AR EIRIRFS
NMEEEZIREESS PRI

O T e 4 i“

EWA: BRG . e
ST+ e BT

-~ J
<

»M\- .

P
¥R
el . & &
R .
f 3 . - 2
" aaal . v L
- . -

2020.6.9



REBYIFRBS AAEE

o %A, KR
QéiinxH%\ ﬁ%ﬁ\ I_:E%\
e B AR
Gj‘l'*/jL:l JTEX %
o XA, 5%, B, B @
s NAIIEES
e Rl e g AFPER
G IATN: e. g FRIERE
o B3 e. g RN

1E

U2l

¥

#IEZE2020FE18, €7 53060 A 32 R4

Kuaishou
Pinterest
Twitter
Snapchat
Reddit
Weibo
Qzone
QQ
Douyin
Instagram

Weixin

facebook Messenger
WhatsApp
YouTube

facebook

mERAPY(BA)

500

1000

1500

2000

2500



o [ERE L EEMARITRIO73)INE “MEXBBEITENEMIEIS K
HEAMR 288 “MEAREERLINSHN S A

.;H z (1%%5'5' 201 4CB340405)

@E JABFEEE SN N IR RIIRELL B RiRE
20 ’ﬁﬁé}ﬁm HIFE TP ’%H,f(ﬁ'éﬁﬁw; 61532001)

oA BE-—-PEBRHIRAEESINE, RARBFVRSRENEABA
BREEN A R MBS (RES:MCM20170503)

}




|1z Y
a2 ® & ue
o [ERYLR
1. HM2EY FHE amazon 3 Youlube
(RE+HLE)
0. IIScrhpy X RRIEIE ‘ dblp

(REHAE+RIEERE)

o ZRFE
1. EMRRAZEHZEESEE
2. umEumil gk




LI =< 87 a
WTT Rl HoRMEs .
0, ﬁﬁ j'biﬁ I

ﬁﬂfla o [BRMEENZE
FOVEESS, ARG, AR .
EE g;& o EEHREERHRE
B2, 1. BEEE TR
\ﬁi’i,gfi o ImEEITEE 3
e R A e RES




ElZ 1z

=] B
I =S

Bl 254
EREERK

[plid i3
HEER

SR AL

& RIS
SECEEEZERZEEEZR S5
in BB AL, FIEER

4 2] )RR AT B

& A

£

{2

SR8 44

FREEREREFESEIFTR

B S F BT E

IR 12 AR A4
FEBESENRAREE—E
BT AR R T

Wy,




ElZ 1z

TR

=] B
I =S

Bl 254
EEERE

[plid i3
HEER

BE

SR AL

RIRTT %

ETEEEBM
Ay Eﬁﬁ:EZii}b

iR T [E BN EY
P& RTF ]

HEN
[E] 122 X 4%

BB A

RO T RFIOE




XN — ElETSE

o[BI BERR: ¢

o

2

2l

| 5= / /.I\ﬁ\é;\\ .é;\

j //% /'\j;?//o\"\\\qo

o« NI
Y Ziha
E *¥ / | /

Fig. El#3E

o RERTENA/TR, FEIEES

Nk

°

X & I

d<<N

Fig. EIRIEE R~

S AT Y EL 4R

cEIHIESETR: MARTESD, EHMIME

W
g

Input Layer

Fig. #2245

Output Layer



(1]
[2]
(3]
(4]

=2 TE [1]

BEHLSRREL [4] | | g,

B
J.
J.
2

%] 52 5 T IR A%
o NERTIES 2 HFHREE

10;

EFaFERE o AIRRRRMGE
SR (2] o HRIWESISEREE MNEE

ISEISN 05 o BREBRESLENRE
&I [3] o HREMERZ TR

A RERME A5

s 884

Fig. #t X &I

Adamcsek, G. Palla, |. J. Farkas, I. Derenyi, and T. Vicsek, “Cfinder: locating cliques and overlapping modules in biological networks,” Bioinformatics, vol. 22, no. 8, pp. 1021-1023, 2006.
Yang and J. Leskovec, “Overlapping community detection at scale: A nonnegative matrix factorization approach,” in WSDM'13, pp. 587-596

J. Whang, D. F. Gleich, and I. S. Dhillon, “Overlapping community detection using neighborhood-inflated seed expansion,” TKDE, vol. 28, no. 5, pp. 1272-1284, 2016.

K. Gopalan and D. M. Blei, “Efficient discovery of overlapping communities in massive networks,” PNAS, vol. 110, no. 36, pp. 14 534- 14 539, 2013



RSN — BNERAE — BRrEs

iR R
DeepWalk [1] Z3ERYZZH M BE#LHFE B% 12 S
LINE [2] —E. ZEMBERR KEAMH20EERE e &

GraRep [3] BEMMEXR  HERAEKNTHE :
SN [4] BEITREMARNE  BARASSHATE e

I

sate -0.5 0.0 0.5 1.0 1.5 2.0 25

[1] Perozzi B, Al-Rfou R, Skiena S. Deepwalk: Online learning of social representations[C]//Proceedings of the 20th ACM SIGKDD international conference on

Knowledge discovery and data mining. ACM, 2014: 701-710. F %E. — ﬂ
[2] Tang J, Qu M, Wang M, et al. Line: Large-scale information network embedding[C]//Proceedings of the 24th International Conference on World Wide Web. Ig 0 | ‘Qm % -
International World Wide Web Conferences Steering Committee, 2015: 1067-1077.

[8] Cao S, Lu W, Xu Q. Grarep: Learning graph representations with global structural information[C]//Proceedings of the 24th ACM International on Conference on

Information and Knowledge Management. ACM, 2015: 891-900.

[4] Lyu T, Zhang Y, Zhang Y. Enhancing the network embedding quality with structural similarity[C]//Proceedings of the 2017 ACM on Conference on Information

and Knowledge Management. ACM, 2017: 147-156.



X HBxIE
XW T REYHERIEMN %K T ik GraphSAGE [1]

AXW ,‘\\ABi_JUE—'”%I%'f:uu GAT [2] - S
D

'AXW  A—EATAERMES  DiffPool [3] ! - \\
f(bAxw )H%Ellif)%liﬂ']z%fbﬁ MALTE{ES. DGCNN [4] | &

N~ 7
L R
[ LAY 3 LAY 3
[1] Inductive Representation Learning on Large Graphs. W.L. Hamilton, R. Ying, and J. Leskovec arXiv:1706.02216 [cs.Sl], 2017. Flg L 2D%$R5 % ,El
[2] P. Velickovi¢, G. Cucurull, A. Casanova et al. “Graph attention networks”. arXiv preprint arXiv:1710.109083, 2017.
[3] Ying, Zhitao, et al. "Hierarchical graph representation learning with differentiable pooling." Advances in neural information processing systems. 2018.
[4] Zhang, Muhan, et al. "An end-to-end deep learning architecture for graph classification." Thirty-Second AAAI Conference on Artificial Intelligence. 2018.



EN1(D58) AP AFKMBAE A, ¥ PVEAH kAN ILIRZEGTF B P, Py, -+, Pro
IRIG AR ML IE )3 3 KR BT o) R0, 1B fE y1,1n, - - -, Yro BEIFIX k NE VI FHA1F 2R IF)

AR 0 i o

v

B TREG B EE 12,31
o RFH7 MR

o MREENST B
o FEF Al TR

o SEINARER{L

o EFFHTHE

o IRARELAFER R JEE

[1] D. J. Miller and H. S. Uyar. “A mixture of experts classifier with learning based on both labelled and unlabelled
data”. In: Advances in neural information processing systems. 1997: 571-577.

[2] A. J. C. SHARKEY. “On combining artificial neural nets”. Connection Science, 1996, 8(3-4): 299-314.

[3] L. Y. Pratt, J. Mostow, C. A. Kamm et al. “Direct Transfer of Learned Information Among Neural Networks.” In:
AAAL. 1991: 584-589.

FIMLERY TR

ERFS MoEfEZE

Gating
Network Th=19ulx)=1

Expert

/ Network 1
Expert

X —* Network 2

\
Y2 H
- Yy=g1y:1*95/,*33y3

\ Expert

Network 3

1. S—

Fig. #8122 W 48 Fh BY A #4) SR % 28451 :Miixture-of-Experts HE42 [1]



ARNE — BTSN — SR

ENX 3 (GBI 1% P —RAFKMGBEIZEF A, FF P RISA kAN R 2 69 F 9] 2
PPy, Py, #FATEAESEREF QS BART w9 FHFE#AITHH. 22T
;]@ﬁﬁﬁg{" yl,st R yk ETVX?—?—E'J/,? l\‘;];@é@ﬁélo

v

SR LE R TR REMRER
o HLIAE, Auﬁiﬁa\” S
& G ﬁsk%j-jj:’ H_gﬁgu \ / /
o SR fEAL N Rl B N B4 / S /‘/
o Jﬁ)]Lﬁ'ﬁflEQBi'lZ%'fEl’Jﬂ%? e
o ZIET s
o PRI R E LS HIREERRE Fig. 4RI A A 55 B AR5 5 k- AP it T

& SR SRI A RSB 22
& 3 KeRIEL

q




RS — ENREEIE — R

EN 2 (RN X P RFKXBYOBIZIER A, 5 P RIHDH kAN IR 6 F 5 4
PPy, - P, #/NTFTFABREEGRE PO —LFERBRHITIHE, 2T P97
Ui, Yo, -+ Y o) VAT B R 0] A0 69 %

y

REERM. EBTHEXNZ BN xRERE
o BT RMBENES S LRSS e\

o HIESRRER

3 'I'-l_ﬁg%% ; )/
o T AMTREEBZIET S X EZMNHE

o AR TS SHNEEM B
o BRIZMENE B ARERE Fig B8 2 ARAR 22 5 SR BN A T IR A T o 8

o BRI MEIARRRIRILE T H S A




ElfZiET
B R HYIZ

W3R MR s RRFIE M RSR

ETERZEN
HWESHLX LI

YBop il z|0 SRR

RAlEERAT R




® HRHE — SHERIESER — Fox

AMEME LW ESTX LI EE
o ETETICHAXAINEE — Fox | —

1 e S, d P X
O :Hl.‘.ll-& Eﬁ /f*lz EZ'TEI_J =4 ‘. . o... O. -
o Rl XEFMESWBEMXR, REHE : LN
oRR: HABEE, RIEERKE e @090
‘ View <ot DAL €SS
oFox 5 ¢H A @’ o, %% o
o XEIES > HEF—NPEFERE o0 ¢ o C0°
Bl — 141X (e) 0.52118  (f) 0.65128 (g) 0.78072  (h) 0.92798
¢ JRIGE - HirT S B IR Fig. FAWCCIEHZIE S 15 X B2

Tianshu Lyu, Lidong Bing, Zhao Zhang, and Yan Zhang. Efficient and scalable detection of overlapping communities in big networks. In
the IEEE International Conference on Data Mining 2016 (ICDM 2016), Barcelona, Spain. December 12-15, 2016



http://www.cis.pku.edu.cn/faculty/system/zhangyan/papers/ICDM2016-lyu.pdf
http://icdm2016.eurecat.org/

® HRHE — SHERIESER — Fox

AHEME LNESTX ZIEE

s B EBEHE
o BRI X X4
& 5B SR B AT 3R B
& BB KA 2E =

IaFox B0 Fox-naive[l0s-Fox 100SLOM 00 BigCLAM [0SVI BB nise linew LFK

i ‘ L.

DBLP Amazon Youtube

Fig. 8N XA IEEENERIFESE LRVERE

e
(3]
1

NMI score
o

800000 -
v —=— remove
700000 B transfer
0n \ .
Eeoo0004| 4—insert
£ . v— Copy
S 500000 |
o |
E |
5 400000 |
2 300000 ] |
‘ 1
2 ?
c
2000004 |
A
100000 L p-®__ 'y
=3
- \‘4% e S

: SARES
12 3 46 6 7 8 98 1011 12 13 14 1S 18 19 20
iteration

Fig. IAX1EM, BN SBERIETF

3.9MPB =, 20.5M% 22.5MP5 R, 127.3Mi8

Dataset | phone-call | Google+

Algorithm | time cost Density wc/wi Qov | time cost Density  Qow

BigCLAM 38 hr. 0.028 0.604 1.401
OSLOM 194 min 0.442 1.845  0.621] - -
FOX 14 min 0.607 2920 0.758 | 238 min 0.529 1.044

s-FOX 20 min 0.325 19.434 0936 | 260 min 0.328 1.334

Table Mt X ZIMEEE KRR 2% _ERIZRIN



@ FRHE — SHERIEER — DM

10 gI= _ .
]'/\%u =15 ﬂrli‘l jj :ﬁ;‘l':_'\ Diversified Influence Maximization
] . Authority the expected cascade size
0, %ﬁ'li%ﬁ I]rﬁ,l jj EEij(ﬂ:,FTJEE Diversity community similarity
o HkR: SIS =LA
SHE—ESHEER N (5)

Single Node Influence Node Set (k = 3) Influence

& X‘I% PR AL X X1 5342 @ﬂ’@ "Node | influence [l Node | influence
B) 0 7 AE) 11

TREmMAONERE
0 ﬁl\\\ TIE1X9& 35/\12': /C/I,D\ 6.5 @ 2

Ll 6.5

& DiM ’ﬁ AB i‘kﬁﬂ’j ;_ l 5 ©) 6.5 0) 12875

o BB RRRAN TFES C
Fig. &M /1 & KLiE)RE H FEE 8T R A diversity

Yu Zhang, Tianshu Lyu, Jiawei Han. Balancing Authority and Diversity in Influential Node Mining. Under review




(=S AU paR ey =)

o W 1%1%%[3’9 EZ =k

N == | VARA N =/, Yax —
ERARLERNMG, EFERERE. 2RHF
/, IS~ /5 “H)y R /RIS SH N 3 ~7 IR /c
30 3500
=&—LINE —@—LINE 03
®—PageRank 3000 —@—PageRank
25 | =—@=GenDeR =@ GenDeR 0.25
IMGreedy - IMGreedy
20 Ran:omGree:y (LS:) o RandomGreedy (PS)
i =o=RiaE e < =@-=RandomGreedy (PC 0.2
o =@ RandomGreedy (CD) a)—, 2000 b
S1s S %015
g 21500 ]
= 2 =
3 10 § 0.1
It 1000 1
5 500 0.05
0 0 0
0 50 100 150 200 250 300 0 50 100 150 K 200 250 300
k

Fig. EIf8B 5B (B {EMSHLT) Fig. 5

BERE BUEBSHLT)

@ LINE
~—@®—PageRank
== GenDeR
IMGreedy
RandomGreedy (PS)
~—@—RandomGreedy (PC)
=@ RandomGreedy (CD)

L ® @ @ " < o
150k 200 250 300

Fig. & (B{E#{RHLF)



ElZiET
ISR R EHYIZ

iR MR s RWFE M RSR

ﬂ% 17 ﬁg AT 00 - oo
A

IW%M% RHHFHAPUE




B RAHD — KRS — CNe

‘HE T\ EHE R L%

caﬂé--éﬁ/\>zﬂiliﬂ’ﬂﬁlﬂé"ﬂf§ — GNE

oBkik: A BENEE. SHAEIEENIRIE
o XK - %ﬁm,ﬂ%hmﬁﬁ

o fFR: R KA

@ CNES B 12 44

GZBE—XTRXR = [EILEEFR, B
M RIS O ARV
o [RIRE = ZEENT SR —RRETLEE
iz Fig. E#42 2% B P AE4e .
fEGAESE (1) SHARIESRE (T)
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Tianshu Lyu, Fei Sun, Peng Jiang, Wenwu Ou, and Yan Zhang. Node Conductance: A Scalable Node Centrality Measure on Big Networks.
In The Pacific-Asia Conference on Knowledge Discovery and Data Mining 2020 (PAKDD 2020), Singapore. May 16th-20th, 2020
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