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Abstract  The rapid development of Mobile Internet technology has brought new and subversive
changes to online social network platforms, and also has changed the styles of people’s production,
lifestyle, and the way of communication. The characteristics of online social networks (OSNs),
such as the openness of registration, the freedom of information diffusion, and the homophily of

users’ interests, have made OSNs overtaken traditional media (e. g. newspapers, TV, magazines)
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as one of the main channels for users to reading news, show their daily life and receive their
friends” dynamic information. At the same time, various types of relationships among users in
social networks are interwoven and influence each other, which makes the online social network
environments more complex and informative. Furthermore, users’ online social behaviors are
also affected by the diverse online social group environments that they belong to, which brings us
a lot of challenges to social influence analysis. Recently, most of the previous studies that focus
on the social influence of online group environment only use single type of relationship and
assume that the relationships among users are static, and few studies can consider diverse types of
relationships and the dynamics at the same time when quantifying the influence impacted on users
in the complex environment of the social network. In this paper, we mine the diverse types of
group environments that users perceive in OSNs and model the influence of users” multi-relational
group environments. At last, we evaluate the influence of the online group environment that
impacted on individuals and propose a Multi-Relational Group Influence model (MRINF) to predict
the status of users’ online retweet behaviors. Specifically, First, we analyze the diverse types of
online social relationships and mine structural characteristics of complex network in online social
networks platforms. Then, we give a deep analysis of users’ perceived social group environment
and propose two formalized definitions and give the group detection methods separately to find the
potential group environments in social networks, which include the static social group environment
and the dynamic social group environment. Secondly, we quantify the macroscopic structural features
of two types of users’ perceived groups. Moreover, using convolutional operation in graph attention
network to simulate the information diffusion in OSNs, a multi-relational group influence model
is proposed that combines the microscopic influence process among users and the macroscopic
perceptions features. Finally, taking users’ retweet behavior status as the main explicit expression
of group environment influence in social networks, the proposed model is applied to the application
of predicting individual retweet behaviors on two datasets and compared with the state-of-the art
algorithms to verify the rationality and effectiveness of existing models. The extensive experimental
results show that the MRINF model that is proposed in this paper could effectively describe the
influence of users’ perceived groups that impact individuals in online social networks from the
static and dynamic perspective. In terms of the task of users’ retweet behavior prediction, the
MRINF outperforms other state-of-the-art algorithms on the evaluation metrics. Specifically,
our model has an improvement of over 33% in Fl-value and 16% higher in Area Under Curve
(AUC) value compared with the existing state-of-the-art social influence model.

Keywords online social network; groups; group influence; environment-aware; graph attention
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R A g PR 58 s, = (e [P S - FliR A
FUou X JE R B R s, R |F R
FH P i Jas T2 2 A A 3R 555 1) Ja 2 1) o 48 KR 7E GO A
JIE 38 o R D AL AR i B A e B A R
EDaRSRER 7Y DAl b A (P SEE kA N S Nl
R T S T A B ) A R AR

SRR Rl G 2 B 2 )2 B M4 4l
X T EERE MRS LR A HY =

(2)
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AR =s.on B SR oy HY D =
U0 e YR O w R T
o R LR AR A R P TR T R U S £ E £ SR
[ B € R F O i Y A R ) 4
. BRI S 1 0 TEEEARJE Y SO B AR A E
B B BB atn: R XRT >R, £R N
e,; =atn(Wh, Wh,). Horh We R" " Jg 0] 2 3] [l 4L
BB M. R EE S WD RATER X
28 FH P T D S A v 1 B TR X AR
) 5E M AL e — J7 T8, AT RL3G 5 H AR 59 00 Ry #
B IEAR B & ) —J7 L Bb 1B B[R] A R
JER S (A 52 2 B2 SR 5 AL softmax o E0H — 16 H
F 55 7 J e A AR B0 R P S AR R
exp(e;;)

2 exp(e,,)

res,

Horb SO P BT R 0 R S TE AL R 0 M X TR
JIEREC AT — N AE S BN a BT SR R 2% H
Ha€ R LI FLH LeakyRe LU 3 i o 5506t i
MBI AT AR L A . B 2% 45 BT 25 ) LA 9 3R 2
HEE

B exp(LeakyRelLU(a"[Wh; || Wh; 1))
o Z}exp(LeakyReLU(aT [Wh, | Wh, D)

Horb, || i Z B ) PHEERAE. 2 Z R BT E T
P 265, 75 3] 0 25 T A 1 45 o A
h[gzﬂ) :6<2a,'jW.\hlw>

T A R ML AR A R v RE A 4R AS E 1Y
YR e R A fd ] 22 3k i i AL L BOAE 27 ) i 7
b S KA A LS B U R D S5 A R AT T AT o
AL RE RS A AR A RS
TE A 190 2% J v il 5 2 b 45 B RlA T B ORI R AE
iR L RN

h..=oc(Aggregate,_, ... x Chead,)) (6)
Hoh . Aggregate (+) JE B 4 pRAC. — A FIF 2 {6 28
O &K 1 A BEAT RS head 2SS T DNTERE
JIHLH ) AR

TEFR AR b 8 %k F P ] R S BR B
R R AL A5 H bR TP A8 2 WL AR B X T B 5
AR R R AE ] . HC UK P T T A ) 2% DA
WL A BE Rl FRAE [ 5 255 H AR P B Je 19 e S R
PRERBE A 2 ML L ZRAT B AR TP X BT s S R A

3
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4
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PRS0 8 R0 1) A R AE. e 4 K 1) R R OR O B s
FlE TP T e 2 A A B0 B A S [ 2= Y 5 T

fE.
4.2 HEMERR
4.2.1 ShBEZWIEIERA R

TE T 25 AR 1A J8 PR A e v e A 5 R 45 AT
Fa B I ST O 2 R FH 0 2% 3 24 2 3R A% T P
SRR A S5 M Jm kR SR P AEFE A L
P 45 FP R B8 O AR (N B e ok 2O i T AR BRI
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SCERIE. E G M Y T I %) 22 i — B ] BT A
FURG B AT Ky i Bl 25 W A DB LU R L S A
iR R MR AR T C S R S A S HL I 2RI
i 2o TS A B AL TR AE A Y Y S S A R 45
BN TG R WA BAR A 1) 3R R A )L 3R
AR D HER 1) e, € RY.Z N RAE T 22 0 £f
BB KRR LS P w7 A R AR R 4%
L AL AL
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5 RTER R B LA S 2% P i
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AU P AS By B 30 8 158 P i s B AT R
JU YRS R VR P 2 B8 R 1] 52 3 0 . 68 B dlE 4R o
F P R4 0 e AT AT e it 4 KB 43 (98. 80)
P e AT IRl B A 2l i 5 KL LT B A
(99. 796 W P (9 5% AT R I B 3 7 10 K LA, DA
P AT s Crb m] DL B, i — s ek 1) 1 A
F D S 52 AT D 50 H AR T AT REMEAR /N P
LS BRATTAE Sl A R B Ja) 70 o 7 v 30 49 2 i IS
IF) fi 3T f) — BE I ) (10 KD P F AR JH 7 3 ki i
FUxE G B HERG S 5% A B AL R — B P HR s R 45 A
DA ) Bl AT AR R o e 4R L IR AE S A 5
P 25 R B Bl 2SR AR A B
4.2.3  BhASTHERIR PRI OB SR

TE B A 25 H J8 PR A JZ 8 W 4 37 o7 > 48
JELP T Ja8 114 30 285 T R B0 5 114 4 Ak e 55 300 4 ) s
[F) F T30 2 8 PP P TR 4 8l 2 R R B B R A
DEAT AR » AT DU g 4 S0 HoA 581 3t i Ak P
VR PRI 1 22 WAL [RIE o R S A58 1 JEE R A
R TP T I Bl A5 TR PR BT 10 4

EX 8. MRLHFEE (o, AL 5 45
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. B AR P A6 2l 25 R i 7 15 6] 2 1T P9 1Y
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E@%%?Eﬁih,:{ed.; e o 78 TP Ta) i 008 il &
BT SRR 8k mh & 5 v HIEEE
jjl_‘lé%ﬁ/\ﬁiﬁ)ﬂ%dﬂ‘ﬁﬂlﬁﬂ & AT R [F
RS SH AT BA L H R R — X5 8 Z (A
(AL e, » 33 3 softmax o ECHEAT I1H — 1k,
e 2455 WO R LeakyRe LU 35878 & AL Y
R B BN FEGR R B RO N
exp(LeakyReLU(a"[Wh; | Wh; )
> exp(LeakyReLU(a"[Wh, | Wh, 1))

Forb, Do 1 P B B S ASTE R RS P i T P AR 5
Zid 22 2 BB T M4 15 3 3l 25 0 A 1 e
il i L
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BV =( D18, Wh") (9
Hrb DA P w, BT I8 W S S REAR R B 0 P &5
WG B 5 2 Sk TER ) NI 32 i A L A B3 P iz
fLfE 1. B G 23k 1 i 1 45 255 5500 3 25 B 1A BR
S AE B Rl 1) N
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Horr o Co 2 S0 R 2K Aggre;,ate( )R BRE
TSR v WA (L o R AH 2 7 30 25 R0 2% A 4 el 2o AR
BRI POY ST N iR S U e S & < N S D IR
) Bl 285 58 5K ZR Bl A5 I (0] 732 A i E B AR X T
TELRAL A W 28 v (8 P A AT D X B B B9 5 i A
IR 8] 75 TR EAT S R BRI A o BRIV P A A R 1A] AR
T FOAT 2 X3 8] 55 A9 A7 D 77 A 52 e A S T
LB 24 i N R 388 3T A AT DA O P 7 A 1 5 W)
K. B LA T P A AR T BT 4R Bl 25 A
(LNNEEE S i 1 s s ) [ 2 YA S 7 T
LR 5 T P 28 LG AR Y N TA] SRR 52 R
e R v ST R S A TR BRI L AR T P A2
17 R 0 B TR s 4] 43 A5 2 | T [ A~ h 8 7 BE R R 5%
TE A A I ] 0 10 0% B AR B 05 oy s DR A5 P I R

FREE AP P A AN L EAUR B AE I )

PP Z (6] 938 .56 AR DA I 20 B 24 i I 18] 7 1 3
PSSR 2L 7 ¢ N 0 D LT W o s o B e
23R T T W 2% T2 X 3l 25 R PR S5 TR PR R AT R
el 1 Ch) L BAKRTTE L FE RS I H T A
B W) i A 5 E— B[R] B O CT ) B9 i el
R HEAT R AT AE AN TR B A A —
EVQIUE TR RS Y RS R S e ok iR Y]
RS RS b R B — AN IR A6 A )
h'o )y 4% ) A
E%/\ETI‘EU% Di%iﬂﬁ@iﬁ&é%%%%ﬂ?%
Bigumic >+ > Wiaic s B amic s Bidnanic € R 5l i 4 16 ik
E‘Jé’%fiﬁ?ﬁlﬂﬁj‘lﬂ@DE’\J%MH’%I/\EEJJHI
il 5 e A A I T) T 11 A i 45 2R P AT S Y 2
FEEE.
namic an
¥; =softmax(e;) (12)
Forp W N S8, v 5§ AR R )
RO, e 28 B SR R L R 5 00 B i R B9
TR RRATT LLR IR
hlvxnmic:Zythl;lvnamic (13)
EZIKE% 2 1 2 SRR 10 T8 PERE B 1) HE Ragnanie
T Bgymic € R AL B FH P T I 3 25 B0 A 45 40 1) 2 00
Wﬂﬁﬂ@%%wﬁng%MHMﬁﬂﬁhﬂf
(] il B B A B 2 W R AE h 25 5 25 8 T A A [m) I
() 11 PN 52 B G AR 1 i A
4.3 BEOERIN N RE A TN AR IR
X FH P T 2 AR AR gl 2 AR AR 0 e e 5 R AT B
B hia = [ Boie || Baynamic | » Piina ER™ A 1 HG)FF
8. A S HO WO 2 4L R W, e
R*™* SRl A F P BT 8 A 28 0 1R 38 555 1 R AE )
T P 2 BRI g AR T DT F AR
5 AT RARAS I 1 v (D PR,
4.4 HEREIY
R 5 iy oy — > 4k & AR e Y
Fij I [R)AS ) 5 e A7 A RS M 38, B 26, S5 8 4 vh
A LSS AT XS LE o b A R 458 2k o . A UG, £
X B ABL AR BRI KA DAy 5 TR ) 458 2K bR -

VI
L= Ebgﬂawme» (14)
Hr.a AP Bﬁﬁiﬂk 24 P A 2 I ]
A RAT RIS @i =1 A5 a, = 0. 15 22 [0 25 45 R AR
A5 1T 5 2R JH 117 LR/ Adam 4046 7 821 4R
A T A 7R 0 B B 2 4
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S5 5 v (e T A 5CHRE A D DI PN T el R R A
-G HT IR VT R 4 1 Bl HLARCR&E R
e BELIERE 100 AP 715 2l T ORI R R
T REDL S Py ) J5 R AR PR R o 3 BEZ N
PP EEAS. HK T FIERESMHPES,
T BUH: e AT I AT B RN % R AG S e B AL £
HeLE— B [E] (2015 4 11 J) W B A kA7 iy H
FAER AR AR S BR P P RS T
AN LB HIA I T Ah LSS & Twitter® (A JF
o 45 B S AL B T P Z R W b A R
JIZ A5G e R R R AR SR Twitter H1 36T Fy
B AR 7 R BE AN 2012 4R 7 1 H 3
TH 7 HRBHELE. 5 Weibo HUEE AR 2 L 1%KL
A TP AR B S5 A OG0 TP FR A S, B LU P T
R 56 28 L S AT Ry % R SN . % S T R A Y
SitEEWmE 1 PR,

®1 ZBRBEESRIT

o
“ik Weibo Twitter
FH P B 18789 23066
KRR 8774463 208564
HRRXR 791825 45997
KEXREE 2. 48e-2 3.92e-4
e R K REE 2. 24e-3 8. 64e-5

FEXF Weibo 5250 B85 46 Al Twitter 5250 445
8 P ST R P R R B A AR A T ST
I 2.8 3 AT LLE H . 7E Weibo $ 4 4 Il Twitter
B A b, PR 6 T B M HL e e B ) R
OYAR. B, e P O T B B L A Uk, AT LA
KA K Z RO P 5 N T R O
PR ZMEG M. YRGS RAEW TSR
KO o B P AT RS A S B2 R P AT O B —
B IR T S50 I 3 B A 1) £ PR R A0 AT R

102 ._-."\."' 5 1ot ..
10°r
B3N =,
Elo — 1077
— ol
10° ; ' 0 =
10° 10' 10° 10’ 10,7 10' 107 10
FF# i (Weibo) FF R (Twitter)

B2 PO R R ECE SR ST

2 i 2021 4F
10°F 10'
10° ."-l- 10°
ﬁ \k- ﬁ 102
= R -
1L
10 . 10' .
107 —_— 10' NG
10° 100 10° 10° 10" 10° 10' 10°
R HuE (Weibo) B (Twitter)

3 AP E KRR BRIk ST

TESL o, E e B B B AE S L P AT
R R ELSEAR, PR O ¢ 22 Y AR R O A
LERAE. RS B R R ) 8 2 1+ 1 HEAT R4y,
430 S U R L TE AR AR . L I R4
RN GRASE T S50, 30 E 4 FH R %6 % 0 1 o g 1 55 7Y
I8 B e et e 0 2 8. B R A 3 A B O ok
AR TR 11 e 2R
5.2 XWigEMEMNAE

TESZG 3 E P T & i A BRIy 50,
Weibo ¥4 46 ik & s B HEAR ARy 20, Twitter
B A T ) ) A BER R R 50, I 45 Ty R ik
N FEAIE 1] 2 9 4 5 43 51 16 (Weibo) Fl 64 ( Twitter ).
S0 3k R v PR A T S B U B AR R AL 1] R 1 O —
2 o 1 el 3K (1) A5 B A T 3 O B (PO L
KO MBI EAR L3 153 19 32 B JE
(o). FEN Rt A b i FH Adam (ARSI SE17 1k
TS50 Hr , 2% X # (learning rate) 24 0. 0002, Y| 5%
H(epoch) 2k 1000, % 1551k Cearly stopping) B 1k
RERLE LS SRR FL AR IE4E F %St 30 48
NS RN | ol = S AR G (o W4
FUdis) =X dis Sy F T i ) 1Y f 4 R 2
I 5 48 2R A 2 X =0. 8. 7 RS0 v (8] 13 75 ) ) 4%
MEEOE R 3 2. TES S ARG 2. |,
e 2 I [E] g 6 P g s AT Rl SR R AT
FOR L AE Weibo Bl £ 3 R (A T=3)H —
AN B 7E Twitter 040 4R ik £ 2 (AP
T=2)RKK—W A5 K B 78 B4 (8] 7 1
B 3 J2 BN R ) M 48 )2 AT RRAE Rl . X T X s
RYY 0 2 B AT P 00 16 45 3R A I o R B A4 PR
% Ubuntul6. 04 % 4, Intel® E5-2683 @ 2.0 GHz
CPU, & RE &R GTX 1080 Ti.

Xof TR Y (g S B g5 R i Tz N T 2R
[o) 55 A 1 DF Y b T K UE B (Precision) . B Al &
(Recall) \F1 { (F1-value) # 47 ¥F 4 . 378 F§ ROC

@ http://www. weibo. com

©@  https://twitter. com
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Hh £k T 5 Ak 5 A B A% 79 T AR (Area Under Curve,
AUC) P 5 78 1 U1 2R3 R & A PE 0 46 A 1 2 AR
THEENT .

TP
Precision=—"—— 15
recision TP FP (15

TP
R = (16)
AT TP EN

F1:2><Pre.c.ision><Recall amn
Precision +Recall

Hor, TP Sy EAE B, ks IR AR B O 1F FE AR 1 5K
. FP R BAE ] . AR G ) B A B0 S 1 491 B A 1)
Bk, FN B BB bk 1EFE A B0 S 67 RE 4R 1 51
it AUC A ROC 1 £ 55 A b il B B v 1T #4687 5t
e 1 P AR A A PP A TR 255 SR e
5.3 XfLbiEE

T B UE BT $ MRINF #8545 2bk, A e
A B Z o R A 5 W T AR 1Y e B AR R (state- of-
the-art) #F47XF b » B R 28  BR A 80T

DeeplInf. SCifk [ 84 H (A5 7Y , #5078 3 F 7 2k 41
A2 ) 2% F R P ] S T R 4% 45 K L ) P A 0 B
Hh G AR R » 5 4 B 3 1 I 45, %k P 4 e S A
AR S i 64T AR, I R P A8 B S AT kg o A AR g
FTVEAl 5 5.

WLAGAT. SCHRL19 15 ) p B, 32458 7 I
FH P (0458 56 12 56 28 058 B 56 ZR 56 90 2% 45 by it 47 7
B F) ] Weisfeiler-Lehman B3 U G R 28 rp =57 183
AR A FN 28 A8 E AT 18] R SR AR L 3 4 A T 7 ) 45 %
HARFH P B i TS & R B2 AT
B FE P R AE J8 1 o Al e 2R A S 2% R H AR P I
2 B W FEARZ R . 38 R R P R] Y 22 R Ok R A
HEW G 7 — R LR T 7R LA W 45
B A B 1 ) A

MRINF. A< SCHE 14 8RS, 25 4 78 2k 4k 58 I 2%
v P T D S R R BR B RN gh S IR R B L T
V3 3 77 I 45 03 114 22 46 T A B 55 5% iy ) A R,
L P o AT SR et A A AT AR S R TE.
I3 54T R ek BB I 5 i LA B[R] Pk AE AR
R SIS TR IS @5 2 X F F P (9 7 s 58 |56
F A4 isf [R) g 1, 7 D Al bl ML
2 3] A B E] 6 P T JE R A B 8 Y R i AR
FH. FET S0 AR 5 T« T F0 A 45 45 4 o 3
AW G A v, 08 A A 2608 J5 3k LINE {45
S FRAE i) 2 1 TN A TR

5.4 ZWHERSH

ST B BT BRI SR 2 RO R X S0 i
HH AR RS e B 1 R AT S B IR AE Weibo #E 528 ¥
SRR S DA B Twiteer 3504 98 v ik 4T 52 50 300 St
45 BUORTE AN KRS | 1 SE 4% S e 2 PR,

R 2 7 Weibo HIEE R Twitter HIFE FRKHWER

B e it AUC  Precision Recall F1
Deeplnf'®] 0.6905 0.4092 0.6564 0.5041
Weibo WL+GATMI) 0.7355  0.4362  0.6695  0.5282
MRINF (ours) 0.8535 0.7074 0.7060 0.7067
p-value 5.6e-5 6.5e-5 9.9e-3  1.0e-4
Deeplnf®] 0.6797 0.3523 0.5167 0.4189
) WL+GATH 0.7421  0.4108  0.6691 0.5091

Twitter

MRINF(ours) 0.7522 0.4868 0.6167 0.5441
p-value 2.6e-2  4.8e-2 1.8e-1 2.0e-2

G N 2 Al LUE L P Bs 4R v, FR
TR BITE 25 255 VE M 15 bR B RB 38 B e i OF B
A TE. Horb DeeplInf #8815 T J 22 [8] 19 0¢ 1:
KA WL AT AL 455 B As P AR Ja i AT RS
G TN H AR R AT RS AH X T R 2%
AR Z2 1 P T O O 28 0 4%+ 20 #i it » T HLAX
BE T O T G AR I 2% HEAT AR 2% 220 ] P 22 B G &R
JIT 2R B ) T 2% I A5 R N A7 TR Y T TR S e G &R
1M WLAGAT BRI i 48 F P i i X R T -
IF) 1) 52 . 5% 2% fil 5 B 48 — 9 AL 58 58 B W 2% (Social
Interaction Network, SIN) /1, 3F H XJ H 5 B9
FIME S HEAT S b o DA 28 M 1 A 24k 58 W 2% o
[F] 5C 28 B i i M 4 s 1 R B PR RE. AR SCER Y
MRINF 81, X 7 2k 4 52 W 4% i 7 56 R it Ay
G328 1T P T AN R BE R R 05 O e # S EAA
P 555 P 2l A5 AR U BR 05 T 16 4 i) AT AR B T T b
Z\ ] Z2 YE R R A58 X6 P 0 5% e 4 P i LA AR 7
SASTER Rl B XF P I sk 28 B 56 &R AH R AL
A PRI AR I () 4 B2 R A7 R 43, HAE Al A A T
BT HL 2 2T A6 AN [R) 08 B () 2 11 A T g R B 45 %
FHP Y HIAT A 8w AR . NI 7E AUC . F1 {8
SELRA VR 48 A5 J7 TR BE 3K B 50 1 L g 45 R AR
S v S BT AR AL 5 R B A R R L SRE A &
WM TR bs B T BAEA K5, XY p<<0. 05 I, K W]
AP $ B BRI e An N A BE AR T

HWRGAE Twitter Bl 4 of SO 4 H O AY
WL+GAT BRI B0 T HER . H 578 Weibo
Bl 5 EiPERE R B L, IR BERLAE Twitter 3k
PEdE by R AN, B IARIHE WL+ GAT
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28 H. G F SN B 8 AH X AR 25 i EHE AR L XA TE
At 28 W 4 v TP R AR 1A P 58 A S0V T 4 T b A
R T B 52 2% B A 2t A BE AR BR 8 A5 L T 42 1
I dop A5 T BB T A R X B 1) 5 S 6 R A
IBE HEAT 43 T AR 2 52 3 B0 A s M 79 52 el DT
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O b oG 2 R Ry B — R0 4%, AT DL 2R fi P T) B —
KA R W BT 52 B A5 A/ BRI AE G &R A
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FEI 5 A SC P B AR 25 BRI B B AE Recall {H
R T AR ST R R AL R R X AR 4 A R
Tt vpr 5] G AE O FR AR X B4 % 1 Weibo 4 4 L 42
25 MO8 R A — AN Bl Y R 2 SO AR T P
FEL AN [] 288 391 8 R4S 3 5 A >k 1) 52 il 4 T o BT 25 o
AR BY Y 14 BE. 72 Weibo ¥ #li 46 b iy 5256 45 2R &
B, ST BT 4 R TR 43 J31) A ABEA ] 258 ) AR SR B
(5 W VE T2 S0 i R I 76 & PE M 45 45 0 THT 1Y
2T WL+GAT ##1,
5.5 RANRTAEDN

Pl ik A 27 27 2] 38 2o AR 3 B T 1Y B AL e
P T RL L 4 45 i A2 2 D A5 A TR Pk Y T R
e S S 4 1Y 1] it 3R R A5 ) A, DTG AT LA O
HEAT T RUAP IS VRIS VHE B IO 2 T AT 55 SE A
BRIy i JE b 2R R TR AR R T AT
I TR A B 0T A 28 BT i A 27 T 125 1 ORI DL R L
TERERI R T B T T i 0 39 s i A SRR
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0.8F

N i
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Background

Social influence depicts the phenomenon that users’
emotions, opinions, and behaviors could change due to the
social environment, It has been studied for a decade due it is
widely applied in the area of user modeling, recommender
systems and information diffusion analysis, etc. From the
perspective of the granularity of influencers and influencees,
social influence could be classified into four taxonomies: the
influence among individuals, the individual influence on
the group. the group influence on individuals, the influence
among groups. In this paper, we mainly focus on the group
influence on individuals. In the previous studies, the researchers
have modeled the group influence in various applications, like
social phenomenon, influence maximization, and information
diffusion. Most studies mainly focus on the macro diffusion
pattern in the network and neglect the interacting details
among individuals. On the other hand, some researchers
regard the group as a super-node, to reduce the model’s
complexity. In this paper, from the perspective of the entire
group, we model the multi-dimensional social group influence
on individuals, which is also simply called group influence in
social psychology. Specifically, first, we analyze the users’
online social behaviors and propose group detection methods
to find the potential groups in the complex social network.
The online social group environments are classified into two

categories; the static group environment and the dynamic
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group environment. Secondly, based on this, we model the
online social environments from both the macro perspective
and the micro perspective. At the macro level, an embedding
algorithm is used to catch the global network structure, and
on the micro-level stuff, graph attention networks are
leveraged to simulate the influence diffusion via information
propagation. At last, we apply our model to the application
of users’ behavior prediction, and extensive experiments are
conducted on two datasets. The experimental results show
that the proposed model in our paper could describe the
overall influence of group environments, and can achieve a
better performance in most evaluation metrics.
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