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Abstract

With the rapid development of social media, Sina weibo has become the main platform for people
to obtain information. While it brings convenience to people’s lives, it also brings the problem of
spreading rumors. More and more research is devoted to rumor detection, from early feature en-
gineering methods to recent deep learning methods. However, the current work does not make
full use of the pre-trained language model combined with other features. Therefore, this work in-
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troduces the User-BERT model, which enables the BERT model to make full use of text and user
characteristics. It uses the BERT model to encode text of source post and comments, obtains the
text representation vector and combines it with the user attribute vector, and it finally is parsed
by the deep classifier. On the public weibo dataset, User-BERT has achieved the best results cur-
rently.
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1. 518

i DR DR RS B0 18 % 108 B, SRR RO AT BREURIR A (S R R B & . B NS R AE
FIRERS, sk 7Sl FCr R R R AT I IR 5 SR, HEA 59%/H M
EVE T R ARG [L]. RSB REAR I, ErRESERCNA . . BUFS) R 2], EET
DAL BB BT, OERE SRR — I A D E T LA

FERFTE IR, 3 5 A 3 2R DURFE TR SRS 2% 21 073, i Ma 55 A [3]H B3 FF i &AL
(Support Vector Machine, SVM). Ffi 5 3 PR T, VAR EE 22 SN EA 7 iR BONHLAR 52 2T i, %% RIR
J&E 2 2] 5 AT VR S A AT AR T KR AR . Ma 25 A [47R1 Wang %5 A [5]H EI1E 3K 1 2 k9 4% (Recurrent
Neural Network, RNN), Yu %5 A\ [6]H 2% F 1 £: % 2% (Convolutional Neural Networks, CNN), Bian %5 A\ [7]
FH 31 [ 25: A5 /9 2% (Graph Convolutional Network, GCN), FHIlS 1845 A\ 1)1 Geng 25 A [8]FH £l AR & 24 ) A3k
fitll 142 5 2% =] (Ensemble Learning, EL).

S T DGR FE 5 ) R R B 7R US T AN IR, (BB 1A 78 53 R P 2505 5 A B
FHIE. UL BERT(Bidirectional Encoder Representations from Transformers) [9] 4482 T 2518 S A O &
16 % HORIE S A F AT S T AZE I ROR . FLLL Tansformer [1010%ERY, Zo0d KM SCATRIIG:, 2
BT FEEIRES IR, TR EIIER BAT R TS 540, F P RRAE OO IE A e A ke S R [11],
T8 R A B P R AT BRI RTRE, R . PRI A SR Y User-BERT #5244, 78730 SUACKR
FEANF FURFE S BERT #ERAHSE &, 784> & 4% BERT B PERE (L% . User-BERT #E%LE BERT 7
N SCAR G R R S SCRIVFAR SCAHEAT ifidh, SR S5 W HH PR SCAR 303 ) B A0 R P AR AL 1) B AT D AH OB
MG FRRIE, RIGHEEE TN ER N 222 IR 7 KR8 T AT W IR T 25 5 . Sede g5 2R
KU, 1E Ma S A [A15EH I AT EE S b, User-BERT HUF 1 4 AT Sl i) s 4 A

2. XTI 1E

RAHAF G L, wESERGHE TEZEN, YL R RETTRE D . HLESE ST 10 3 2 L)
RAE TRV D7 200 B, R0 S I SUKFAE k. Ma S8 A[BIANE. R A& =J5 3tk
BT 27 SRR B, T SVM BRIy 7 264t o HE URFAIE TR 938 Ak X 77 ik KB AL, RPAE 12 Y
FEIXRTERI R, KA BRI RE LA SR 35 (3R T ). ISR E RIR 22 ST P R e, LR FE
S SRR R T ONLAS 52 ST 0. TR RS ST TR B Sl BRI SR Rp AL A B i R0 & it (1 g
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RBNTZ R, 2 RhIRFE 2 S B 4k B 008 3 A U 4538 . Ma 55 N [4]F 1A A- 1 SCA AR F8 45 (Term
Frequency-Inverse Document Frequency, TF-IDF)3R/R R SCE T8, RIEIED I RHIER R Fr A\ 2 RNN B
PR B R T 45 . Wang 45 A\ [51H] word2vec X SR SCEGIEISVEIRI RN, TR 4 2 15 Jk ] it
IS RN, 20 Bl B R AUZ RNN AR, Yu 258 A [6]H] CNN AR B4R gt A H HCRS% ) A ) Ao
M, Bian 25 N\ [710 2 7 I RIFAT I GCN R [ 12138 18 27 5 UF 55 BOAL SR RRAE R ) BB . Ak, BB
B 2R ST g Rl 5 o SR AR BE AR A SR . S A N [1] DA CNIN AT RNIN RSB AE Sy ik 43 28
&, EEENLRMME O R, G IR I oy N ZREE, fEooiE A BT IR IZR. Geng S8 A
[8]F =Ff RNN BRI E B o a8, ffa DL 7 R4 6 40 A8 1 TR 285

3. &%
3.1. iEEfEIR

V& ROATE 45 T B E SO BB SE 2 A D ={d,,d,,-,d,} » d, e DER—FEIRICH, n FRH
PRI RN, Hod = {s,Cu, L}, Hdrs ={wi,wh, Wi | RRIFSC, wes, FoRESLNT, m oA
KRS C = (e chyeer,cb} FUREL s M MIMPR(HAE, c <C Fm— bk, i mAIe LT
FHMK, o XATFRANEG wRRRMERH P ES, HPEGEETNEEARG | Rz 80E by
2, BARR{0,1}, 0RRANE, 1RRAR. B2, XTFHEIESED, 4eds C u}, FFZTMHRE 1,

3.2. Tansformer

BERT #5744 L Transformer #fi#5 Ay ALfiifa i, HA5M WA 1 fros. Transformer i 5-H Vaswani 55 A
[10]#2H, s> AdmtdasfifEn 2. BERT HgmidafE BRI A R IG, Base fRAMES 12 |2 Tansformer
gmlida%, Large RRZARN|HES 24 |2 Transformer Zmid#%. Transformer {EASREFESRELES, HAThEE L)
TR Z LB ERIPE], 2B A XARE -

/

i
A
Figure 1. Structure of Transformer encoder
[& 1. Transformer #mA3 284544

Attention (Q,K,V) =softmax{QKT ]V D

Ja
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MultiHead (Q, K,V ) = Concat ( Attention 1,---, Attention N ) )

Q 1 Query 4k, K83 Key HilE, V83 Value 5EF%, EATMHE[F] 227~ 40 B 20 5k 2 1 AR i
K, BIEERENS. dRrmERgEE. AXNO)ERELE BEE NG ERRRERE, AXQ)E
G 2 S B IR R PP R A5 B B A SRR B
4. User-BERT #&2#!
4.1. BEREM

2 J&7R T User-BERT HEAY [ BEAASENY . ZEAE KRBT LA T4, A SCOmd 8 AR FE 73 845,
AgmtG ARy BERT LAY, HoW iR 5 FSCRIVEIR 1 SCAR RS B AR R . 4 HH (R SR R R 1) 2= A0
FUBYEMEEATIHE, BRGER R E. RS RS ARERZ M (Fully Conneted Network, FCN),
X 65 2N ) B AT AT T 5 s T 45 L

Hzilﬁ‘ﬁ"i?ﬁ .
=) Had
ey

@0® P (AAL)

HOCASR BHE HAPR

)

BERT

@mm@@m@mm®\

BXs, pRC, 4

Figure 2. Overall structure of User-BERT
2. User-BERT %k %244

4.2. XAEYREE

YAK BERT YRS AN 2 R SCIX AP X B 2, R SCIX KRS 128, PFRXKE
FR#IA 384, (BERT K JE RN 512) 7 SCAIVER KRS AV S 2 18] FI[SEPIR /AR FFEAT 70 bl o PRSI HE B
[ 5 5 WFHES . ASCHL BERT )5 — )2 I[CLS) R R FF XS B[R 7R [7] BAE N IR SRR R A & %l
FEAT AR A:

Hg = BERT(s;,C;)[0] (3)

$i BN, CRANFCHE, HRAREIE | AR RIRAE . ARRRA B S T JESCHIRHE,
BAE T FE TR
4.3. A P¥HE

AR P g A 3 AT T VR T, REEEH AN A E R HE R EE, R Bl u =

{verified, verified_type, verified_reason_length, followers_count, bi_followers_count, statuses_count}. verified
TP REFEIEITE, verified_type R IAIEZRAY, verified_reason_length s VAR Ji A1) SCAK
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&, followers_count k22 %5, bi_followers_count <[ vk F U 80R, statuses_count 27 F /™
MR . K SOARFOR A& Hy ME PR R & ) e, BRI FRRME H; -

H} = Concatenate(Hy, H, ) 4)

4.4, REHHKHE
TRIE ST 28R A FCN LAY, WM N R 45-6 R i) i H o, BEAT AT 43 21 Rl 45 SR ) & e
h =FCN(H;) (5)
I JE il softmax [13130E B EON hy 1473 — AL PR B AT 15 208504 d; o BARZE | RMER 40 A1«
exp(h;)

; ' (6)
k; exp ( h| )

pj:

5. SEIR547HR
5.1. #iEE

AR AU 2 Ma 55 A [A13R HH R IR G A £ Ma-Weiboo s 42 AL DX B ot i
ok, HhpgvE E B N TRAEH AT, 2R B SL P RS . Hnse st 4664 KR,
B 2313 %, AFIEE 2351 %. AFFIOBURSE SRR, e HPRMESER.

52. SLKE

SEIG A AEIORELN R, #:4E R4 9 Ubuntu 18.04.4, CPU %5 Inter(R) Xeon Silver 4110, &K%
54 GeForce RTX 2080Ti. XM BERT £ 4 E 75 * #Atf+ SC Base AR, SLI&¥REIA Python3.6.
Tensorflowl.14, FCN #5104 = 2 A&IERZ M, BIHEMETG MO 128, £ =28 2. IIZRHEH
PBL I 2R User-BERT (MU ARmAL 28 FIVR L 732848, B8 — W BUS  BUR A6t BERT BB EAT A,
BB BURZS BERT IS4, X FCN BB S HHAT %5, th4h, 112k BERT %% 2] 2K 2e-5, epoch
N 8.

5.3. XtEEA=E

SERSFEI KT T AL S ik, WA TR B ROH IR S 2 21 ik SR iE T
e SVM-TS (Ma %5 NFEHI[3]): ff FHZRME SVM 73 28285 N THRHURFIE-EAT 43 2K
e RNN (Ma ZE N2 HI[4]): K5 SCRIFR R s m =5 A 2 RNN /28 10547 7325
e CGRU (Wang 25 A$2HI[5]): FRIESCRIVEIL, IIATEERFIES] RNN P4 E1T 405
o CAMI (Yu &5 N2 HI[6]): M8 H CNN B 1% 5 #E47 70 3.
e Bi-GCN (Bain &5 A2 H[7]): i FHXUE] GCN 4% 5% > U 5 AL Rr I EAT 70 2K
e RFS-BD (Fiisidi<s NF2H[1]): {1 F] CNN AT RNN E 324 5] 8%, BEHLARMON 02 ST B ISR R ST .
e GRU-Ensemble (Geng 25 A\ 42 H[9]): 48 =Fb RNN BAI/E HFEE S 28, DALy kAT 702K,

o https://service.account.weibo.com/
o “https://www.dropbox.com/s/46r50ctrfaOurio/rumdect.zip?dI=0
o Shttps://github.com/google-research/bert
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5.4. 5R 54

P L BIR T AT TIE SR S5 B, SRR Y User-BERT 7EREAMEAREIEUE T S i4s R . ASCHL
HEMRAR . R A R A5 Rk R A A 2 1) FLEVANMERR, R0 RR SRR R . Xt
EE 5 92 1 5 SR B AR SORT A B SE 56 R B AP O 5 51 o il s m] DL B DL R 4518 (1) SVM-TS f4h B EL I
EIRE S S TR 22, U TR FE 2 31 U7 R LU TRy i S A W R I MERE IR 25 (2) User-BERT ()44
R RNN Ml CGRU, B4R N Tansformer tb RNN BT B 5a 4G AEHRELAE 77, RNN BCkE %5
G BN 8 S5 5 S, 1M Transformer JU 68 M4 J57F = 42 2] . (3) User-BERT HI45 SRR UF T
CAMI, 5t B Tansorformer bt 45 A48 0 2% B3 A H T Ab B SCAAE B < (4) User-BERT (145 47T Bi-GCN,
Wt B RIEAS 9% 5 AR5 BT DUA BB 4725 3. (5) User-BERT LU MERGEAYR] RFS-BD A
GRU-Ensemble [T RS MAL R, s T User-BERT B AL 5 K PERE -

Table 1. Comparison of experimental results
1. EWEERIILE

Jrik: HEfi 2 RS EECiEzs F1{H
SVM-TS 0.846 0.845 0.845 0.845
RNN 0.910 0.914 0.910 0.910
CGRU 0.963 0.963 0.963 0.963
CAMI 0.933 0.933 0.933 0.933
Bi-GCN 0.961 0.962 0.963 0.961
RFS-BD 0.929 0.927 0.923 0.925
GRU-Ensemble 0.956 0.956 0.957 0.956
User-BERT(Ours) 0.968 0.969 0.968 0.968

5.5. jHRASCIE

T IR AR User-BERT &M IPE R, SCASKT User-BERT AR ALHEAT TV ALSLES, SEIn 4Nk
2 Fron. User-BERT/User #7n H LBrH /8%, User-BERT/Comment K 7x H LFRiFie{5 B, User-
BERT/User/Comment £/~ Bk H 7 B PEAITEIR(E . PTLAE R, LB P E MBS (S B AR 218 otk 5e
TR, SRR SRS F . AN RRIREERE, YRS S PR N E L, X R
N5 5 R PR AU W E SCH S ORIV S5 [14], 48 TR SCHM 78 B 22 4 RURFAE

Table 2. Comparison of ablation experiment results

2. JHRRSKIEEE R

Jiik: TR AT ES FEJCIES F1{d
User-BERT 0.968 0.969 0.968 0.968
User-BERT/User 0.960 0.961 0.960 0.960
User-BERT/Comment 0.946 0.946 0.947 0.946
User-BERT/User/Comment 0.935 0.934 0.936 0.935

6. REESRE
ASCHM T User-BERT B, 7540 FIF HI 2518 S 80 BERT HISCAAS B % Fl B MEARSE &, JR1E
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