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Multi-view Microblog Topic Detection Based on Heterogeneous Social Context

HE Rui-Fang'?, WANG Hao-Cheng'”?, LIU Hong-Yu'?, WANG Bo'?

'(College of Intelligence and Computing, Tianjin University, Tianjin 300350, China)
*(Tianjin Key Laboratory of Cognitive Computing and Applications, Tianjin 300350, China)

Abstract: Social media topic detection aims to mine latent topic information from large-scale short posts. It is a challenging task as posts
are short in form and informal in expression and user interactions in social media are complex and diverse. Previous studies only consider
the textual content of posts or simultaneously model social contexts in homogeneous situations, ignoring the heterogeneity of social
networks. However, different types of user interactions, such as forwarding and commenting, could suggest different behavior patterns and
interest preferences and reflect different attention to the topic and understanding of the topic. In addition, different users have different
influences on the development and evolution of the same topic. Specifically, compared with ordinary users, the leading authoritative users
in a community play a more important role in topic inference. For the above reasons, this study proposes a novel multi-view topic model
(MVTM) to infer more complete and coherent topics by encoding heterogeneous social contexts in the microblog conversation network.

For this purpose, an attributed multiplex heterogeneous conversation network is built according to the interaction relationships among users
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and decomposed into multiple views with different interaction semantics. Then, the embedded representation of specific views is obtained
by leveraging neighbor-level and interaction-level attention mechanisms, with due consideration given to different types of interactions and
the importance of different users. Finally, a multi-view neural variational inference method is designed to capture the deep correlations
among different views and adaptively balance their consistency and independence, thereby obtaining more coherent topics. Experiments are
conducted on a Sina Weibo dataset covering three months, and the results reveal the effectiveness of the proposed method.

Key words: social topic detection; heterogeneous social contexts; multiple views; attention mechanism; neural variational inference
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FEAEE LA E T R (G 7 T () AR RS AT 2 RS i B IR S L TR IR IE AR A A 7 s s A 1 22
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SRR — AT SR A R A T B v ARSI 32 A, 4 LDA (latent Dirichlet allocation)
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W% DL K% 2t T~ hashtag (19385 S mS, &) L R IR 3E T hashtag (1958 5 SEWE 19 R0 4T, 04 5 ¥ . B2 i AL 1] )
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S RER AT, F P P2 A g Je . YR SEANIRIAT . ISR ) T (2 9 R 2 T R [ ) 5 0 S, [N 1
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e, =att(h,, h,) 2)
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t..r = Softmax (w! tanh (W,C,))' %)
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5 L
32 ETZNEMRET IR EDE R
TS, AT 10 B B0 BAE R P55 B 10 PR FEE A 8 1 5% £ T M BB TR e 49 38 TV T, A )4
VR YK A 20 0 20t I P T R, S P R G A ST B SIS 56 A A A T AT R R, AR A
B R DT RS AE. S URRIN, JE 1 2 e i s 1E Mg b i k. RSS2 N EIIIR A A R s T E A
S A T RE B R NS AN TR0 P G R SR 52 2 SR IEK, B2 A2 AR BBt R, AR SCERHE— AT £
PUIEI A 22 o3 HEWT 7. FAARORUE, K628 3.1 1513 21 2 ML [R] I3 2 24 A A2 73 F g ith s o, i3k 2
A SCIA) A2 2% B, 4538 SR - A7 A A 2 - 1] 3 A
o SCRY-TRE M. teAl, SCRFRACR G I SOARAE R, 1 d 3o, Beit, SCR 3280 A T 375 4 6,4 = (p(t1d),
p(ld),..., plgld)), Hobh K SR BN, ¢ 58005 i AT, p(ald) FRACR & G853 i > TR
e 2 MBI, B TR G 2R 2 PR o s W], LSS & LI il
Rewci = ReLU (W'v,,; +b") (13)
o, ReLU S ARZR M (R0 v K, W' 1 b" J2 il a2 M4 I S5, v, 2505 § MBI N, AR 502
FERSE I — B MR, A T B T BRI Ry, RS ST S ML IR 5 i 35 5, AR A vt 20417, AR RSB ST 1
Pt TS 5 T 22
u;=W'h,; +b" (14)
logo? = Wohge; + b (15)
FCrb, w Moy 2330009 55 i AL I 8 i 36 v 4 A (R S (EURN g 22 . 305 Aol Y 3 2 A S50 X545 2 AR AL 1 7 vk

© A
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RehE 5 AT HMA R E T 2B 2 60 5169

FEE SR 2, = wi + ex oy, FerP O FBRA R RL I 9005 SCAF JBL TR 9 R 2% KR, 1 20K I A ML I R /6 ST iz
i€ {1, ..., m} LI GRAS A B2 25 ) TP KRR 2 € R AZERROR B T ok A AN R P 1 A 5 R

z = ReLU(W¢concat|zy,..., Zn] + b%) (16)
I, concar TRARPHERRAE, WA b7 2 rTINZRNSEL. SRS FE -0 0, BT Sofimax BECH z fEIH— 133
o -] 43 Al AR 5 SCHK [20] B AEGE, B 1B 530 ¢, = (pwit), pwlta), . .., pOwltx)) V5 R i 2%
PR L% (S5, MRS 2800 N 2 R
hy.. = Softmax (¢w X 6‘3) a7
T A TR 28 Y 2% TR AT B FOAL 1 22 AL RN -
v, = ReLU (W% hgpe + b)) (18)

01 s, A R N DA 22 A T T 8 SR, B Xk T o R o 75 A TR 3K
(1) 58 HL 40 Ry BLA K T AR 1 2 058 17 56 28 I AR S0, & 21 7 il BEAAC T K800 254 40 1 8 S )
550 HL TN SRR, (2) 25 W2 A0 23 HE B LA 25 /WL e A A N, K9k 1 /R R WL 16 25 7 T i S
S ST e e Ao 22 1) 2 2 R D B 2 2 2 o, SGAR B T R DML B0 4 AR ) 2 R SR A A
A, 45 WL 20 A0 43 BT 3ok T A5 LB N, P T R [ W 0 R SR £y — BSOS A, AR
T RIS R S A A SR AR5,
TERRR AT, 250 B b 280 03 H B 7 M P T A 0 P Y B ST 9 — B A s b, JE R 3
U, A I R B OE SR
Ly= ) (<Ex ~ p(Gilvu) ui 12+ KL(G @D I (2 | vu,))) (19)
i=1
ok, 3 1 BUR ERIWI, 55 2 TR KL B, FI T8RS0 A AT RS 30 0 A (AR RR I, q(z)) 25650 i 4
A1 NQO; T). BT S I T AN J M, KL B3, AR A 500
3.3 RENIZ
SO 3R 5 WO\ 2 L el 28 A 03 MBI P AR, 3ot St M B 4 9 4% 1) 0 I i 4ok 2 )
B S
L=L,+AL, (20)
ook, A FH TR PA Re F. (ERR PIZRE, SRF T Adam VI A S 8 WS P2 R A A R 43 A
I, SR T dropout®EiA.

4 LWHERGH

4.1 SCIGHE

SCHFET Li S A VR ER (B IR S R TR R TR & B 2014 45 5 A 1 HE 2014 4 7
H 31 HAR 50 AN mlibrmtids, 5t iei| ARk 3 AN EdRE. B ArX RS A TR, 352 N TR g A
T AT S U, AR 3 AN E AL R D BT AR (1) 25 REAS SC R X AN [ A8 1. 52U A,
M ERL A 2 HACSR I P Q) ¥R —ANT P A R R 0E . YHeRdER &R, BT - SR
8, UIWID B, 2R L FoDTR, A4S 3 T T PSR R 1Y) 3 A BBk, Sevk s Bk 1 R,

F1 HHEERGUHER

Hr A e EK TPiEH Tl 7 4
5H 44395 27666 36626 70893
61 89979 59855 90597 163420
71 119169 90597 87557 188657
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4.2 PENIERR

BT AR A8 SCAS B T (W B A g, T 1) e R B A3 ) 3 RS I ASE 2R 70 A 5T F AR AR MEVEAG 1) 78 LA
GO, PR RE A — i FH PR VP 4 7 0 5 A (K0 Fig o, P 287 P A 3 AN R DL s F A0 B0 4 o A 2 (g
fiE ). BRI, AT BORIE A T LA e DR R SE (B R AN — 5 2 i A R v 1 SO BT 2, BN R AR R
B2 R 11 2 A T S 3 B, AT 2 AT R S LR, FRATTRE SR SR [37] i, SR B i) 2 Al H )
LR A AL AT WA SCAR ) 3 UG B P HR AR, A A 5 i v B 3 3% B 43 Bk A S TR [ P . BLASKR L,
FOE G BT LR

% N i1 D(wkwk)+1

o K FRAR RS, N R TS B SO AN, B2 I 3 AT AR A e B REA THE R R N AN
T UG SRS . wi 2 12 A S A HE R B A & R3S § AN, DO, wh) 3ot wh ] wh SLTR) BRSO
AL, D) FEAEL ] wh IR SCRI AN BeA, SCRHRSR G IR UGS 3Rl BAIPHAH BRI P SO E B
43 XL EEESBEHIRE

T BAE MVTM FIPERE, BATER S JLA KA R SRR B AT L. WsE 1 1 BT, AR SO 448
AR 2 TS 75 AN P SR P 5 W) S0 AN B 5 SR P 75 DA B I 4 4 ) TR B 9 RS R, AT T 3B 11
FELR R AR R XS, A, FRATIEWFIT T K SOR S I I B i ot 227, L BATPY @ T4 32 R, DA
IR AR N, FE TR KT ) 2 AT T, FRATT IR LA T T, S IE AR 48 1) 5 AL K PN S A
AT SR 3 BRI P R 280 A e [RTREKE Bcals r (1 199 4% 45 4 45 S H8 A5 SRS vl A3 B8 LA 24 % L 7 A
0TI A I 85 5 RS SRS B 1)1 P R A 2 () LA S B

o NEBIIARNE

(1) BATP B M P28 00 I S i o O HEWTHE L, T 4R 2R T X)L VI SR 20 5 RIS o (g B e 0
2 R 187 J KRR, 0 P A AT R A A T W P A )

(2) LCTM" Vi3l 3 A A 1 SRS SR A8 % 32 AL, Sk RSB % B8 T SO AR . S FFEIE I LCTM
AT YRR T IR 45 LDA.

o MAMHAT ER

(3) LeadLDA" 5t i B HUEE A . VRIS 5 R LGB IEAR, 4 T e B 92 A 5 St O 03] O M o A
JEE43 80 2V ST IR B 2V R, AR A F 2 [A] 1) 3 RSk 38 5 B 3 R )3 BT k.

(4) AdJEnc™* Kt I 2% G544 5| N BS54 K SORY (RS W) (1 32 LA E v

(5) ForumLDAPYIE A #BE T SR 1 A SCRIASAR 5[] A2 1 ) A= pliaied R SR b 3= .

(6) IATMPOR FH I 248 2 713 2 31 757 B0k sl P AT o304 T AE, R FH A 26728 4 4 B Al R

(7) PCETM" M A5 i AR 35k A (K P 28 96 2R, FF I PAT AR A8 TR SRR 0 288 46 ¥ 50 1 SO 22 T (g AR 45
PERR. T MVTM H@EET 71— 20, S T AP Hh B U T S A28 B R Se AR, A
PCFTM #1454 PCFTM(-seq) AT FL s, HANZE L& T FH 7 [R) () — B AH AL

[, R T BAELE SR 3 5B HH VA0 8 G 38 ) AN A B T8 2 1A R 2 R, BRI vh T AR SO A
B MVTM (P58 R : MV TM(-nei) A1 MVTM(-mul).

(8) MVTM(-nei) 2 T F 248 J& BIAS [R) B 22 1. I 408 8 9 2 AN .

(9) MVTM(-mul) 2% T AMHCN H AN R A2 B 77 06k 328 s, shBANE FAS B i, s 2440
Pk .

LRI R AR U R S B S BAEAR SO R AR 4 E R IR 18 & . Bk, SORY-
SYATIIBR 58 B Se 50 4 A (M S 4 a=50/K, f=50/K (K 183 F 84K). LCTM "ot -1] 23411 14 25 4t i 101 56 50 43 A1 1)
FREZ L e N T A RN P48 ; LeadLDA H 4505371 5. (leader) S5 1B R 14 5. (follower) 2 i) == AKX i 1)

© A
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RehE 5 AT HMA R E T 2B 2 00 5171

KA 70 S W B H y=50/K, 814 43 A5 6 FR VLS (beta) 5656 43 4 (K38 2 # 6=0.5; ForumLDA HAH 5% 3
(serious topic) M NI G 43 A5 M S 4L yo=1, y,=5, AKX FEBE S=1. A T H#IF LCTM. LeadLDA L J
ForumLDA W8k, Al 13z47 75 A WK AE (Gibbs sampling) 1000 ¥X. BAT. AdjEnc LA IATM #RH T8 30 Bl
LS EIFING T WSk

ASCHR ) MVTM, {6 Adam BEATA0AL, 27 > Z W€ 0.001. HRALERCR E A 200, & RN RE R 4, 1
FEASRE N 5. BURRECT I R 52 BB N 0.8, HA S HNIEA S N(1.0, 0.3%) FEENLPILALIT 1. 8% K
VB R 50 A1 100, 28R OHCR N B 104 150 20, IS E0R T2, B DB AESS 4.6 W HHT T
4.4 LRSI
4.4.1  ARICJiE S EEERAIY Y LR

h WA AR S 7V A Rk, B 08 5 1 AN [ i 2 R {50, 100} 55 R [ 280 (1 32 803 {10, 15, 203}, KA ST
15 SR P 1) S AT L. SEER A TRk 238 5 R, FRATTAT AOER B An R v

*2 PrABRE 5 ] EE K S T RE

. K50 K100
A N=10 N=15 N=20 N=10 N=15 N=20
e BAT -98.49 —233.32 —422.48 -86.14 -201.02 -363.78
BB ISR LCTM -70.91 -165.37 —-296.36 —58.65 —140.10 —261.40
LeadLDA -53.91 -138.53 -258.38 -58.15 -141.34 -261.65
AdjEnc —-67.57 -159.66 -290.10 ~72.02 -165.87 -303.37
RS RSO ForumLDA -55.76 -129.57 -231.90 -55.84 -132.23 -236.89
IATM —58.75 -112.64 —228.27 —-47.32 -121.46 219.96
PCFTM(-seq) -31.34 —73.19 -131.65 -32.11 7243 -128.84
ARICT7i: MVTM —30.40 —70.04 -120.36 -26.94 —63.04 -113.63
# 3 ATAEMEE 6 ARSI R
3 K50 K100
Ei] — = = — = =
N=10 N=15 N=20 N=10 N=15 N=20
) BAT -132.37 -311.32 —558.90 -143.13 —-328.34 —581.57
F K 7Y
B IS4 LCTM -91.72 -208.75 -367.76 -81.88 -181.57 -323.16
LeadLDA —63.54 -150.18 —-278.19 —72.07 —169.80 —309.40
AdjEnc —-67.57 -159.66 -290.10 ~72.02 -165.87 -303.37
WA AT RS ForumLDA -78.22 —140.46 -229.62 -82.33 -160.46 -258.72
IATM —46.69 -113.09 -213.61 -59.11 -133.96 -225.48
PCFTM(-seq) —27.94 -64.83 -118.38 -30.98 —70.74 -125.83
AILTTi MVTM -26.72 —66.17 —-122.31 -29.40 —-67.87 -122.07
K4 AT 7 A S0 b
) K50 K100
i 97
B N=10 N=15 N=20 N=10 N=15 N=20
. - BAT —65.49 -167.11 -322.43 -89.36 -194.96 -339.22
BRI, LCTM -72.78 -160.08 -275.58 —63.56 -137.36 -238.31
LeadLDA ~70.40 -157.83 -268.23 -59.75 -130.83 -226.62
AdjEnc -51.72 -123.78 —-225.29 -55.73 -140.63 -250.75
AL BRSO ForumLDA —-89.16 —215.47 —-396.20 89.96 —213.59 —386.65
IATM -50.75 -119.48 -212.26 —46.80 -110.27 —-204.35
PCFTM(-seq) -31.19 -74.28 -135.26 -35.29 -80.32 -144.38
AT MVTM —27.68 —-64.68 -118.39 -31.79 —72.89 -132.83

PR
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5 TATM BERLZEAS ARG B L (1 K B B RSk g

K50 K100 N
At N=10 N=15 N=20 N=10 N=15 N=20 LI
5H -30.40 —70.04 —120.36 —26.94 —63.04 —113.63 1.45
6H —26.72 —66.17 —122.31 —29.40 —67.87 —-122.07 1.67
7H —27.68 —64.68 —118.39 -31.79 —72.89 —132.83 1.49

o A BAT (1) 0% DT VEAS 43 dpc IS, R RPN ZRA A SORS B v IS 1 AR R 2808, RG] 378 DA 1) et
N, THEEA KR A S, A #ARAE RS 13, Rl a8 7 ™ 35 B M6 )8, ORI 22 55— AN KTk
FREY AdjEnc KILLL BAT 4. iX 2 K4 AdjEnc #4504 v A2 70 (1) 90 2% 25 M 2 G BT v, A T #E AT I 286 h A8
AR, NS BB T AR, A3 T AT I RBOR. AR, AdjEnc B 25 IEALAZ AR P P B AAC HL,
UGS T RIAE) (8 458 P 6% 45 ), DRI SO AN Qe A A 2 ORI . S St i, A SRS = U R 08 45 2% FE I 7175
FIEANIEAXMFF 8, RIS NI E.

o X T AR AT AR TSR, AR LA B LCTM [R3E DT AR 7 UG, X AT e A2 T8 O SUA 4, T 2206
T H AW G AR sh A& P AT NS S AR BN 3 BhAh, LCTM = E AT 40 Wikipedia 2 2811 5 & 4
PR E RN ZRaR Bk AL 7R, BT Wikipedia SCHE 54 A8 A BT IE 5% SRR 8 EA BB A, ik
TESEEEAE E YN 2545 20 1R 1) 53 A0 AR 7R vT BE 43 78 S BUHE R rh 5 | N R 22, 3 — 2D mT UM R 2, i g 3 A 4148
1F3, LeadLDA. ForumLDA. IATM 1 MV-TM #% T LCTM.

o LRI L, AT TMBIEL MVTM 7EFTH 3 ML EE R AR A rETT 4. S 45 R R
B, HEA AT TR SOfE O U W ke vl 2 A S B ). MhAh, TR A IR LA T, TATM Fll PCFTM(-seq) MR
Bl IATM BT 0] (R 3 2558 B, PCFTM(-seq) fili K 9 2% 45 K4 550 1 SO 2 ] ARGt 0 2R AR EAT T [R) S5 00
F P 3 RS L R, BT SR AEAS LR 3. 5 TATM Fl PCFTM(-seq) AL, MVTM % (& T #:25 F 4%
() SEA . e B T F P (RS TR 406 S RUAS [ A8 . g 5%t 25 S A 82 . bk 4h, MIVTM A3 &gl 3k 7 A IR 00 1 i)
TBIE SRR RTR. NSEEG 45 R L AT LU, MVTM B T 50 47 (3% BEPE1S 40, 31X 3 I AR AL 28 I 485 1) S
A B G 2NN R] 1R FH P 5 0 5 3 sy 0 27 445 B 1.

o FEEFMY K [ 2 I, N BN, 32 80E TS B IX AT BESE Y N ROKI, T P SR B R, R
VRN T S 2 (R FH AR A 4] 5 R FR S AR 22 SCR b HE BRI, A0S B 45 R . M A R 1 IR o6
(A, 0% TP FR AR S XX P ST IR, A st 1) Fion. B 4-K 6 il 4 3 A Hdn gk B TR
SAINET N BN, B REIR T Lid gt g R

-20
- MVTM —- MVTM
—50 == MVTM(-nei) == MVTM(-nei)
—— MVTM(-mul) —40 —— MVTM(-mul)
” -100 | N
S sy 2% |
= =
¥ -200 |
;&2 % -100
o L "
250 ~ _120 |
300 7 -140 t
7350 1 1 1 1
10 15 20 25 30 10 12 14 16 18 20
Top i {4 N Top i [f1 M4 N
(a) K50 FHIEBTMELG 2) (b) K100 (3£ BT A3 43

K4 MVTM 5P 5 A Badk iR
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-20
~=MVTM - MVTM
-50 | == MVTM(-nei) == MVTM(-nei)
——MVTM(-mul) —40 ¢ —— MVTM(-mul)
s 1 = 60
R &
# 150 # g |
Eic 200 ic4
.kﬂ. —
o g 00
o s
= =250 T 120 |k
300 —140
7350 1 1 1 1 I 1 1 1 1 1 1
10 15 20 25 30 10 12 14 16 18 20
Top A N Top A E N
(a) K50 T I BYPEAS 73 (b) K100 T [¥13% B 45 53
K5 MVTM 5HHARARLE 6 A LRI
-20
= MVTM - MVTM
—50 | == MVTM(-nei) == MVTM(-nei)
—— MVTM(-mul) —40 —— MVTM(-mul)
” -100 | = 6 |
R R
# ~150 | #Hooogo |
o e
& —200 |
E g 00t
W L i
- 250 - —-120 k
—300 T -140 t
350 L . . .
10 15 20 25 30 10 12 14 16 18 20
Top 1IN N Top 1IN N
(a) K50 NHETER 7 (b) K100 F [ETHVER 4

Ko MVTM 5P 7 A 8dadk kil

o NFERAL LIS 45 LR, MVTM BI8UAE 6 ARIIRLF, 5 A 7 HIkRZ. HIERIA R RS T ] fE
B AR]85 P (AT IL, BT A5 U R 2 A s AR AT 4% rhAs TS B ROR, MVTM [P BEBRAT . A2 T35 1 R s M 4% h AT 1
RERB FRBAFRE) SR B E. AR 1R LS, 6 HO EdREF R B %A, HAM A H B, 31
2 128 B L, BEAURT DUR SR B 5 F W A LR8 BRI, T A 2 SE A 3% SRS 4

T 25U MVTM A2 56] 18] i) 128 2 0 SRS 3R AT 45 (90 ko v S L BRI, AR SR T T MVTM 4%
RSP ANARTE 3 A ER S B IAH DK LS.
442 AKITNESHARRN

T AR TURE LY o (20 R G R ) A8 B A ) R A R T R A B, FRATTR MVTM L 3w A
AZ 4 MVTM(-nei) Al MVTM(-mul) 47 FEAL. X PIANAEAASR HI7E MVTM 22 B T Q0 e it i RIAS =07,
o LR 2 BOZE M ROk I S LR A VE . 42 B84 K=50 1 k=100 % & T, & 4 6 2l R
T 3 ANBERLARHE TLA 30 1) T -1 oA VT B T G B A . TSR ] 4] 6, mT DA DL R I

o SRIRGE R I AT, TERZHUE M T, MVTM I—BHEA55 51 T MVTM (-nei). R R AT g2 MVTM(-nei)
T AR SR A R R 5 L A AS AR AR 2 Y S T EE RS B, AR AR S 7E 3 A
Sy A I NE R S 1R T MV-TM 38 34088 2 55 0 LA 8o A T 3356 23 F P (L.

o YR IIIAHT. 3 A VPAGEE 210 E B — Bk 45 AR B, MVTM 7748 T- MVTM(-mul). MVTM(-mul)
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SPEEMSEHE P Z AN R A B, 006 T B AT T4 32 SO T W AEAR DS, T MVTM SN T A8 Bk =1, I
Wil T 2B AR S HEBI R, A b g T I — ). A8 B R A B R R AN A B, 138 B
P BEAS R 32 A S22 ) — SR R W E 6(b) IR, X4 K A 100 B, MVTM [ —80H: 43 7 iR T
MVTM(-mul), {§ MVTM fﬁ%i&ﬁﬁ%‘/ﬁﬂ%ﬁ 2.

o DL L AN IR R 00 2 G4 BEYERR Y P38 K 2 LR 6 BIos, T UG H, IR R Ok T N4
T . JA%FU%%I@H%F A0 FERIAS [ A H 77 o0t 3 RS2 A 8 S, A il DL 8, PR B s i
S A B MR T AR SR S S, TR T RS S AMHCN AR ] 0 P A8 1. (Al 3 R A MRS Ao 3 Ry
DU PR RE IR TR, TTAS T2 T )Y T 0 U R 3R T e AT 1A ) R B vk

6 RN R R AU P Pt ) P R KA SR 7 BRI BT R (%)

5H 6H 7H
Factor K50 K100 K50 K100 K50 K100
Ry e 0.7 9.8 17.8 8.5 14.4 14.9
LHHEET) 10.0 1.8 18.3 11.8 14.8 -1.7

LR LA I3, MVTM 0] DA RS0 — S50 2. @l 6] U S0 5 0 R s 56, JRA DR S AT R 46 2 DA Y
(1) MVTM & T SRk A8 R 30, XX AN A A Ty 3 B, Tl A AN ] 3 A A .5 2K i 24k
27 23R TR (R E ML IR AN SRR (2) 22 40 B A 4 A 2 P 3o vl R A s DL P R AR, il 81 17 A
[ L Pl 2 ) PR 52 23 SRIBK. A oL o I Y- 47 22 A0 1T 1 — SO E A ST, MVTME 5 28 A2 B S in 3 5 ) 3
4.5 =G5

N TR RERAGHINN ) A LU L I B B, FRATTHR SR it 9% T < TR A T 10 AN, -
ATTHEFE LAY r e PR BRI K] TATM AR08 L, A 2 A b nT Ak, ORI 7. B 8 s, B agA i)
AREASIN 4 (09 AH 2 PR B, AR/ IMRER HE DU, 7 AR SR WA 2 By A Y BUBER O, B 55 2 iy 10
HRHSC. INEL 7 FEL 8, T A 2RI LL R W54 21

A4 (Fund) ¥% (Apple)

J* e (product) B & ( Baidu )
//\ S gagle) 7= d (product)
F (invest) ... 2 5] ( compadny )
2232 ( Manager ‘*”"‘5““‘"‘”050{” B A (domestic)
na] (Sonsany ) % ( Google )
‘Pé review) ,
ZHA ( (]gtemet) %\:})\ ( google )
é.\—-ﬁ‘;:% (r(e)g(a)rdg)e ZHM (Internet)
K 7 TATM $iiad =80 H IR 1 = B8 MVTM ik 3 @i H B (117 =

o IATM ERH] P BN A AC HL, 27 I AEAT P46 TP i RN G2 TATM Rl Hh ) 3 i) mh % die KR A ),
RO 5B U R ] A A B BE, X ELIR I ANAT 5K (9. FEATE IS R IR I il e g e 2 B
CRETCR AT B ED Horp, <@ P IR Gr ATE ER S EBAHOG . I T IR 4 L — 2 Al
I, A FIAR SR 7 v 22 e B eI A5, P B TATM AR 7 A L IR R M S LS T RN

® MVTM DX 70 RN A A2 .5 3, I HARBE T AN R AT IO SE0E. &0 Sk il Hh R <4 30, 5 A Ok
FRAG ST O oA B P T LI 32 L it g ot 2[R A, e A< A ) A UK. T R
A, MVTM S i8] L 38U INAR 5C, HASH G i) Hh L A7 B S 52 f . MVTM I &0 fa 0 5500 FAS B 0
TSR AT 1S, A S BRI P 2R (RIS, 2 R P Ao 2 A 3 B ) 2 Y AN [R) A2 T SCZ TB) R R,
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R

N

™

B F AT HMAR LTS 2B 2 A0 5175

T H 5 B 3 A
4.6 SHOATS

7E MVTM 1, A BN S BB 1 e A B2, — AN TSR BN N 528 T 2k B AT
R oy 75— AN A0 R R B R R 2 2 (R85 2K R S 22 A0 R 222 2 1 B0 TR 958 2R R B TR IR ST 48 DR 7 A AT 0T
KA SHUE P S8 o b, 76 5 A0 B4R EXTIE A S BCRIUA WA, 2§43 2016 32 0% 115855, I
SESHOSBAE . B, ASESEU I B ELE [0, 1] Z (8], P BEE N 0.1, ARHE 22817 23 A1 42 FUBE R
RENNHEFE, BT 10 ANATE (N=10) T B0E T VAT 4. sein g SRanld 9. & 10 Fios.

-15 -20.0
225 t
-20
-25.0 |
§ _25 § 275
5 5 300 |
G G
o 30 S 325 |
-35.0 |
-35
375 |
740 1 1 1 1 1 74040
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
o o
(a) K50 (b) K100
K19 o XSG RE I
-20.0 -20.0
225t 225t
250 250 |
o 275 o 275
2 2
5 300 F 5 —30.0 |
G G
O 325t O 325t
350 -35.0 |
375 375 |
740‘0 1 1 1 1 1 740.0 1 1
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
yi 2
(a) K50 (b) K100

10 2 XS5 PERE 50
9 REIRT a M 0.1 ZBA0F 1.0 ¥ F BT PR 40 A L. AN K50 T K100 Wil ] vh g U 31, B8 Pk e
Se LR, AR5 o EELE 0.8 I I BT A B i . X RITH P ik A Rn 538 H Ak N R — LBl 454 g
TG bk 32 S IR AL AT TR SRR 10 IR T 4 0.1 AR E] 1.0 1) 3 0% DA 4 A A A . FrAiTmT LA
FH, 2 2 BUER /M, 3 B0E B LR 0 AR, 3R R B IR AR 43 [ St 2% (14953 2% R BULE B PR B 4R R 30 o B 2
I, 45 32 UHEWT B IR AN REAR 47 MU S B 2580 4 4 BRI, 5 80%E B 19 7 B BIRARE. K=50, 24 A B 0.8 I F= 4
3% UM AR, K=100, 24 4 B 1 B, 325800 53 1k e .

5 REERE
BRI AR &M 1 I SCA A, ot [ R I 358 I IOARAS b B SOEAT A, A AN 2 e IS I 5 vz

CRKPFRFSERT  httpy/ Www. jOS. 0rg. cn




5176 HAFFIR 2023 5 34 A5 11 4

R 2, AR SCMAEAT W0 45 1) S R P Y O, 308 H B S R A A8 bR SRR 22 R RS (MVTMY) AT+ AT S A R S
A TGN 2 FE A AL A 20t v AN ] s A PR T LA R 1) 2 Ao A8 T 7 2Ot 2 RS D 500, A5 o 2%
F AT H OGRS, A8 s G 3 AN AZ LR T8 0 3 ) S AP P AN TR &0 Js P P RIA ) 28 .75 5K
()P ELAE F, 2 ST ML R TR N R s 8L I 2 A el X PR e 0 2 0 BT R 1 A [ R P 40 AL ST (R 52 2%
SRR, I 15 3 7 1t -7 22 A PR S T) ) — U R ST, FRATT ARSI ] A/ ol B R BF 410 208, AE LS 3 A H
HTIRAA R A B b S0 25 R, AR SCHE 1 MVTM A8 B A ST AL SCAS 3= RS I 1) 80Pk, O EL Y il S 2
T WA AY v (R 408 i 453 e ) AN AS LR T LS 2 R B 488 e A 35 B ).

ASCAE TP Fe 8 R E R LIAT 28057 33 7 AN TR Ot R W (K AN R S 2. AR, ™ SOAE 2R
o FURUATE B A B S AN O A, R B I WL R BRI 18] (A RV, ik o IR P (R 2 Al
TIIANFIBCEE, A5 J5 03 Rl 3 T REAF AR 2 bl A5 85 RIS, AT 6 AP ARV 2 TEH K WIRAE A H R AR
(K25 ABATTAR) 7 [P S U G 0 T R, SR ey Rz A A A M % i 1 S A £ 5, S L JH] ) e T i 3
PR PR R AR L B L S, FRATTR R (1) Wl 7 R R AL, A2 SOAE BRI AR A G
JEL G TRT B[ 7 7 R R AR, 020 Dl e P i~ o TS I P S (2) ST RN S 5 A58 0 5 v 22 P A 6
HRAZ A AT AR | SCA) 32 7L

References:

[1] Zeng JC, Li J, Song Y, Gao CY, Lyu MR, King I. Topic memory networks for short text classification. In: Proc. of the 2018 Conf. on
Empirical Methods in Natural Language Processing. Brussels: Association for Computational Linguistics, 2018. 3120-3131. [doi: 10.
18653/v1/D18-1351]

[2] Wang Y, LiJ, Chan HP, King I, Lyu MR, Shi SM. Topic-aware neural keyphrase generation for social media language. In: Proc. of the
57th Annual Meeting of the Association for Computational Linguistics. Florence: Association for Computational Linguistics, 2019.
2516-2526. [doi: 10.18653/v1/P19-1240]

[3] Xu S, Li PF, Kong F, Zhu QM, Zhou GD. Topic tensor network for implicit discourse relation recognition in Chinese. In: Proc. of the
57th Annual Meeting of the Association for Computational Linguistics. Florence: Association for Computational Linguistics, 2019.
608-618. [doi: 10.18653/v1/P19-1058]

[4] Blei DM, Ng AY, Jordan MI. Latent Dirichlet allocation. The Journal of Machine Learning Research, 2003, 3: 993-1022.

[5] Hong LJ, Davison BD. Empirical study of topic modeling in Twitter. In: Proc. of the 1st Workshop on Social Media Analytics.
Washington: ACM, 2010. 80-88. [doi: 10.1145/1964858.1964870]

[6] Zhao WX, Jiang J, Weng JS, He J, Lim EP, Yan HF, Li XM. Comparing twitter and traditional media using topic models. In: Proc. of the
33rd European Conf. on Information Retrieval. Dublin: Springer, 2011. 338-349. [doi: 10.1007/978-3-642-20161-5_34]

[7] Mehrotra R, Sanner S, Buntine W, Xie LX. Improving LDA topic models for microblogs via tweet pooling and automatic labeling. In:
Proc. of the 36th Int’l ACM SIGIR Conf. on Research and Development in Information Retrieval. Dublin: ACM, 2013. 889-892. [doi: 10.
1145/2484028.2484166]

[8] TangJ, Zhang M, Mei QZ. One theme in all views: Modeling consensus topics in multiple contexts. In: Proc. of the 19th ACM SIGKDD
Int’l Conf. on Knowledge Discovery and Data Mining. Illinois: ACM, 2013. 5-13. [doi: 10.1145/2487575.2487682]

[9] Quan XJ, Kit CY, Ge Y, Pan JS. Short and sparse text topic modeling via self-aggregation. In: Proc. of the 24th Int’l Conf. on Artificial
Intelligence. Buenos Aires Argentina: AAAI Press, 2015. 2270-2276.

[10] Yan XH, Guo JF, Lan YY, Cheng XQ. A biterm topic model for short texts. In: Proc. of the 22nd Int’l Conf. on World Wide Web. Rio de
Janeiro: ACM, 2013. 1445-1456. [doi: 10.1145/2488388.2488514]

[11] LuHY, Xie LY, Kang N, Wang CJ, Xie JY. Don’t forget the quantifiable relationship between words: Using recurrent neural network for
short text topic discovery. In: Proc. of the 31st AAAI Conf. on Artificial Intelligence. San Francisco: AAAI Press, 2017. 1192-1198.

[12] Turian J, Ratinov L, Bengio Y. Word representations: A simple and general method for semi-supervised learning. In: Proc. of the 48th
Annual Meeting of the Association for Computational Linguistics. Stroudsburg: Association for Computational Linguistics, 2010.
384-394.

[13] Mikolov T, Yih WT, Zweig G. Linguistic regularities in continuous space word representations. In: Proc. of the 2013 Conf. of the North
American Chapter of the Association for Computational Linguistics. Atlanta: Association for Computational Linguistics, 2013. 746-751.

[14] Sridhar VKR. Unsupervised topic modeling for short texts using distributed representations of words. In: Proc. of the 1st Workshop on

© A

PEEB RS httpe// www. jos. org. cn


https://doi.org/10.18653/v1/D18-1351
https://doi.org/10.18653/v1/D18-1351
https://doi.org/10.18653/v1/P19-1240
https://doi.org/10.18653/v1/P19-1058
https://doi.org/10.1145/1964858.1964870
https://doi.org/10.1007/978-3-642-20161-5_34
https://doi.org/10.1145/2484028.2484166
https://doi.org/10.1145/2484028.2484166
https://doi.org/10.1145/2487575.2487682
https://doi.org/10.1145/2488388.2488514

Rehdr & AT HFMAR LT 6 2B M 24460 5177

Vector Space Modeling for Natural Language Processing. Denver: Association for Computational Linguistics, 2015. 192-200. [doi: 10.
3115/v1/W15-1526]

[15] Hu WH, Tsujii J. A latent concept topic model for robust topic inference using word embeddings. In: Proc. of the 54th Annual Meeting of
the Association for Computational Linguistics. Berlin: Association for Computational Linguistics, 2016. 380-386. [doi: 10.18653/v1/P16-
2062]

[16] Wang YM, Li XM, Zhou XT, Zhou XT, Ouyang JH. Extracting topics with simultaneous word co-occurrence and semantic correlation
graphs: Neural topic modeling for short texts. In: Proc. of the 2021 Findings of the Association for Computational Linguistics (EMNLP
2021). Punta Cana: Association for Computational Linguistics, 2021. 18-27. [doi: 10.18653/v1/2021.findings-emnlp.2]

[17] Lyu B, Chen L, Zhu S, Yu K. LET: Linguistic knowledge enhanced graph transformer for Chinese short text matching. In: Proc. of the
35th AAAI Conf. on Artificial Intelligence. AAAI, 2021. 13498-13506. [doi: 10.1609/aaai.v35i15.17592]

[18] Bi B, Tian YY, Sismanis Y, Balmin A, Cho J. Scalable topic-specific influence analysis on microblogs. In: Proc. of the 7th ACM Int’]
Conf. on Web Search and Data Mining. New York: ACM, 2014. 513-522. [doi: 10.1145/2556195.2556229]

[19] LilJ, Liao M, Gao W, He YL, Wong KF. Topic extraction from microblog posts using conversation structures. In: Proc. of the 54th
Annual Meeting of the Association for Computational Linguistics. Berlin: Association for Computational Linguistics, 2016. 2114-2123.
[doi: 10.18653/v1/P16-1199]

[20] He RF, Zhang XF, Jin D, Wang LB, Dang JW, Li XG. Interaction-aware topic model for microblog conversations through network
embedding and user attention. In: Proc. of the 27th Int’l Conf. on Computational Linguistics. Santa Fe: Association for Computational
Linguistics, 2018. 1398—1409.

[21] Liu HY, He RF, Wang HC, Wang B. Fusing parallel social contexts within flexible-order proximity for microblog topic detection. In:
Proc. of the 29th ACM Int’1 Conf. on Information & Knowledge Management. ACM, 2020. 875-884. [doi: 10.1145/3340531.3412024]

[22] Gui L, Leng J, Pergola G, Zhou Y, Xu RF, He YL. Neural topic model with reinforcement learning. In: Proc. of the 2019 Conf. on
Empirical Methods in Natural Language Processing and the 9th Int’1 Joint Conf. on Natural Language Processing. Hong Kong: Association
for Computational Linguistics, 2019. 3478-3483. [doi: 10.18653/v1/D19-1350]

[23] Nan F, Ding R, Nallapati R, Xiang B. Topic modeling with wasserstein autoencoders. In: Proc. of the 57th Annual Meeting of the
Association for Computational Linguistics. Florence: Association for Computational Linguistics, 2019. 6345-6381. [doi: 10.18653/v1/
P19-1640]

[24] Wang R, Hu XM, Zhou DY, He YL, Xiong YX, Ye CC, Xu HY. Neural topic modeling with bidirectional adversarial training. In: Proc.
of the 58th Annual Meeting of the Association for Computational Linguistics. Association for Computational Linguistics, 2020. 340-350.
[doi: 10.18653/v1/2020.acl-main.32]

[25] Zhang C, Lauw HW. Topic modeling on document networks with adjacent-encoder. In: Proc. of the 34th AAAI Conf. on Artificial
Intelligence. New York: AAAI, 2020. 6737-6745. [doi: 10.1609/aaai.v34i04.6152]

[26] Lim KW, Chen CY, Buntine WL. Twitter-network topic model: A full Bayesian treatment for social network and text modeling. In: Proc.
of the 27th Annual Conf. on Neural Information Processing Systems: Topic Models Workshop. 2013. 1-5.

[27] Wang X, Ji HY, Shi C, Wang B, Ye YF, Cui P, Yu PS. Heterogeneous graph attention network. In: Proc. of the 2019 World Wide Web
Conf. San Francisco: ACM, 2019. 2022-2032. [doi: 10.1145/3308558.3313562]

[28] Park C, Kim D, Han JW, Yu H. Unsupervised attributed multiplex network embedding. In: Proc. of the 34th AAAI Conf. on Artificial
Intelligence. New York: AAAIL 2020. 5371-5378. [doi: 10.1609/aaai.v34i04.5985]

[29] Cen YK, Zou X, Zhang JW, Yang HX, Zhou JR, Tang J. Representation learning for attributed multiplex heterogeneous network. In:
Proc. of the 25th ACM SIGKDD Int’1 Conf. on Knowledge Discovery & Data Mining. Anchorage: ACM, 2019. 1358-1368. [doi: 10.
1145/3292500.3330964]

[30] Miao YS, Grefenstette E, Blunsom P. Discovering discrete latent topics with neural variational inference. In: Proc. of the 34th Int’l Conf.
on Machine Learning. Sydney: JMLR.org, 2017. 2410-2419.

[31] Srivastava A, Sutton C. Autoencoding variational inference for topic models. In: Proc. of the 5th Int’l Conf. on Learning Representations.
Toulon: ICLR, 2017.

[32] Mikolov T, Chen K, Corrado G, Dean J. Efficient estimation of word representations in vector space. In: Proc. of the 1st Int’l Conf. on
Learning Representations. Scottsdale: ICLR, 2013.

[33] Kingma DP, Welling M. Auto-encoding variational Bayes. In: Proc. of the 2nd Int’l Conf. on Learning Representations. Banff: ICLR,
2014.

[34] Kingma DP, Ba J. Adam: A method for stochastic optimization. In: Proc. of the 3rd Int’l Conf. on Learning Representations. San Diego:
ICLR, 2014.

FEEFEAERT  http:/ www. jOs. 0rg. cn


https://doi.org/10.3115/v1/W15-1526
https://doi.org/10.3115/v1/W15-1526
https://doi.org/10.18653/v1/P16-2062
https://doi.org/10.18653/v1/P16-2062
https://doi.org/10.18653/v1/2021.findings-emnlp.2
https://doi.org/10.1609/aaai.v35i15.17592
https://doi.org/10.1145/2556195.2556229
https://doi.org/10.18653/v1/P16-1199
https://doi.org/10.1145/3340531.3412024
https://doi.org/10.18653/v1/D19-1350
https://doi.org/10.18653/v1/P19-1640
https://doi.org/10.18653/v1/P19-1640
https://doi.org/10.18653/v1/2020.acl-main.32
https://doi.org/10.1609/aaai.v34i04.6152
https://doi.org/10.1145/3308558.3313562
https://doi.org/10.1609/aaai.v34i04.5985
https://doi.org/10.1145/3292500.3330964
https://doi.org/10.1145/3292500.3330964

5178 BRAFFAR 2023 5 34 A% 114

[35] Srivastava N, Hinton G, Krizhevsky A, Sutskever I, Salakhutdinov R. Dropout: A simple way to prevent neural networks from
overfitting. The Journal of Machine Learning Research, 2014, 15(1): 1929-1958.

[36] ChangJ, Boyd-Graber J, Gerrish S, Wang C, Blei DM. Reading tea leaves: How humans interpret topic models. In: Proc. of the 22nd Int’1
Conf. on Neural Information Processing Systems. Red Hook: Curran Associates Inc., 2009. 288-296.

[37] Mimno D, Wallach HM, Talley E, Leenders M, McCallum A. Optimizing semantic coherence in topic models. In: Proc. of the Conf. on
Empirical Methods in Natural Language Processing. Stroudsburg: Association for Computational Linguistics, 2011. 262-272.

[38] Chen CT, Ren JT. Forum latent Dirichlet allocation for user interest discovery. Knowledge-based Systems, 2017, 126: 1-7. [doi: 10.1016/
j-knosys.2017.04.006]

[39] Tu CC, Yang C, Liu ZY, Sun MS. Network representation learning: An overview. Scientia Sinica (Informationis), 2017, 47(8): 980-996
(in Chinese with English abstract). [doi: 10.1360/N112017-00145]

[40] Ding Y, Wei H, Pan ZS, Liu X. Survey of network representation learning. Computer Science, 2020, 47(9): 52 —69
(in Chinese with English abstract). [doi: 10.11896/jsjkx.190300004]

B o 325 32k -

[39]1 RATHB, MR, XKL, PVEAA. MESRR S S 4508, HhERFE: 5 BB, 2017, 47(8): 980-996. [doi: 10.1360/N112017-00145]
[40] TEE, ik, WRAEAS, XUEE. ML RIR Y ) FVELER. THENLERE, 2020, 47(9): 52-69. [doi: 10.11896/jsjkx.190300004]
BEA(1979—), L&, Wid:, #09%, L4 5, KEF(1997—), &, Wit:, FHRFFTAIL 4
CCF L4 i, FEEMFCAIR N B ARG S A0,

AT RN
FEAS BRI, HLARE ).
EiERR(1997—), B, WL, BRI UK N 412 F1#(1979—), B, WL, BIEEZ, BT AR
IREAARTE RS o ERTE F ALEE, AR, OB

© PEFEEESK I hitps/ www. jos. org. cn


https://doi.org/10.1016/j.knosys.2017.04.006
https://doi.org/10.1016/j.knosys.2017.04.006
https://doi.org/10.1360/N112017-00145
https://doi.org/10.11896/jsjkx.190300004
https://doi.org/10.1360/N112017-00145
https://doi.org/10.11896/jsjkx.190300004

	1 相关工作
	1.1 仅考虑文本内容
	1.2 整合社交上下文
	1.3 异构网络嵌入以及神经变分推理

	2 属性多元异构会话网络
	3 MVTM研究框架
	3.1 特定视图的嵌入
	3.2 基于多视图神经变分推理的主题生成
	3.3 模型训练

	4 实验结果与分析
	4.1 实验数据
	4.2 评价指标
	4.3 对比方法选择与超参数设置
	4.4 实验结果分析
	4.4.1 本文方法与基线模型的比较
	4.4.2 本文方法与其变体的比较

	4.5 案例分析
	4.6 参数调节

	5 总结与展望
	参考文献

