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Dual-attention Network Model on Propagation Tree Structures for Rumor Detection
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1 School of Computer and Information Technology,Beijing Jiaotong University,Beijing 100044, China
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Abstract With the rapid development of social media and the popularity of mobile devices,the interaction between users has be-
come more convenient. But at the same time,rumors on social media are more and more rampant,which brings hidden dangers to
the public and social safety. In the real world.users often express their own opinions after observing other microblogs that have
been posted,especially the context of the microblog to be replied. Although some existing rumor detection methods learn the
propagation patterns on propagation trees of rumors to extract clues of user interrogation or factual evidences based on the princi-
ple of crowd wisdom,which greatly improves the performance of rumor detection,they only focus on those microblogs that have
direct response relationships,and Lack of ability to fully mine the indirect and implicit relationships among microblogs in the
process of rumor propagation. Therefore, in this paper.a node and path dual-attention network on propagation tree structures
(DAN-Tree) for debunking rumors is proposed. First,the model uses the Transformer structure to fully learn the implicit seman-
tic relationship between posts in the propagation path,and then uses the attention mechanism to perform weighted fusion to ob-
tain the feature vector of the propagation path. Secondly, the path representation is weighted and aggregated by using the atten-
tion mechanism to obtain the representation vector of the whole propagation tree. In addition, the structure embedding method is
used to learn the spatial location information of the post on the propagation tree, which realizes the effective fusion of the deep

structure and semantic information in the rumor propagation structure. The effect of the DAN-Tree model is verified on four clas-
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sic datasets. Experimental results show that the DAN-Tree model surpasses the best results of the existing literature on the three

datasets: the accuracy of the Twitterl5 and Twitterl6 datasets increases by 1. 81% and 2. 39% ,respectively,and the F; score of
the PHEME dataset increases by 7. 51% , which proves the effectiveness of DAN-Tree model.
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Fig. 1 Node-path dual-attention network model based on propagation tree structure(DAN-Tree)
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:81‘./ = [P, (10)
> expuy)
k=1
[P; I

p:= 2Bt (1D
=1

3.6 BEHEEA

R AE— IR E W A P B TR S N A
FEAS—FE, K B 22 A 5 41 B 14 A% 5 B A% 22 ) X 8 R AL 15
WRE T E W REREN, AT Ma %5 886 Max-
Pooling 75 #: 8% Bian 45 {fi Fj MeanPooling 77 % 15 F 5 £ i
T AR A IRATT R EE T S A BRI L
SCI R w SRR AR EIR po MRS R i R IR B
B, R QDR FRATIIR M LeakyReLU 58 5U/E 2 #8035 2
Boa, FRENEME W, FRNELME, @idXa3)H80H
— A AR B IR 2 (1) X AR R R R AT A
SRS BMERE R I FR 7.

u’=a, * LeakyReLUW,p,) a2
(u?)
s AL R (13)
Dexp(ul)
k=1
N
=Yg an

3.7 BESEER

FER T IR IR AT A B IR F B RN T
A B — 2 B 5 ## 2 B 4% (Feed-forward layer) fll softmax JZ,
HHEARENET M BARE v,

v=Softmax(W r +b) (15)

FRATI2R 58 SUIRAE Sy 4 S5 38 2 Sk A ok L 510 o 288 RIS 7 i
T A 5 22 ] A A B BE . 58 LI /N 2R R T b 4 47
HIAR% . FHIk W TR RS S0, 00 2800 Hir 2 oMb
3 (16) T 7 B9 38 SO % pR R

Ay, y)=—Lylogy+A—plog(1—3]+all ol 16)
Horb, y AR AR X R 1 FLSERR 2 v AR 3 R 45 A5 A S 44 1
WIARZE . |« |5 AT MR i S8 0 947 L, 1E
W AEBR 1 L A P R A

FATE A Adam 18 Ak 255200 X AR R fp i) 2 Bk 47 1k
[ B o A T 400 S 1 3o PO R B 3R AT) A AR i A Drop-
out IE N4k )% .

4 IKWHERRHW

4.1 RBHIESE

T T IR A SO, AT T 4 A G IR F SR AR
S xef Hb A SRR A B B AT A SR A (Y M B - Twitter15™, Twit-
ter16% , PHEME"" £1 Weibo"'® 4 4 .

Twitterl5 1 Twitter16 g4 H Ma &8P NH T 28
AR & Twitter” & JUHL%E B, I 67 1 RE 3% 9 3% (4o
snopes. com Ml Emergent. info) I A% 1 5 P 45 25 X5 85088 217 b
2032, Twitterl5 Ml Twitter16 3¢ 3% 4 20 540 & 1 490 F0
818 AN T 7 AL G W 45 4y, 1 MR A% 1 M #R 5% 7 AT IR G
AL, TR RN F RS AL A B IR AT & T
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XEEE BT AUR RIS 0T . H T IRAEIRER A AT
PR SCAS, B 3R AT AR 48 97 2 IF 09 338 b 7 1D ff A Twitter
APTY T IE P SCA , I 25 — 2 P 4 ) 83k i o i T 2k 3k
I 45 o5, X iE 5 L G R85 A BEAT A . Twitterl5 M
Twitter] 6 B8R L AHE 4 454 AEIE T (NR) VI E S 17 19 7%
F(FR) I HE B HAYIE S (TR FIR £ BIEHIE S (UR),

PHEME (4 4 /&2 — 4~ B 76 & H A I IF Twitter & L
AR S IS W —#5 . XMBIRELST T 5 MR
By, — 2L 1972 MEF R4 M, PHEME S5 %
i # AT bR L AL G 3 AR A B0 E A B W % T (False
FR) B H B HE S (TR AR Z B3 % = (UR) .

Weibo S4B H Ma S IR B A M T 6.8 &2 —
ANTE P E R 4TI AL SS AT /5 . Weibo BUHE 4 — 3t
A 4664 20T BUE AP AR 0 0E R B 1% = (FR) A
WUEN AT F (TR . H P bR 2 FR Wi 5 58 i 57 IR i
T2 R Ak 2K T PR 2

AN BERER G E BNk 1 5.

1 HIRESIHER

Table 1 Dataset statistic

Statistic Twitterl5  Twitterl6 PHEME Weibo
# of source post 1490 818 1972 4664
% of posts 42914 20295 31430 2011057
£ of true-rumors 372 205 1008 2351
% of false-rumors 370 205 393 2313
% of unverified-rumors 374 203 571 0
# of non-rumors 374 205 0 0
Avg. # of depth/tree 2.61 2.55 4.12 2.85
Avg. # of paths/tree 26.16 22.53 10. 24 394.11
Avg. # of posts/tree 28.80 24.81 15. 94 431.27
Avg. # of length/root post 17.68 17.04 16. 44 59. 24
Avg. # of length/post 14.13 13.68 16.12 9.59

4.2 HER

FATA L T 42 0B DAN-Tree 5 £ 4 4 HL R 2 i (1
PERE 2 5, 45 3 T AR AR TR 4% 58 4y 28 7 ik (DTR™,
DTCH ,RFCM , SVMI00 ) B Bisf (] J5 371 A5 A 38 88 2 3
75 14 (GRUMS, PPCHYT, PLANMY ) | B A5 14 4% 45 45 25 4 2 )
77 B (PTKYY , RyNNE 21 Sta- PLANMY  Bi-GCNE ) &8 3 11
Y B LA A Y o B R AT

DTR AT A A R — A e P S5 M i1 HE 44 A5 A,
) 4 R A AR R RIR

DTC FEAITT AR AL — A~ 5 P S i A A, 2 filf
R U N a7 NN E AR S X 1 1| R R 2 e s o S

RFC AEAIT | AR — A BEHL AR AR - 238 B A
Tk A FH P SCAR 25 ) S R AR SR I R4 25 9 .

SVM-RBF B #I0  f8 R J — N7 A5 42 [7] 3 o 41 (Ra-
dial Basis Function,RBF)# 19 SVM 32588, A H T — &
H N T8 G TR

SVM-TS AL g 455 R % — Bouf i 18] 77 371 I ¢ AF 6
i P [ 14 725 fH AT AR SVM 432548 .

GRU FRITST i & — Fp 3 GRU 1 25 0 28 1 4%

D https://dev. twitter. com/rest/public
2 https://www. pheme. eu/

® https://service. account. weibo. com/

B TR B A 3T RS AL, B 58 o ) B R F A 1 R P PRI R AT AR
o 2 3] ¥ F ORI AT 4R 2T

PPC FERITOY g 45 A0 7 i ] 7 51 F 3k A £ RNIN Al
CNN 80 3 5 1% 55 1% 38 16 42 1 A9 FH P AR A0 15 81008 5 R/OR .
R AR R B A i R 5 A% 4 R v G 2 S O AR S 4
MEE.

PLAN BERITY | 5 0 S — A~ 3£ F Transformer 4544 1)
VT RN S B T A R R AR A B ) A O )
H Transformer {E&E HHLH % BT £ R, 1T L% 3] 7
B Ak 1% G 1] A B 3 (O AOME OG 3R o LA Y [ R 22 T RS
iR BRI A .

PTK R0 8 R — Fii G G B W% ) SVM 43 2%
A B AT R A AR A A 5 R 2 ] AR AR DA TR R AT
Hard,

RvNN B B8l ] GRU #3038 35 15 46 ) 4%
FHEAT B T[] R A B ) b A 3 H LGl R A SOAR R R
MEEFE BT B0 T FOR AT 5 2T . dF H T
AR R T B R A A AR vk TR AR Sk
B T0 ) A AR R AT R X L

RvNN" BEEID | 204 R RyNN BB i — A 0k R A
TE ISR I AL 28 BERE T Z A AL ] AdaGrad 52355 Bk
BB R T R,

RvNN-GA #EAIPY | mi B & RvNN 8 70 f — A A5 14
T2t GRU M8k AT 35 150 HAR 22 J5 (14 B A 25 2 6 & )R
TER 7 vk 38 G ISR R 9% AL 4R B 0 TR ok kAT 2%
ST . TR B A SO A TR R R ARy ik R AT A R L

Sta-PLAN AR 570 2 PLAN # 1 f) — A A5 44k,
EAE PLAN BB B B AL 13 T — A Tl i bl 7 e Il &2
KREMNER F-CERE LHETIRS NWEHEEHELR.

Bi-GCN FEAI™) | 7 AL — A4~ 3 F B % BU(GCND (1 1%
AL R 2 SRR 2 N H T R R E R [ B RS A R
XoF 1 A B 2 AT G A AR, ARSI AL B A
AR, A BRI RE R S5 E R .

RvNN #l RyNN" BB % A 78 Weibo il PHEME %% 45 4
L #EATEAIE, PLAN # B % 5 £ Weibo #0485 b #F 47 56 9iF
Bi-GCN B W A 78 PHEME #(4 & E it T80 UE. FRA14H
X BB RN T AR RD , 58 25 13X 28 i 4 A AT 55 .

4.3 HiEWAE

ZELF RvNNF, Bi-GCN' F1 RvNN-GA™Y 4 95 3k .
MITE 4 AR AL B 5 3738 SCERIE 19 T 122 4 Y11 25 0 0 kA
AR,

A A Y Twitterl5, Twitterl6 #1 PHEME %% i 48 &
MBS AL A & Twitter B ARH Y, B AT J§ NLTK
(Natural Language Toolkit) FE> 1 () WordNetLemmatizer J5
AT IR 8 5, 8 H TweetTokenizer J5 i XF SCA #E 47 43
T HRAE

it 1 M SO 22 G ST R BB Weibo B4 £, 3 AT

D https://github. com/majingCUHK/Rumor_RvNN/pull/7

» https://www. nltk. org/
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FBR T B T OR AL A SUAE B 4 B R A jieba 43
TR X B AT A R R A

XFIX 4 A B L FRATRA MR 1727 S 4 SR O B
TEA AR AR R T SCAS R T BE Y emoji B HAth R AF A
Bt (7, XEFSEA NG IRERERRN AT T
&S RN 55 P gk A5 0 A3 ) OB RN . IdE, RATTE
FHBCE AR s B4 B i RO R 5 000 NR) EA T AR AL 2
4.4 FEERMSHIEE

SR T N b L R A AR AR 11 S 25 B L AR SO Z T T
YE—#E 18 Twitterl5, Twitter16 Fl Weibo %44k b fdi ] 1F
# (Accuracy s Ace ) VE IR R B PEN P65 45 . 1E #f R B
MR 2 26 M REMLEF . % T PHEME 3X ff £ 25 5008 70 A A
A BRI AT E B Fy (H(Fy score) R DAy 45 4 A
MRS . Py (EAGE R R SR A MR . AE 4 DN EUR
BT RAMFIREME ] F) H386r. 78 Weibo £ 4 |,
FR AT {8 FRS 56 58 (Precision, Prec. ) #1 & [7 # (Recall, Rec. )
AN A T2 LI SLH R

SIS IR BEME H pytorch® , Adam B LA B Fl B, BUAE 43 i 15
B 0.9 F0.999,% 5 [r (NP IR B E 9 0. 01, dropout H#f
RIEN 0.5, P RE A WE R 0. 01, BZ4EE & E Sl 300,
T o TR AR BR Ak S 300 ZE A 3R] [l L I HL7E A A ) 4
b A b ORI D AT TR, R AR R B AR T B R R
NEEN S50.N, WEHN 1R, ZREFEBIPH L RER 4,
Twitter 15, Twitter 16 #1 PHEME #4842 % FH A [6] i) 52 36 2 %%,
T Weibo B84 P35 F 80 £ 1 oAl 3 S EU 4R L OF
HHA 35K P36 55 % AR 50, I L IR AT T 7E Weibo B4R 45
B S K 22 SRR I i R R E R 6, N K&K 90, Weibo
B 4 1 oAb 2 80 R oAb 3 AN Bl S — 2
4.5 ZRWHER

#2— £ 5 FH T A SCHH DAN-Tree F1H A 3L £k )7 16
Twitter 15, Twitter 16 , PHEME 1 Weibo 4 845 £ [ (0% 5 &
DR . e RS TEAN 8 0 14 S AL 1E A IR 1) 24k S

F 2 Twitterl5 BURAE LWL L5 R

Table 2 Experimental results on Twitterl5

Model Ace. NR FR TR UR

Fi F Fy F
DTR 0. 409 0.501 0.311 0. 364 0.473
DTC 0. 454 0.733 0.355 0.317 0.415
RFC 0.565 0. 810 0.422 0.401 0.543
SVM-RBF 0.318 0.455 0.037 0.218 0.225
SVM-TS 0. 544 0.796 0.472 0.404 0.483
GRU 0. 641 0.684 0.634 0.688 0.571
PPC 0.842 0.811 0.875 0.818 0.790
PLAN 0. 845 0.823 0.858 0. 895 0. 802
PTK 0.667 0.619 0.669 0.772 0. 645
RvNN 0.723 0.682 0.758 0.821 0.654
RvNN* 0.778 0.742 0. 809 0. 804 0.758
RvNN-GA 0.756 0.784 0.774 0.817 0. 680
Sta-PLAN 0.852 0. 840 0. 846 0. 884 0.837
Bi-GCN 0. 886 0.891 0. 860 0.930 0. 864
DAN-Tree 0.902 0.891 0.900 0.930 0.886

D https://github. com/fxsjy/jieba

» https://pytorch. org/

# 3 Twitterl6 B4 L L 0458

Table 3 Experimental results on Twitterl6

NR FR TR UR
Model Acc.

F1 Fi Fi Fi
DTR 0.414 0. 394 0.273 0.630 0. 344
DTC 0. 465 0.643  0.393 0.419  0.403
RFC 0.585 0.752  0.415 0.547  0.563
SVM-RBF 0.321 0.423 0.085 0.419  0.037
SVM-TS 0.574 0.755 0.420 0.571 0.526
GRU 0.633 0.617 0.715 0.577  0.527
PPC 0.863 0.820 0.898 0.843  0.837
PLAN 0.874 0.853 0.839 0.917  0.888
PTK 0.662 0.643  0.623 0.783  0.655
RvNN 0.737 0.662 0.743 0.835 0.708
RvNN* 0.788 0.763 0.778 0.853  0.761
RvNN-GA 0.764 0.708 0.753 0.840  0.738
Sta-PLAN 0.868 0.826  0.833 0.927  0.888
Bi-GCN 0. 880 0.847  0.869 0.937  0.865
DAN-Tree 0.901 0.877 0.865 0.953 0.908

# 4 PHEME U4 [0S 2
Table 4 Experimental results on PHEME

. FR TR UR
Model Acc. MacroF

Fy Fy Fy
RvNN 0.728 0.749 0.761  0.717  0.769
RvNN™ 0.743 0.758 0.770  0.745  0.759
PLAN 0.785 0.772 0.753  0.828 0.735
Bi-GCN 0.722 0.677 0.570  0.792  0.675
DAN-Tree 0. 845 0.830 0.792 0.874 0.823

# 5 Weibo £dls 4 iy Sege 45 5%

Table 5 Experimental results on Weibo

Model Class Acc. Prec. Rec. Fy

FR 0.784  0.801 0.793

DTR 0.789
TR 0.794  0.777  0.785
FR 0.847  0.815 0.831

DTC 0. 831
TR 0.815 0.824  0.819
FR 0.810  0.929  0.866

RFC 0. 855
TR 0.916  0.779  0.842
FR 0.777  0.656  0.708

SVM-RBF 0. 879
TR 0.579  0.708 0.615
FR 0.950  0.932  0.938

SVM-TS 0. 885
TR 0.124 0.047 0.059
FR 0.876  0.913  0.894

PTK 0.891
TR 0.907  0.868  0.887
FR 0.912  0.897  0.905

RvNN 0.908
TR 0.904 0.918 0.911
FR 0.949  0.909  0.928

RvNN" 0.929
TR 0.911 0. 950 0.930
FR 0.896  0.962  0.923

PPC 0.921
TR 0.949  0.889 0.918
FR 0.939  0.948  0.943

PLAN 0.943
TR 0.946  0.937  0.942
. FR 0.961 0.964 0.961

Bi-GCN 0.961
TR 0.962  0.962 0.960
FR 0.946  0.972  0.958

DAN-Tree 0.958
TR 0.972  0.945 0.958

MRYE R 2 — 3K 5 09 3250 245 2R ] 1, DAN-Tree # 81 7E
Twitterl5 Fl Twitterl6 ¥ ¥ £ b 09 1E 4 2 53 5 ik 2] 1
90. 2% M1 90. 1% .78 PHEME {45 £ L (W IE# R M F, {55
BIIKFN T 84. 5% F1 83. 0% , £ Weibo £l 5 I (1 1E i 28 34 3|
T 95. 8% . DAN-Tree ¥ ® ¥£ Twitterl5, Twitterl6 Fl
PHEME ¥4 4 b1 5256 R 15 81 T /. 7 Weibo 45 5
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IR BT R s A S AR R T DAN-Tree 5 £
FE BT T AR AU PR B A Ry 1 B AR R AR

N 2.3 3 MR 5 R SCUG4E BORE . 1l AR AE TR 4%
%75 ¥: (DTR, DTC, RFC, SVM-RBF # SVM-TS) 7£ Twit-
terl5, Twitter16 Fl Weibo #5429 BOR A 45 3LAR L 3 15 W]
VARG T e e 2 N1 5 B0 R U R R OR ik 1, SVM-
TS Fil RFC #5733k 8 4% 48 J5 vk i 3R Bl 1 S i M R, v
T8 14 JAL DR 2 3 9 o 5 Y A T 3 A 0 e U R 5 4 R AE

FEXS V% T 0 B[] 3 AR AIE AT g AR 0 TR B 2% 3] vk v,
AT LUR I PPC BT i T Bl T RNN F CNN 4544 1) %
BT H GRU #5055 45 /) Ky I A R PLAN A5 B ff
Transformer 45 #4 V5 4 R4 Aill B0 25 1 ¢ 14 B T il 5 =2 ] ) B
HLEFR B MR AR LAR T3 — 2 M4# 7. StaPLAN
7E PLAN B8 f ZE a1 R in T — A4 1 SR il i s 7 ) 181 &2 2%
R AE B, R MR T 0% 45 4 15 8 TE Twitterls £
£ EIUE T AR IE S RIACR .

A TS S E Bk PTK B A T — A4
BB ML SVM 4325 28 3k Ji 5L 4% 15 4 22 18] 1 A 814
T 0 A2 406 R0 235 4 1 3 A 8 T 4% 3R 7R 2 2 BE T RvNIN,,
FLA 2 2] 1 55 B 45 # BR 2 30 LW RE 97, 76 5256 3R 1 A T
PTK BAUA T8 KM F+. RyNN-GA BRI 7E RvNN [ 3%
Tty 5 FH 4 Ja) A 3 7 AL DG T A TR) s 7 25 A 0% 3 A R W
AR B A8 T H A RIROUR . Bi-GCN B8] H XL B 45
TREEH 8 5 A A B0l &L 78 3 N EURE BIRAR T
BRI B OR

AR SCHR Y I AR B R A A B R X B ) BB DAN-
Tree {fi | Transformer %544 2% ] 1 3% B 42 ih 5 9 B xU 1
O F IR B 0 WL 2 o0 A% 3 R AR L 4 U
JIRAG B B AR B ) A A AR T AR RE R A5 A L iR UAE
B BRAh BEAR I R AR AN L5 R ik A D T (AR AR AL T L T
U2 o) i AR IR ZASWER . MILHBTCS A LEM
I ROR DAN-Tree B2 B /E Twitterl5 Fll Twitterl16 %5 £
L EIER R 88. 6% A1 88. 0% - F+EN T 90. 2% F1 90. 1%,
Sy AFEE T 1816 F 2,39 . 7E PHEME ##E4E iy F) &
77 2% 8 THBT 83.0% R E T 7.51% . B F A T
FEAE R, Ak DAN-Tree 52 B 4E3X 3 A B8 48 19 45 4> 25 501
My AL 438k 80 T s fifd .

DAN-Tree 5 B £ Weibo 4 4 I & Be ik B fe L 45 2R .
T E R RS 1 SIS B L B % s 2 PR K
FIFR ST 5 1 B0, Weibo 048 4 P (9 P B W AA 9. 59
A SCF AT DAN-Tree #7835 fig 42 BRI G F A58 0935 X
i, JG¥E A H ) Transformer 457 42 B 2 38 S, B
J& DAN-Tree 5 5 78 Weibo 4% 45 L A IE B R a5 8 T
95. 8%, 42 B H R IR A0 45 SR AR 4 s . B AN A LR T
RNN A He (B A2 46 B 45 4 i) RvNIN AR B R B T /5 )2 38 X
FRAEE B 4509 5 B PLAN #58), DAN-Tree # B SZF T
X 1 AR R A R 208 SO RN SS M5 B R A R G TE
Weibo $4E 4 I MR M AR TR KT
4.6 HBhIIG

SHEGHE 3.3 5 B 45 49 ik A (Structure Embedding, SE) X}

5 T R DU A0 I 14 25 A FR AT A 5L 56 S B R L SR

OISR B B R A M A B AL AR 4 S BOHE A R SE G

BORARE AR 6— 3£ 9 Frgll, Hop, “DAN-Tree "t £ “R

7St A BB , “w/o SE™MRR B BR A5 M i A BT
# 6 Twitterl5 B4 b (074 Ml S0 56 45 R

Table 6 Ablation Experimental results on Twitterl5

NR FR TR UR
Model Acc. . - .
F, Fy Fy Fi
DAN-Tree 0.902 0.891  0.900  0.930  0.886
w/o SE 0.895 0.895 0.896 0.918 0.871

£ 7 Twitterl6 F 4 b T il S0 96 25

Table 7 Ablation Experimental results on Twitterl6
NR FR TR UR
Model Acc. - - -
F Fy Fy Fi
DAN-Tree 0.901 0.877 0. 865 0.953 0.908
w/o SE 0.898 0. 862 0.869 0.945 0.918

# 8 PHEME il 4 [0 i 52 40 45 2R
Table 8 Ablation Experimental results on PHEME

FR TR UR
Model Acc. Macro-F,
Fy Fy Fy
DAN-Tree 0. 845 0.830 0.792 0.874 0.823
w/o SE 0.836 0.819 0.781  0.870  0.805

9 Weibo B4R 1 1 il 5 46 45 2R

Table 9  Ablation Experimental results on Weibo
Model Class Acc. Prec. Rec. Fy
FR 0.946 0.972 0.958
DAN-Tree 0.958 ~
TR 0.972 0. 945 0.958
) FR 0. 949 0.954 0.952
w/o SE 0.952
TR 0.955 0. 950 0.952

MR 6—3R 9 W SET S5 R F R A5 M A R BT
TEE & R 5 ERCR L T B R A BT, A
At o BV % B 7 45 A ik A BB B, AR SR AE Twitterl5, Twit-
ter16 Il PHEME 4484 ik 3] 7 00 T HoAth i A5 BL 8 07 1 19
BOR . TEAGHEA 1 7 3 R B AR Y Twitterl6 $048 4 I, 45
TR A DT EELE TR R 3805 BV /T 0. 3%, (HZX T 1% 7%
R BE B IR 1) Twitterl5, Weibo 1 PHEME $ ¥ 4 , 45 #4 #i%
AT ETEEN% B PP AR L4515 T 0. 7%,0. 7% A0
1. 1% . 330 B S5 48 i A 5 3 % 4% 36 4 B8 R 00 B4l o B B 4T
SRR € O

P TR AT AT DAA ) 2598 25 A i A T 5 g BB b 58 T
FEE AR S AW R E A s WA EAE B AN T Trans-
former 454 X {7 B AN SRR B BG A SOR T T A R
oG R SE R AR B IR T T T R AT 55 B AR .

4.7 BHESW

FATTE DAN-Tree SRl T 1 [E & KN B+ SCA K
FE ARG B AR A0 N . X2 8 S 19 3 5 1T R <3 52 AT TR (1Y
YRR, AWK AT — R 0 S BB AL SE 5 B O X 4k
S X R TR PE BB A R I, S 0, AT A A A vk
W TR SH W,

3 g5t T AE AN B G 7 SCAR K BE R  DAN-Tree £% 5
TE A DEAEE Fiytge eSOl . B B L 25 1 v LR
S Y SCAR R BE X BB A M RE A W R, R K
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T S IR A T v o 3T B R A i SO B S BT 4
AR BRI R TR UG T A A D TR
BEWMERE R R T, 254 1P RSEIHER  RITER M E
I =71 3 T 384 28 AR R v TG T RSP 289 B 0 A R AR
HO PR RE T 4R TR e A TR . BOWTIRIG 1 B93E S BT
LA i A7 250l £ i A B 7 0 5 R AT 55 B RsCR .
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Fig. 3 Influence of post text length on experimental performance
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Fig. 4 Influence of path number of propagation tree on experimental

performance

AR 1IPNGEIHEEMA 4 bRl g 1 BRI AN,
Wit 5 154 2 B0k N 3% 8 486 0 38 B0 45 b 45 15 B T 4
14 3T 289 4% % it A0 L L BB (A T B SR B B T . X N (E R
OB T B 4 0 T AL 1 R SR S L R FE Twitterl5,
Twitterl6 Al PHEME (4 42 T (9 46 0 25 8 s 80 T — 8 i [
PRI . BATIAHX R TIE 3.4 R 1 ik i % 4%
b SR AFEH A T, B AL A SR A 1% 1R I AR AR LA B R T A
BORMIRE S AR BB TR BES T A — 25 . N fEH A F
90 W, BEHIFE Weibo B 4 b B9 K U0 SR B fa T e e . it
NE KB 5] Weibo B8 4 197 B & 8 MR 50, RATIA
NS T NAEGEE] 90 I, X F Weibo FH5 4 0 Uk . 14 7%
BPESEE T EEMiieE R, BT LUA S8 IF B E
B I B, Horb L B 7E PHEME %038 4 b 308 % 0 &R
BT 5 1 15 4 B AR Bt Dy 50,88 T T IZ B0HE 4 1Y T 8 B AR 4K
i AN R IXOR R TR B 0 B IR FE R R
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