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Abstract  Social network has become the main medium for people to discuss what happens in the
real world with the popularity of the Internet. On social platforms, such as Twitter, Weibo, and
WeChat, user generated content (UGC) can form a rich data stream and disseminate it, so that
users can have immediate insight into the hot information that are happening and the information
generated around them. Modeling and predicting hot information on social networks have a wide
range of application scenarios and commercial values, such as information dissemination mining,
advertising recommendation, and user behavior analysis, which has attracted much attention in
the field of data mining and social network analysis. In recent years, methods of popularity
prediction mainly can be divided into two categories, including feature based methods and time series
based methods, from which it has been extensively studied, such as feature engineering, utilizing

stochastic process to model temporal sequence of information. However, these techniques either
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require a long-term observation of the information or hand-craft features that are expensive to
extract. Besides, they fail to consider the role of social circles of users when information is spread
on social networks. Different users may care about different information and are affected by
different user groups at the same time, while users in the same social circle tend to pay attention to
similar information and have closer connections. It will further encourage users in the same circle
to influence each other. In this paper, we propose SCAP, a Social Circle and Attention based
Popularity prediction model, which includes an autoencoder based social circle detection model
and an attention based information popularity prediction model. Firstly, an autoencoder is used to
extract user preference from user sequential behavior patterns, which can guide the exploration
for different social circles and learning for social circle embedding by the clustering algorithm.
Then for a new UGC, text embedding, user embedding, and temporal feature are extracted based
on long short-term memory (LSTM) layer and embedding layer. Furthermore, we capture the
influence on UGC of different social circles through attention mechanism, which indicates the
weight of different social circles. Finally, using social circle attention, text embedding, user
embedding, and temporal feature, the popularity of UGC is predicted by two fully connected layers.
We conduct extensive experiments on 4 real world datasets from Twitter, Weibo, and Douban
Event platforms. The experimental results show that the performance of SCAP is better than
baseline methods. We first evaluate the effectiveness from regression and classification perspectives.
The mean square error (MSE) of SCAP on different datasets decreases by 0. 017, 0.022, 0.021,
and 0. 031, respectively, and the F1-score increases by 0. 034, 0.021, 0. 034, and 0. 025, respectively.
We also consider the impacts of different parameters on the model, including the number of
users’ recent sequences, the number of social circles, the length of temporal sequences. In
addition, the effectiveness of different features and attention mechanism are validated in ablation
study. For example, in Twitter dataset, the MSE decreases by 0. 065 and 0. 019 when integrating
social circle and attention mechanism, respectively.
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B T LR RO S S A8 RN AR A A ) LSTM JZ 1Y
SR IEAF 1. a2~ G ix A gl
I b 28 H 1 2 K %X (Loss Function) & XK
L.=|h,—h,]|* (6)

F T 6 3 3 A o 11 B 1w A% 488 A5 7 2k I 25 b 2
2 NGRS UG B R E RO B . R B G B 4% L 1% G
Tt 2% AT T 55 Hin A 27 B 4 1 Ay [T KGR 1 )
AR SORIZ AR R R 2R I s R AE R R w1
i 357 AIE o) S 7S AR T AR 8 B P A 2 ST B
2 AN T BN AT S A R AR i S B Cln ]
AR I AC W 2% AR R s 55D L R R T P T s | SCAR
Fe 5 B AT E 3l 42 48 P B0 fi B 4k
3.2.3 }T K-Means++ a2 & )2 Xl 4

K-Means $2 & — M Jo i B 19 73 2R 550% . A 3C
T I 2 B0 2 A R A i s L AR BV A UM
Tt 5 AE S I H, = (R, [, € Uy A D S 3%
A I AT B 2 C={ciscosrsc ) s T LA
RERNECH *.

YT E R R A RIS BRI L,
1M K-Means 5732 38 2 B HL 16 95 1 7 =X 0 0 ) bh 2
rhul s P AR Y SRR G BRI T 00 16 7 v O 1 B
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USRI R A TR BB AN S B2 AR B SR DL R
T figp PR X — A, AR SR Ak B K-Means ++ 55
W B SR AR Hy BB £ — A BE AR AR
ARG TR ARAEAR S BT A R
w1 R R L S S

D(h; ) =min{dist(h, ,¢}) .+, distCh, .c})} (7)
WSEREAS R R — A P D AR
D(h,)

> D)

i, € Hy,

AR AR 3 & A0 4 J 2 . 11 2R FH Bk fE 1
K-Means 5.3, REG 2122 B )2 C, UL 5 ZXF
M REHLES C =) . MTFHE—-1 e
C" AW c ERFE B )ZE o WFRAE 0] i ¢ €
RK“ ,Ch eRkXK(‘.

28 P 2 R oy AR ) SR H R AL 1 R,

ik 1. BT Ashdmidds st sc B2 5k,

WA HPESU DL XARTFI b, BNk

i AR R AE A € = (o ch e dh)

1. FOREACH ue U DO

2 FOREACH S; € h, DO

3. F oA S s g S € RY

4 END FOR

P(h, )= (8)

5. END FOR
6. A BUT P PR F SR B, € RME
7. WHILE training DO
8. MR (6) e ML 2k o %K
9. END WHILE

10, TP w 4L 17 2 k., = encoder(h,)

VL P PR A U A R AE R B H, = (B )

12, BEHLIIR LR B h LA C =)

13. WHILE &9 .04 % n#k DO

4. HHIER D (35 Dk, ) P(h)

15, 458 PCh, ) BEFER AL A C!

16. END WHILE

17. BE A € =KMeans(Hy,)

18. RETURN #&: 22 ] J2 R AL [ C
3.3 FHEMERART
3.3. 1 SUARKFER R

TEALSZ P28 0 T P 3 B A B 2 — 55 1R
B S = (o} 21 RIXAG 7 50 SOA 7 51 RFAE AL 3
FHTE R i AR B 9 S = { s o s vee v )
SER XN TR L4 B SCARRIE 0] 5. LUK S
WA AR B —A 2, €S FEAL AR A & .

x, =Wy, 9

Horp W R dali AR FE, x) € R ZE 4R 13 SCA i A

SR (x/ )20 S AR SCRI AT LSTM J2 X o A7 i 42
BCAE AR B RS P 9. A B — A wE ) 2 e, A4
LSTM SIuxf i —A AT i — e fo.—4
BT o 01— AL AR A o I B EOIR S Ay T 0 i

LU= Vg
i, =o(Wy,x+Wh, +b) (10)
fi=cWy,x|+Wyh, +b) an
0,=cWy,x +W.h, . +b,) (12)
c,=f,oc, 1+ictanh(Wy x|, +W i h, 1 +b) (13)

h,=o,°tanh(c,) (14)
Horp, “o " FRIRM 5 (Hadamard Product) ,Wy. ,
Wiy, b.5& LSTM 2 5% X0 2%, 6 £/~ sigmoid
WS R 2 PR A TE B A I R 25 L AT DA B R
ARSI R, b2y s B 2 SCARRRAE 1 i A B 2 7R
S ={hy hy s hy b S ER S,
3.3.2  JUFFHEMFRIR

ARG B SR R E AT AP
ID M) 6 3 B0 Ry 22 B0 L R A B R
5 ANFFIE AT RRAE BE 427 S P W46 R AR ROR u—
{ah v vl yul vl ) s u€ R HP P 1D, e VE # %k
OB 2B R A B Y O SRR R 1 R
FH0/1 FRon. o wil ik AJZ 15 2 PRRE i A
MU eRr .

3.3.3  BHPARIEM RN

5 SCARFFAE B 2 BUEL, LSTM 7] DL 41 21 i
(8] 7y 0 ) AR AIE o HG rp ) 20 B R S PR AIE T RS LA ) B
J 4 [ 1 B AR o A5 .. 2 o BsF ) B ¢ R iz ) A
JERFRL S V= {y" y% s eeen ') 5 HE T iR A
BRI A VER ™ . HEmK H A% LSTM
K B A R B RS T AR R B R RRAE 9 R B
V' ={hyshy.oesh, bV ER K1,

K ARTCAF R T SCAFRAE I 2 A BE ST,
FURRHE B AL B U B P AE B B A BB BE V7L LU
A4t 2 P8 2 Kl 3 455 78 v i 1 58 T 2 AR A
C' (S UV, C" ¥ AR Ay 445 T 00 5 700 ) B A
3.4 EFEEHVLEAHE R

. MARYEE S eR S, U EeR V€
RS, che R e, Hoh Koy Ky o Ko F K 43 9112 50
AR ] R ) S A ) R A A R
JEFHIE I B 4E L. FEAR SO O T RN L=
50,Ks=128,K,=128,K;=128,K.=128.
3c4. 1wk ag B VE B LA Y R

Xof A28 W 2 v iy P HOBT R A I SCAE B
2352 B [+ 22 V8 J2 1 52 v [ B A P22 % 1 5
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5 R I ) BT R R AN R YL BT DL AR SR
SCAP #&RYH F 13 5 7 HL 48 R AS 7] 4 52 P )2 xp
T B2 BB, DLARAT S B i 4k 22 8 )2 32 . 7
FEAZ P 2 T B BB R R SO iR AR ST
FA P A [ U P ) 2 545580 0 11 5.

R G S At A B Z R A KB
Fii 22 ) 2% v 1 57 4 1 4K (mean-pooling) A, i
b SCA R R ASERE 8" € R s FJH P RRAE i A
FERE U € R v H 40 R A AL by 1) i R
,_ Vs

s i3 (15)
, ViU’
u = ‘5 (16)

Hrp,vieRV L VIERZEMATITRAN 1 m &,
I IZERAE S L SCAS A P AR R s 2 Dy 1) B L

FoUR M A B 2 B i A e LA
7 =W{ (tanh(Wee!) o tanh(W5s”) o tanh (W) (17)
Hrp oA FoRAE B Z A B R R )R
NGRS B R WEE R WL e R Wi e
R W e RS G@ gt B, n] RLTF S 8 A
Bl J22 X6 T SCAS T P R R s A DG 7R B2 IRt S
AR AE AN P RRAE AT DA R S B2 T D R
FEALTELE R 51, R AZ 38 A W] B P BZ X T e
B A 2.

D R R )RR SO = WA o LW S5 o

a“ = Softmax(r®) (18)

2 BT A8, af LA BB T A ) 1 ) 43 AL
A A B 2 T R AR IE R R

=>lal ¢

3.4.2 B IERIIFHIERS

TEAG BALRE 0 i F b AR 6] T SOARRAE ] P 4
TEFNAE 2 P S AR AIE o B 3 AR AE X T A% 0 S A5E 1) 52 i)
AW TEAF B A AT B S0 B B, i 0
WA TCA AR BRI AT %A R R AE R DA I . FF A
AR S SO T B R AEAF B T BE & ] A HERS
LI 3] 1y B I ) P 91) B 22 N e AR A A 00 A5 A
F18) 52 e R B I 3788 K TR IN  FE A AR Y S 0 i T
REEARE S T A8 B P R AE (9 5% e s 23 Kk A AR Ak,
S LAX T SCA R AE TP RRAE L I R A A AL 52 B 2
FRAE 7 PEAT 4R AR A i 35 TS TR A AL L

TR B R AR AV E R AR R
N HEFA Ny ) R

(19

(20)

Hp VieR™R—AICE LN 1 M m . R
TE B WL S B Bl A5 R L R B AR SCARHRAE
s FAPVRAE u I PP R AE v RRL SE B 2 R AE ¢ D3
R/ W/

=W, tanh(W;s'+Wiu' +Wv' +Wie)) (21
o' = Softmax(r') 22)

D e 4 R 2H 5
m' =ds +au +dv +dc’ (23)

3.4.3  f7 B ARSI

REVFIEALA 5 R A G $2 )2 e A
PPN EE R RS R LT AR

Y =fm)=Wig Wym'+bp+b;  (24)

Hop WL € R™ER] by € RS — 21025 X B R
Wi ER™HI by € R 4B 202 > 280, g' & ReLU
WG SR, B EE.

AR SORE AL SE A B A AR T A S — A [l 5 )
L BVRE S 5 1 b 23 BT 5 8 09 A T A AR S 1
Gy ) R I BAE B W S AR AT BT UL AE
SCAP 5 B iy YNl 2k i F2 v, SR H T 19 07 2% 25 (Mean
Square Error, MSE) {2 #5541 {5 Ak 48 A » T 453 2% bR
ol i

LNV
E*N;(y, Vi)

Hop, N R IR AR B BiohE . A SCHR 9 SCAP #4
JEE TN ASE A 1) S VAl AR ISR 2 .
Hik 2. SCAP R FU AL R,
WA P EEUIISEEE D
L Z2HES 6
1. WEALI S48 80 Epochs=100, Batch X/N B=128,
BENLYI IR L S B S ©
AR 1SS I8 2 R AR AR C
WHILE epoch="E pochs DO
FOREACH batch&D DO
R 20 (9) ~ QD FRBUSCARFFAE 1 A S
W AL 8] 1Ak s = (VS /L
FEWCH PR AE A AT ) B ) o
FIH LSTM J22 42 U 7 44 ) o v/
HRE 0 (7) ~ (1) T 55 2 TR AE ¢
AR D~ @O IFFHEA A RA m
1 32 T HAE T A 45 21

B
R . o1 /N2
S SR O =argmin 55 > (3 =)’
=1

(25)

© (o] ~J (o2 (@21 = w [N

—_ =
— O

12.

13.  END FOR
14. END WHILE
15. RETURN @
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4 KIS

AT F B S AR 4G S 5 R s AR T
WG br o HUASERY | S5 PRBE Sl S 4 B 2 1
4.1 HIEHE

AR SCAH T 4 R (Twitter )22 s 2 0 5
AP B (D HERF R — DR ERAT A2
W28 5, F P AT RLR AR S o m] DL 5 4 45
HEATH. B A SR PSR R AR SO TSR
S HERE SCAS B AR N 28 I I TR Ly 2017 4 8
H 13 HZE 201749 H 10 H; (2) §REsh2HER
AT AL Xt o B P R 2T 6 FEMRAIE 5 7] DL K RS 16
By W5 SR 1 AT S5 BEF 5 193 2l 32 22 e 3
T HEATRN 43 AR SCRETCT b 1 ARl 5 AN IR T 145 2
FRE R TS B AR L P2 I R TS L R 2007 4F 1
A1 HZE 20124 11 H 19 H; (3) il E AT
FEAE -5 L AT LR A {5 8 I 5 B ER I
BHE AR N AR R E DY 2017 4£ 8 J] 10 H
F20174F 12 A 22 H. GRMMEFE & LNEEN
HEENF

FEIE 2 5L B 77 20 0 4R b i SCARE B AT
oAb FRAEAE L A0 4 3] | 6] 1Ak I IR 5 P R A A ] 3
P X TR AL NLTK g5 LA
A VR LAy (5 3 5 )8 SCA AL B 6 T R SOBOE £ L
i Jieba T HAL@S3 1  F R T B o S0 R % ©
LS8 B TAL B R 45 2106 I 1) 3% 5 . B nT A 4%
HECARG — B AL 53 A B T
FH P04 D s SCA P 30 T AN 6] 4 P D sk e 9K 2
SATRRAR K O T PR IR AL Ay A5 B8 A SC
BB 2= KA 10 X5 B IR B
FH P04 0 s A JE 4 BET [R5 e 647 HES). Sl T 4R A5 )
(] B AR A OB B3 4545 2 KA 12 /N 5 1 348
VER B AR R B 42 1 /INESE 0] B 40 43 B i) B s e 2%
BETTAT 2000 7 1 FAEE ][] 5],

R T VA AR Y %) TR0 A5 5 S 4 Bk 4 1) 43 S
A VIR UE AR RN IR AL | HT 70 VoA S ISR 4R L % T
N BE S L BEHLIE R 1/3 15 b 56 UE K8 5 ok i i B
S8, 2/3 V5 S Dl 5030 B2 o DFAl 9000 A% B2 %
ELMGEHE B 1 s,

® 1 BE£ZITESRER

pYEIE S T T Tl L [=X )\
FH P B 12485 10621 883 1109
AR 529059 410733 39906 51953
AL R 45291 147942 85847 104225

4.2 MR

TG IAEE TR () R I AT R G VAN L A
SCHEHCT PA™ Bl H8 A AP AS 73 25 48 bR X T [l I 45
bR ASCR AT H AT 55 A A 2 07 2 25 (Mean
Square Error, MSE) F1 - ¥4 44 % 1% 22 (Mean Absolute
Error, MAE) , iRHEAS ST 38 L% THEAS 70y, Fm H
LI, 7 8 A TR (18 0 A0 B A, U 3 4 A
A LAE S

:\"T
MSE=- 37 (3, — 0" (26)

T =1

1
MAE=— = 27
N, 2 [ @7

Horp N R KA 19 /N 3 80 il T A [ 19 45 8
SCAR I FAE 22 AR K AR AT VI G575 o) = EOB AR
MESLET I L A SORE SR 9 S BE(E v, 15 2R 28 2k
(FE() SR

yi=log(/ +1) (28)
o, vl R BEAS 0 1 LR e N B Bh i 2 T

IN ¢

XF T o3 2R BEBUIAF B SCA 2 B 8 15 0
7+ O s B AT B p . B B AR P Y
FEA AR oy, fy i BURHE P 5, #5 BR 12 4 1 Fe ] )
G AT BRI A B NI BE p R
N R RT AR EREASBE A AR T 0-1 A3 48 (0 KRR il
FR yv<<p. 1 XRWTHER vi=p). KM B4
R F1 4380 (F1-Score) flVE# R (Accuracy) , %€
XANF

2T
___ P (29)
2TP+FP+FN
TP+TN
AH Ay — 30
curacy = N+ FPLEN O

Hri, TP & B 1F #f] (True Positive) , FP J2&1{& 1E
(False Positive) , TN J& H 1 il ( True Negative),
FN {8 67 ] (False Negative) , F1 43 ¥ 2 4% i %
(Precision) 143 8] 2 (Recall) W) VA A1 X {H , & —Fh
TR A BE 5, Y A 230 D 2 o A 7R o A M R 170 DA
4.3 xtLLiRE

T PEAl SCAP BRI TN R I, 4 55 DL A
T AT SEER X B L A0 45 R TR E B9 J7 ik (EPAB) |
FE ] 51 9 75 125 (SEISMIC) (B8 J¥ 2 ) 1) J7 1%
(UMAN.DTCN.DFTC # Inf-VAE) .

@  http://www. nltk. org/index. html
@  https://github. com/fxsjy/jieba
@  https://github. com/goto456/stopwords
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(1) EPAB™ . —Fj 3 F DU i 307 o9 2% (14 34 B 101
DAY, = S 0 I R ALE P AR AL A ) 2 25 4y
SFAE S5 B, R DL ST o 2% R AT A

(2) SEISMIC™ . — R 3 F [ 3 ot 3k 72 38 1Y)
HF e A A L SR T OB Bl ML A R ) I A R ) AL e
M55 5 e =R R 0 3 3k st ) DL 0I5 B I ) #E
KA

(3) UMANY ., —Fh 3 F 0 30t 2 N 4% 5 7 B
ML Y FA R T A AL, S R TR R T s )y
A JERORT IV F A B (L il 5 8 R 0k 0 1 0 Bl
100 FEAT FH P A 0N 25 0 AR T 5

(4) DTCNP | — b 3 F I 7 5 AE B e 3 28
FIHL TR B 2 2T B AL, D) T 4 58 4k ep I e i
IEE A SCRI P 00 1 s 7 9 B N 2R R LT R
FH T SCAS P 25 3082 1 00 5

(5) DFETC™ . —Fh I B il & iF o) 3 7 0 P 25 4
IE B J5 35 » 45 B 4 FR A 28 I 45 RO 20 2 ) 4% s A
S ARRE A AR I I TR e AR I R 2 VK R R R 45 R
FEAE iR A BE A T0000 ) 28 SC 3 1 B

(6) Inf-VAE"" . — Fft 5 F [&] #h 28 |} 4% 5 725 4%
F 4 5 i 1) £ 0 100 D00 A TR, ) R 3 0 AL A N A
R X AL 23 [m) BT M R B 5 o A ] A 7E 45 0 b
TR B OLT 0 AZ 5 0 i P S G AR SORE L
I FHF P I % A R .

R T ORUE S50 B AN IE 4 T LA B X AR,
IR 5 A0 SCAP 5 7Y [R] #F 1) £ 405 191 40 #1451
XFF UMAN il DTCN &8, 5 FAH [F ) LSTM )2
A B g S R A A T S AR B B A SOAR R
fIE PR AT R AR AE B ) R AT T A

4.4 SLIGINIE

AR SO BOHE FE X0 43 S N A L 06k AR AN AR
Forb 3R 4R B VR T RIA o e DG A A5 B 2880 A AR ST
WL SR E A B KK L=50, SCA R A [ 1 2 i
Ks=128, JI PR A ] f 4E B Ky = 128, 41 5 el J2 1o
YT Ke=128, 452 Bl 2 B8 e iy 1T P b 52
G CAKE: M=6., 18 )2 REANE k=8, /LI ] 5
IR JE 1=3.

SIS ML es e B 4 Ubuntu 18. 04 LTS, CPU Intel
Xeon(2. 20 GHz) » 77 12 GB, .y NVIDIA Tesla
P100 16 GB. AA 3% F Keras flgs2# S HEZRSEHE SCAP
PR, 5286 3R 8% Bk A8 Python 3.6.9, Keras 2.3.1,
Tensorflow 1.15.2, Numpy 1. 18. 2, Sklearn 0. 22. 2,
ALY 25 % A A @& N AR Al T Adam( Adaptive Moment
Estimation) it L #§'% , 2% 2 BRI 0. 001, YIl &k
#t (Batch) K/ hy 128.

4.5 BHRDH

Ny N S NP R TTiE S R ' 5 D = S R S W
BIL ] 4 A0 2 5 0 S 780 SCAP (14 45 3 M, S2 30 B0 3iF
FALFE AN A2 . (1) R MSE Hl MAE 8 475 4 452
BYFEAT BUATTAN 5 (2) FIHT F1 23 B50F0 o Wy 2 48 bp Xl
BRI HEAT 53 S PP 5 (3D 43 A7 B L 2 BO0T T F i i)
SN 5 (4) 56 TEASE 7Y 2% R Ak A HIL ) 69 51 A X T A
T PE RE B T B A R s (5) AT AL AL S R 2 T B
VPSSR XN N
405,01 FAEE TR A (] ) S 5

A SO S AT T ARSI A 1A Sy b S S
RA&HR A MSE fl MAE , SER 85 N3 2 s, =
HOMLIAR R R T U 25 2R R R R s A 4

K2 EFRBEETERENIRER

HEHF it M L i LR
MSE MAE F1 Acc MSE MAE F1 Acc MSE MAE F1 Acc MSE MAE F1 Acc
EPAB 0.812 0.664 0.881 0.846 0.833 0.770 0.761 0.850 0.815 0.626 0.846 0.870 0.815 0.686 0.839 0.884
SEISMIC 1.134 0.879 0.762 0.831 1.196 0.903 0.752 0.787 1.092 0.906 0.830 0.738 1.075 0.895 0.787 0.722
UMAN 0.723 0.648 0.890 0.917 0.737 0.682 0.880 0.912 0.742 0.628 0.861 0.887 0.761 0.652 0.874 0.902
DTCN  0.840 0.741 0.745 0.868 0.892 0.804 0.796 0.824 0.929 0.776 0.842 0.780 0.893 0.739 0.794 0.751
DETC  0.745 0.629 0.863 0.922 0.759 0.713 0.854 0.885 0.734 0.638 0.839 0.871 0.792 0.688 0.845 0.880
Inf-VAE 0.747 0.650 0.849 0.861 0.793 0.732 0.846 0.877 0.786 0.691 0.840 0.862 0.805 0.707 0.858 0.882
SCAP  0.706 0.602 0.924 0.929 0.715 0.644 0.901 0.928 0.721 0.610 0.895 0.913 0.730 0.616 0.899 0.923

(D NSt 5L F MSE 851k /& MAE 48545, A
SCHE Y SCAP A6 B 7R DU A B4 46 b i S 5 245
BIO0 T X LA A B 1 e o R 4 R s 7R HERE
PO S A SR B s 4R B SCAP AU Y
MSE 845 « A b T % b #5E A v 3% B B 47 i) UMAN
BRI, A3 AR T 0. 017,0. 022,0. 021 F11 0. 031;

(2) 529 R B A br i) SCAP R 5 UMAN
BERLEM 1 P B I S8 SCAS 7 8 Bk A o0 s i
BT P g S B I X T R T R R AT Rk
(1. DETC BB ER 5 1 F £ 5 R0 P AR AL » 78 445
B Ak B TR R B, T SCAP #6874 ik — 4
I8 T A AL SR Z X TR R B T A



5 4] AT+ T S B2 T R BB A0 £ LB B 931
YRR 5 Bt 5 b R RBUKARAR W 057 S UG T I i 5t

(3) EPAB FE 1 2% [T AN [R) Bl 2 (1 R AIE AL 455 B
JF AR L FH P R A ) £ 45 A8 REAE 1) DL 30 1) 4%
AR L R Xt AR HEAT U L BRSO I 5 R MAE
FE bR AE S b O oA 0. 626, H & B T AL DL
H D) £ 1) S5 AR A N T B AR AIE 2 2T 3 PR T
TR () T 2 B 5

(4) DTCN #5271 3 I 45 22 119 i IR 2 38 BT
F P B SCA T 55 BAE 0 AR B 7 51 317 A
A 2% IR BRI D7 8 P 50 e 1 R [R] 1
fiE 50 T S0 25 4 5

(5) SEISMIC #& B 75 B i} 1315 B A0 g A SR Xt {5
BB AR R AT AL, R T — 2 S5
TSR N KA G . 0 R B Y 5 E B
LE NP VIR DRt = = 70 L 0 R DA R S e P S
L T 5 780 XoF 175 % 47 B8 1) T 45 2R

(6) Inf-VAE B8 2% & T H P 438 W) Bt ¢ &
FUET P 5200 o AGEAT F P B J T . 8 i JH 2 1 1)
F T Y TR AR TR A S R SCAS R P A DG R
FIE 5 BIR ) 7 32 R TR0 g e B[] B B R A e 2 ) 4%
Xof A 5 T 4% 1) 45 A8 SR AT 4 B o D 3 X AR AR 1Y ds AT I
(i) 77 A — 7 5 T
4.5.2 AP ) 43 2 S

AR SCRE A RE TI0IN AR Ay 432 ) L, Xof 45 A5 R A7
TV SRER AR bR O F1 2y BURHERS 5, S 50 45 R 4
2 Fim.

(1) A BT [ U9 52 55, 43 28 S 56 19 45 2R 22 0 A
K.TE F1 o3 BOFESH 246 55 1. SCAP & R 7E g A4~

0.78

AHEE T X7 oA A v 3 I B 4 1) UMAN #2781, F1 4y
BT T 0.034,0.021,0.034 F1 0.025, #E#
FAYBIARTF T 0.012,0.016,0. 026 F1 0. 021;

(2) {BLAF T R s 25 A BB AE AN [A) B 4 |
(2 LR R 1. AR R 25 1R T HE Ry i 4
AR T T A B A b X A O
Ji A AT R S A R R A Y T R A A A B
2 [) AR v A5 R I AL A T AR R B {5 L R A% 1
JEE R 45 IR () R AR A G B Oy S 2 A AR S A AR
H—E M2 5.

4.5.3 SCAP ¥R S5 By

FEASCEE 1) SCAP AL H, F /4 Iy s S0 A
J7 5 B A AZ B 2 ) SR 28 A BRI I ] ) 4G
JESE AT LS AR5 1) 280 O 1 VAl A S RO B Y
ToUI P4 B Y R 0 FEAT TR S5

(1) F P I3 52 SCA 7 91 856 1 52 i

ARSCIEIBC T UMAN BB AR Sy % LE AR AL, P
UMAN #5ERUAE [8] 5 143 28 52 56 vh H 3R L AT [R] 1)
A LA B 51 BHls . 54 3C SCAP BEBUA[A] , UMAN
B R 25 A2 48 B A P 09 D5 5 05 90 SCAR 22 [) 1Y) 52 )
SRR LG NP 0 1 AR OGP AR EE Y 51 0 A O
PE L BITR)— FH P A5 0 P 25 A5 5 Z [RLAE A8 1Y N 25
R 2 5 T SCAP A58 Y 1 ) 8 342 48 I 7 Py sk 3¢
A JF 5 O B AT L 0T HL 25 RS [A] Y 4 58 B )2k
TR R AT N AR R BT L JF 45 G SORFRRE L PR
FEFNES 7 REAE U3 [R] 3 47 SO0 S5 5% 09 T B 48 bR R
MSE I F1 53050, sem g R an gl 2 FE 3 s,

0.80

--UMAN --UMA 0.78} —- UMA —-UMAN
0.76
%0.74' %0.74' (L;J) %0.76'
=o.720 = S0.741 =
0.74}
0.70F 0.721 0.72¢
0.72}
068 % 8 0N =% 3§ 00— — % 3 2 4 68
FH P 3 S B e FH P 3 s 7 F e FHP 3 27 5 FH P 3 2 B e
(a) HEFRERSE (b) FiEHdRLE (¢) Tk FigdReE (d) EAb T HdRsE
B 2 BRSO SR A B B MSE A8 A il
0.95F
® 0.90} 0.90¢ 090}
50.90» g g g
? A 7 0.851 T el
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to model temporal sequence of UGC. However, studies on
the impact of social circles is missing. In this work, we tend
to fill this gap by considering social circle features and the
corresponding impact for UGC to predict the popularity. It
gives a new perspective to model the relations between user
and content, which is important in this filed since we can
make prediction more accurate if we know the correlations of

them.
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In this paper. we propose a social circle and attention
based popularity prediction model (SCAP). First of all, from
user sequential behavior patterns, we extract user preference
by a LSTM-based autoencoder, from which social circle
embedding can be learned by clustering method. Then for a
new UGC, text embedding., user embedding and temporal
embedding are extracted based on LSTM layer and embedding
layer. Furthermore, we capture the influence on UGC of
different social circles through attention mechanism. Finally,
using social circle attention, text embedding, user embedding,
and temporal embedding, the popularity of UGC is predicted
by two fully connected layer. We conduct extensive experiments
Weibo,

on four real world datasets from Twitter, and

Douban Event platforms. The experimental results show that

the performance of SCAP is better than baseline methods
with different metrics, such as mean square error (MSE) and
Fl-score. We also consider the impacts of different parameters
on the model, including the number of users’ recent
sequences, the number of social circles, and the length of
temporal sequences. In addition, the effectiveness of the
social circle and attention mechanism are validated in ablation
study.
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