AR EEME. NAFTFRAARN, AiEFRMSAP, AT AR RiEST ALMEELHLANE, £7T
Wit T ST FAN— RIS T REE Gl PAELE. BRI ERKEF) EHRAE T IR
o BB, ALRMBEZRAMBRAERGI 0, SEHFFIRERE, $E5F] 5 BT L
FAEHTNG, FAEFMNOBEREL, AaRJEEFONE. EZEFFIRPEIALTRREE
AR BTT, BEATLAAZNESTEUESF A THAETRELGETEMNESMES, HET —
MR TAHRERE LN SE5ETANER DURRAZSTAMN AR, I, T T TH A SHE5

F ) HAMAE T AMARA, AR AT RAL 2 H 15 & P RILA MMA G HAE R IR S AR AL 69 B H 1

XKigia)

EEHW; AAEFEL SHES5F

doi: 10.3969/j.issn.1672-9528.2024.05.040

0 3|5

B )R S AR AL AS BT A F KT (8 1 AT
(0 HH AT, JCHR AR RIS AR T . AR, X — A
BRI TR oy — SE ARG R i N SR B 1 HiCA R AR A U2 3
A2, PABBIANT] 5 R H . ELIR 0 PR A R 11X 28 R
DRI B AN, g S N 2 ok E AT R
Mo 3, 2011 4 H AR 8% f sl kIR 200 51 K (K 15 A 36 2
R, AR T AR, EREL T T, *its
P T B AR, R, B EEN R S B SRR
A EERELR AN B A EPRE o

BUA BRI A2 508 BRI 5 AR 0T 7 — R U 2
HeGillas 2 Jrik, BIanscak (1] 480 i 5 S 2
I B PR VP 10 £ S5 T8 VR S AR 55, TR (2] A8 A4 ST
A NP S BAE P RFIESS

BEE O FCRIAWIRN, 2R 50 S A BT .
BIUnSCHR [3] R S R AR 35 AL I A AT 55 il 3 = 2
Hr e A & A 2 AR5 B RN R R I A B i il
AR TSR [4] W AESCRR [3] B AR 7RI

1 2k K F b K e TAR RATANE ERRE
HALE G 443002

2. Sk KFH A5 &% BT § 443002

[ 247 B |NSFC- #igs o ke E & A (U1703261)

R BE 5 AE AT 8 F A o (ER LS T VE AR AEAR 55 2 18] 5%
BRVER 95 R o A SO AR I ZRId A2 o S B 1A 55 1) BE IR
ANBEBAZE, JERAERIPUBOGE RS B R~
T, TTSEILE S B AR - J5 2E4E Pheme $idliE L1
SIS RABAE ] T A SO 1 2k

1 ETHSEREENZESESRNRE

L1 B TAR ST 5HE 200 2 AE 5500 5 A ) e X

AR AL 2T RAT B SO 5 F SCR WA RHEA
RIVE BHFE, HAh 5w S K AH UL KB I
R, WAANRE. RARMEM 4. RN, @S
REARINEE, s, HREEE.

2RSS RNITIEI GRS, ASOR R LT 30K
P BIVE 5 RN 55 R T4 2 55 BRVE S T 5508
HEEFIRAAGE R, BRTETHERELINZ
RS ERNrik. R, 8RR Z0E B PR g
T, TR R Y SR L, SR ARG R AR g
MHARERI N {C,, Gy, oo, i, G}y HoH CH{X, X, .., X)), (D,
Dy, ... D), (I, I, ..., 1)} > Xy AR HIUG ST HORFAE [ B3R
7o 10 X=X, S LR B e A I R ST IR RFAE 1) R
D, 72 FS B At TP A N RFAE 1) B3R, R
XERIER T HI AN Nt R A ) At B8 B BN B AR 2 3R
EERHIE, C FRRA SRR B — MR R, ASCERE H
A FI M — A C —RARIES .

2024 FZ5 5 1A ﬂ



MESEBRRE =

1.2 BETALS T SHE R I 2AR 58 5 B 451

FHECT 5 T 2 0 B 55 22 ST ROR U, AT
R T 4h 2 55 B 2 AR 5508 5 AR RS AT AR AE R AR
55, 2 BRI T A R IIAE 55 86 T4 8 A5 B AG
DNAE 55 BN SRR 2 ST BT 2 A5 8, ROy HO— A2 7
SAF BAISCA A B P A BT VR 53T 00, NIRRT P
ANFHEZE Ao FEIXPIANRRIE S A, 22 SO A AN S
V61 ) S B o ARSI ME 55 8 5 3 S 2 M 77 30
IR AR AT 5 B A, AT A2 A AR 7R 2K e i A 55
ZIAE BRI TR IRCR . B0, HeT3OR A B IR
DAL S5 7T BL2E 3] BI85 1AL & 1 5015 B PR HL R R A B
RAESS o, RZMR. SULFR, ERZaE g, LR
A 5 Z AR SO A B R IE R KR S B B A e
SCHIAR T 55 BAFIEMNE, R B2 k.

AT T 1 2 S B 2 AR S50 S AR AR Y
SUA N ZALS S RIMER AR EZAE T (1D MR
REPIMES R EA R F RIS, —MRE TN
G R IE SIS, — DT SORN RIS A
F5o T H B 21 5518 5 R 7 K 20 2 R A 3 A DA 35 A
T E RS A G AE i, LR T 2 AR50 5 A
(2) ARSTHERMESS B i F i B S 2 TR — MR £ 7
T A2 H SR RSO P92 P B 25 70 5 RO ARRAE
(3) AT REWs B RV S o 8 5 ke 00 B o ) B 4 )
T AT ES BN AR S, 92 I 75 4 DA S 3R T A K
FERIERT, ASCERRER 12 G0k 5 Jai] B

AL R S A S I 1 s, Hodh, SR A
R RAR DM F AR A 552 A AN P 2 3] 0 ]
AT 5 E RAR R E S, MR T XANEIIES
R IAE 55 W 3 SOA N B RPN HE SR AR VE S, PIME
5 8 3= S U5 AT (R B A AR

o, Sentence Encoder i i} Word Attention X 4 S 54
AN NH PR 258 Word2 Vee 4 5 1 37] ) 2 0 B A5 21 1) R AE
MR, BARSHWE 2 Pros. Jif, Wordl-Wordn y—
ANE) T r A TR R 3] [

L ~
Werd Attention |
Word Bi-LSTM 3 — — /H—I « — e
el ﬂ ﬁ M M
Embedding
Ward, Waord, Word, Word,

Sentence Decoder

A 2 Sentence Encoder

2 HXRSEWR T

2.1 kit e

FENZRRS, PIANIEAR VR 5 R 5 RN 24T IR, IF
FLE I AE SO AR s, R T R AT S % A
OERPNEE O Y: R lOE U R O F

Loss, = —(YS -log(YtS)+(1—YS)-log(I—YtS))

Lassc=—(YC-Zag(Y,C)+(1—YC)-lag(1—Y;C)) D

Loss=ay - Loss, +a, - Loss,
K Loss, NFET &1 505 2 M4 AL 55 450K o 4
a0 Y BN ST S BAE 55 NSO P AL 55 B2 2K R 2K
M RH, Loss AR T 3T 3CAR WA R IAT 55 148 K% R 4L
Loss RN SARKBURREL, ¥ A TH ST RE
SR IR S5 B RTINS 2R, Y, 2 EXT B SR M 45 2R,
Y A0 Y, 53 55 DB T SCAS P92 A I A 55 (1 T 445 SRR 3K sk

Social Context-Based Rumor Detection Task éldilj % o
(T -~~~ - - - - - ----- -7 -"-"-"-"-"-"-" -~ - - - -/ - - -~ 1
| C | 22 S R R
| S A1
’ H.. iomoid /. |
| Social Context social  Sigmoid ‘ Rumor . . N
| Features _l:(> . NoR | ﬁ ﬁ % j‘j Pheme ﬁ
| N \ | No-Rumor |
N 6 >
: Social Context Layer K—> ... < (@@ .>:,>< Setence A,,e,m-m,> : P Yl S T A AR
- = Az A _____ ) BERBEAT LL B ok
| Shared Model DOC ©OC DR W AR SO () A
\ 3
' - S - DO, SR A R
| OO —— @O0 .. (@ OOt e |
: m 1T G Hed o i Caccuracy) . H§ i
X5 X; - X sigmoid (@) Rumor | L.
: ( Sentence Encoder > ﬁ‘:D : No-Rumor : %‘ <Pr601510n) ~ 7Ejl
_ Heontens - ) [Al# (recal) DL

B1ATHASEFREENSE5E T AN LM

m 2024 FZ5 5 HA

F 43 0k 0 A5 B4k
REEATVRAY, HATH



> MESERRE

ARGHN (2) ~ (5) o Hir, TP NEHZE, TN NIHH%,
FP NIRBHZR, FN &A=,

Accuracy = _TPHIN (2)
TP+TN+FP+FN
Precision = P (3
TP+FP
Recall = TP 4)
TP+FN

o 2-Precision - Recall
Precision + Recall

(5

BP9 MNVEF MR AT L, bRl 5 AV N
SRR, TS 4 N2 H AT Pheme $idi 4 E R DU T IO 24
F VR E R R, Hp AN IR S8R B S R Sk
¥ E — 8. W,

DT-Rank: SR I v 52 B A1 JE F G5 01 R AIE 1) % = A4 0
BEAL,

DTC™: i 45 S5 0 0] 5 M AE Ay 6 0044 38 1) e 55 4%
Hi.

SVM-TS®: {FES A A2 XS i
TR A TR (0 35 16F [ 510 45 1K) SVML 492K 8%

CNNM": fd F CNN I 28 % 1) 7 3847 43 2K 19— Ff i 01
Jiike

LSTM-MTL": i@ @S2, K 5 R
S RISL I RAT 45 45 G S R T R AT 55 5 IR

GRU-MTL: 38 i B i 2R B A SLRRAE,  FR A8 T 8%
P Z U R RAR B AT 55 2 IRFE. (LSRR [3D) «

Bayesian-DL'"": 1 564 i DU 2 R 88 SR U = 1S
e, SRJE T LSTM X [ &4 T 4w A0 «

Trans-MTL!": i3t Transformer 15 %Y 1) 77 15284 57,35 4%
KHMESRMPHEMEFAEE—R, BER—ANZEFES
RO . I e 1 L R SR ST AT I L 2 AE
K TRV SR 1 BROL ) A0 R 7 HL ] ok i AT 55 2 1) fg
EHRFE

MM-MTL: K SCAS (o BRI (5 A S A,
GRU-MTL 1) 75 2 3237 43 FAT 55 FIE 5 A AT 55 45 4 ke
K, RIS WK 3235 53 2k A5 R e B A T 7E 1%
BRI, WSk [4].

SIS RINR 1 R, WTUEH, AR (CS-HA-
MTL) 7E F, -4 #E#fi%. MR R AR % Eys T H
AR AT SR SRS R RN 0, AR SC A
TUYE Pheme R4 b HAT B I 20k

% 1 Pheme #(#BEEF 4R

F\/% Pre/% Rec/% Acc/%
DT-Rank 61.70 54.90 70.40 56.20
DTC 58.40 57.90 58.80 58.20
SVM-TS 66.30 64.20 68.60 65.10
CNN 73.09 72.95 73.52 73.65
LSTM-MTL 77.15 68.77 87.87 74.94
GRU-MTL 78.73 76.30 81.31 79.14
Bayesian-DL 78.78 78.29 79.29 80.33
Trans-MTL 80.09 73.41 88.10 81.27
MM-MTL 82.02 78.84 85.45 82.21
CS-HA-MTL 86.78 87.03 86.53 83.08

F 1 HRR T ASCEERILE Pheme H54E 1 AOS25645 H
MEERATAE 2], AR TH 2 R E BN 2%
WS R AE IO AN fibr b 35 R H AT A RO Sk 1w
FRMBAR . HAR 1 T ISR LR A%, Pheme $(4f
G B IRFRW], 2K R T IR B ST R D 7 v AR
(ARG I A SR LA T B T AR oL 38 5 S A R % . BRI,
FEGHLAS 2 2] (WRFAE L2 BT SR BB R A AT R R 1 iR 2
REAE, T 6 T8 B2 2% = IR R U 5035 T LA B S B 2 B iR 2
RIIHRFAIE . 20K 22 R i TR B 2 ST MO R A 45 SRAR T
BT GNL a2 S SRR . K I 2 AT 451 = A A
T S50 45 FUF T BAT 555 ) R IS, DR R 24T 55 (R A
I RSLE I GRIFd AR b T DUBEAT A5 B2 B, AT AT DA A
AT 55 A5 SR B AR By BEAT R, A SE A R U AR . T
AR AT S IR S RIES, AT REER
FSCA AN A FE R & AT 2007, 780 R B 115 2.
[P I o FE AT (5 B A |, SRBlfE B =, Mif s
Edaciilieith S ivaR

MBS RKE, AT H ST RN ZAESIES
DB L IAT R IR (1) 2 AF 25 9% 5 Rl A A (MM-MTL)
TEAERZE L 0.87%, FFHAE F) 8. KM Ea % L
ST 4.76%. 8.19%. 1.08%. AL AT 55K A% A 11y
PIME S AR R S AR IVE SRR 5%, ORI v T Hofh 2
AT 25 R AT (W4T 2% 2 RN (R AR OGP, BRI AE AR AL I ZRad 2
RERE SCILE IR AN IS BAC . B3, ATWEELEEH T
JE G R WU R S DG A S R ), RIS
WdE 75 - HI0 1F) ] 5T A1 B DA 2 (SO SO B, O R 48 A R
AR IR JEE

i BRTIR, MEEER 1R R TG, A SRR
R0 R A AR L5 T

(1) B ZAF SR P55 32 08 5 BT 55,

2024 FZ5 5 1A E



MESEBRRE =

SRS B T SL e DR 8 35 A 0 2 1) A AR S

(2) FEFEMIIGHERES, ETHETREENES
REIAE 55 L TS0 AR 5 AR 55 1015 245 21 7 58
WAMAZH, B2 T Ea et EN, BtRes iR s
IR

(3D ARO[ A FH SCAS A 258 AN A 22 S A5 U2 P R
RFAE,  MAS IR Ff BTV 5 EAT 20 M, RES SE A v bl 2
W E WK SRS RER .

(4) J2 I & JIHLA i P A 45 B8 20 e 0 B e SR T
SR SE A S BT 2 AN E B AE R, TS S 6k
BRI RS AR R, B 2 e SR Y A S 4
(IPMTE2E

3 HiE

AT, T MM ETHEEREENZ
R4 1% S RIS (CS-HA-MTL) o AR st R 1 1
PR it 218 505 BAHEAE NN, JFE 3T SOR N R IR
BRMESFILESH, W T MRS ESFHER. N T
Sem B BRI T ROTERE, ASCRA T R RIE R b,
TR OGS SR B A /3 Kk . 7 Pheme 48 56 b0 L3258
SRR, ASCHBRE TR SR A B0, WG
T ARSI .

SE R

[1]LI Q, ZHANG Q, SI L. Rumor detection by exploiting user
credibility information, attention and multi-task learning[C]//
Proceedings of the 57th Annual Meeting of the Association
for Computational Linguistics.Stroudsburg, PA:Association
for Computational Linguistics,2019:1173-1179.

[2ILU Y, LI C. GCAN: graph-aware co-attention networks
for explainable fake news detection on social media[EB/
OL].(2020-04-24)[2024-01-27].https://arxiv.org/
abs/2004.11648v1.

[3]MA J, GAO W, WONG K. Detect rumor and stance jointly
by neural multi-task learning[C]//Companion Proceedings of
the Web Conference 2018 New York:ACM,2018:585-593.

[4]ZHANG H, QIAN S, FANG Q, et al. Multi-modal meta
multi-task learning for social media rumor detection[J].
IEEE transactions on multimedia, 2021,24:1449-1459.

[5TYANG Z, YANG D, DYER C, et al. Hierarchical attention
networks for document classification[C]//Proceedings of

the 2016 Conference of the North American Chapter of

m 2024 FZ5 5 HA

the Association for Computational Linguistics: Human
Language Technologies.Stroudsburg, PA:Association for
Computational Linguistics,2016: 1480-1489.

[6]ZUBIAGA A, LIAKATA M, PROCTER R. Learning
reporting dynamics during breaking news for rumour
detection in social media[EB/OL].(2016-10-24)[2024-01-
28].https://arxiv.org/abs/1610.07363v1.

[71ZHAO Z, RESNICK P, MEI Q. Enquiring minds: early
detection of rumors in social media from enquiry posts[C]//
Proceedings of the 24th International Conference on World
Wide Web.New York:ACM,2015:1395-1405.

[SJCASTILLO C, MENDOZA M, POBLETE B. Information
credibility on twitter[C]//Proceedings of the 20th International
Conference On World Wide Web.New York:ACM, 2011:675-
684.

[9IMA J, GAO W, WEI Z, et al. Detect rumors using time
series of social context information on microblogging
websites[C]//Proceedings of the 24th ACM international
on conference on information and knowledge management.
New York:ACM,2015:1751-1754.

[T0]JCHEN Y. Convolutional neural network for sentence
classification[D]. Waterloo:University of Waterloo, 2015.

[11]JKOCHKINA E, LTAKATA M, ZUBIAGA A. All-in-one:
multi-task learning for rumour verification[EB/OL].(2018-06-
10)[2024-01-30].https://arxiv.org/abs/1806.03713.

[12]ZHANG Q, LIPANI A, LIANG S, et al. Reply-aided detection
of misinformation via bayesian deep learning[C]//The World
Wide Web Conference 2019.New York:ACM,2019: 2333-
2343.

[13]WU L, RAO Y, JIN H, et al. Different absorption from the
same sharing: sifted multi-task learning for fake news detec-
tion[C]// Proceedings of the 2019 Conference on Empirical
Methods in Natural Language Processing and the 9th Inter-
national Joint Conference on Natural Language Processing
(EMNLP-IJCNLP). Stroudsburg, PA:Association for Compu-
tational Linguistics,2019: 4644-4653.

[1EZREN]
EHRE (1999—) , 4, #MA, ML, FLHE:

B ARES A,

(A% B #1: 2024-03-01)



