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Abstract: Community detection method is significant to character statistics of complex network. Community
detection in directed structured network is an attractive research problem while most previous approaches attempt
to divide undirected networks into communities while there has appeared many large scale directed social network
such as WeChat circle of friends and Sina Micro-Blog. To solve the problem that low quality of model, low efficiency
of execution and high deviation of precision from the conventional community detection algorithm on large-scale
social network and directed network, this paper provides an approach that starts with the triangle structure of
community basis and models the local information transfer to detect community in large-scale directed social
network. Basing on the directed vector theory in probability graph and the high information transfer gain of vertex
in directed network, this paper constructs the Information Transfer Gain (ITG) method and the corresponding
target functions for evaluating the quality of a specific partition in community detection algorithm. Then the
combine of ITG with the target function to compose the new community detection algorithm for directed network.
Extensive experiments in synthetic signed network and real-life large networks derived from online social media, it
is proved that the proposed method is more accurate and faster than several traditional community detection
methods such as FastGN, OSLOM and Infomap.
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25 Kl5(5) 1500  0.5%(0.5x0.5)+0.5%((0.5x0.5)+1)=0.750 0.5%(0.5%0.5)+0.5x((0.5x0.5)4+1)=0.750
26 P5(k) 0.875  0.5x(0.5%0.5)+0.5x((0.5%0.5)+0.5)=0.500 0.5%(0.5%0.5)+0.5x((0.5x0.5)+(0.5x0.5))=0.375
27 K5(1) 0.875  0.5x(0.5%0.5)4+0.5x((0.5%0.5)+(0.5x0.5))=0.375  0.5x(0.5x0.5)+0.5x((0.5x0.5)+0.5)=0.500
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i R A

15
Z ITG; iangle (t) x Number(t)
ITGC; == (10)
Z ITG; il () x Number(t)

t=1

Hor, ITGC, A9 s s BAL s 55 2 4, 20(10)
(03— R LAY i R T B8] = A T AN £, B =
FITEHIBUE A 15 FhAS 2R =M TERT15 i i IS
SIHETEITG, g () A F85 3 (10) I 70 B A
s TR = e A AN, BT = o AUE N
6 P AN TR R = g gl ) T AN A S s
ITG, () T —Fh o SRABLTE 1) 1 3R 2R R 4
ITGC, s e 1715 i S FERI Y s I T b 11 1) 5 %5
TR

2.2 BirREREF @b #

FER I RIS W ) SRR H bR B, T
Arnau 2 i # #1 B % 2K 38 B WCC(Weighted
Community Clustering)®, FA1EFXF ) Pt
17 T A A, K8 H bR ek BoE SO0 1)+ 141
FIEH DWCC(Directed WCC). 7£5E X DWCC H
T RAEAE P RN, Vi(r, C) o e SFEA
C 5 KRB TE B = A TR R IR s 8. e Lk
HGEVH %m0 1 Ao DT UL R4S AL 1 3 25
A, Prge vt 2R AN A=A AN 3
wt(z,C) 7 LLT 5 o A U5 TS BT T8 1 IR A5 Sl A% 326
an AL =B

R4l WCC #I 4 A SCREAATAE IO # R 0
B H b R B B AP R0, T A e I 38 4R )
JIABIR IS E T, % 4 N SCFFFRAT AT 3P DWCC

1A A R B A 43

FF Arnau #EH H R EALIERER, T
KEA0 RN IR 00 3] 3 Mot R fad WCC
(AT REEEI R I R B DL e He g — 1, B 3 Fhor ot
B4y WOC, IV . A M Esud s, Al
[FEAEES S 38 T XA X (11) H DWCC,
5, DL DWCC I TR B A o TR i A7)
XA RIS HG THERAT T el BAkiES
L3 3,

DWCC(P') — DWCC(P)

= DWCC, (v,C)
:é'(din'gl JF(T*din)’@Q JF@s) (11)
i, g=0—d,)/r-
6, = {((r —=1o+1+q)(dy, — &} /{(r + ¢)((r —1)
(r—2)8" 4+ (d, —1)8 + q(qg — 1)éw
+ (g + Dw + d,,w)}
(r=1(r— 2)63

(11a)

0, = - f
: (r—=1)(r —2)8 + qlqg — Dw + ¢(r — Déw
 (r+1)d+gq (11b)
(r+q)(r—1+q)
6., = din (din B 1)6
- din (din - l)é + douL (douL - 1)(41 + doutdinw
. din + daul‘ (110)
r—+d

A g el ol T, () B A 50w
IR AR A, IF HAY SR g v B S B A AE AL 1 85 4
RABARRS, X T2 BRI TRIE 4% 0 O(m) , m
A A 5 ) e A R TR IR
2.3 KRR FFIENRLEL M

TESE R FR A e st 2 Ja, KA ) [ e
FIECGEAT U0 H bR B R, Re g
Arnaul (g a] § AL BRI 40 579 SCD 5Tk FE ik
AT R A 5 ) 4 PRI o SRk R B R A 4t o

WILERI 7, AR T 15 BAR 181 55 R 4L
ITGC YR AT SE, A ER S %
i MIAERARI LR, Sk szat ol B e s,
RILT FR oA MR, DR LS5 AR
METR B FE A RS R FRAT I kAR R
IS RHEAT T o, N THAREAL flag 28 ATk
AR K DWCC HA 8. JFi i 13 2k A
FE 5K DWCCE K R 7 75 S ik, SRk
PE M ERAUARI I RE . i SenG, FRATTIE a5



2078 BT 516G 8 %R

%39 %

WCE WA LU PSR i — e, R4 “E0” KR

()X K DWCCEA 8, HEFr e/~
B AR L A5 £

(2) KX e K DWCC HA H o,  H kAU &l
LT 20 kLI

B 7 45 TRSANRI ) ITG BRSNSy . 1
SeIR IR 45 A R R o N, 153
FWIUERK > P, ARG ITIRIER . PR
XI P [ DWCC ATV, FHLA RO, 115
A SRR SR, I TE B AR B e
MNF 4R P B B EH R new P
DWCC {H Mo ok ook i By 450, idsk e K
DWCC E 3t BRIy Po 8 KT 7595 33248
LR AR YuE R B ELEN . T RUE IR Pl%
R 5 K DWCC Fisd Nk P AE S TL
(o 5 AR

Input: Graph G(V,E) and Partition P

Output: newlartition P’

new P=P;

new D\VCC:(:omputeD\VCC(P);

max DWCC=newDWCC;

preMaxDWCC=0;

flag=F ALSE;

counter=0;

repeat

flag=FALSE;

DWCCQ =newDWCC;

P'=newP;

M=g;

foreach vin V do

M.add(BestMovement (v,P"));

end

new P=applyMovements(M,P’);

newDWCC=computeWCC(new P);

if maxDWCC<newDWCC then
flag=TRUE; preMaxDWCC
=maxDWCC; count=0;
maxDWCC=newDWCC;

end

count—-;

until NOT (flag AND(maxDWCC

—preMaxDWCC) /preMaxDWCC < t)

OR counter<20;

return P,

K7 TTG S anil s ol

Lo S a5 WM A, AZIEAR R A e
— BRI LVHRREN “JREsEALR” s, JFH
AR FIER IR S BT RCR K.
3 LIGLER
3.1 LIGIFEE

FHLALFEZS Intel(R) Xeon(R) CPU E5-2440
v2@1.90 GHz, WAF16G, filifi4 TB, #1ERSN
Windows 7, ZwfiiE 5~ Matlab 7.0 1 JDK 1.8.0.
EIATHV AT, BAMEH T 8 4 Slave 1514,

Hr Slave 5 45 I CPU th/2 Intel(R) Xeon(R) CPU
E5-2440 v2@1.90 GHz, FATHLMEZLRH] Spark
2.1.0 #1 Hadoop 2.7.3.
3.2 LHHIEE

ARICRHT 4 DE R B AT S5,
WEA N THBRSE, g Aes e, 0
FE T —ASTLL I P I T 0 20 B AR R A AT
BRI ERAE, K 4 B T EARAE SRR
DA 5 P RFAIE «

R4 BIREERRENM

AE/IE S RIIET UL el i
PN 30 275 9.1667
OSLOMH#i4E 301 6234 20.7110
E IR €T S 40 306 7.6500
FEL T P L i AR 284 3934 13.8521

e 1. NTEIES, BEPLAER 3 MEHA
B b, BENUAE R s #E R il
FIMERE A 0.50, #1122 [AJE BGA FIMEZE R 0.25,

HfEsk 2. OSLOM #iflidkk, th OSLOM JHi
BRI R AR . B Sk IR OSLOM Hik
PR A T B 5 example.dat!?l,

it 3. RIHEIREE, 1 Infomap HiE
FEHE IR AR HEAE A . Bk H Infomap
SURARS R AL A E 2. MultiphysChemBio
Ecod0W _weighted dir.net”.

B 4. B rInrFiyEaR 4L . BRI T
DA B T 5 2 B R K B N T RS B0 H U I Y £
4.

SEIG AR SO ITG Sk S5 0LF 3 i sy
VRHEAT T HOA:

FastGN 5%, 1 Newman 25 ANPHEH, 7F R
TEAE A IR R . 2RI TR AL, Ry
AR 58 SO I B S 5 B % 7147 1) P 28 vh dE AT
SEG .

OSLOM #¥:: 1 Lancichinetti 2% A H,
GEEE T 0 45

Infomap 577%: M Rosvall 25 NPHEHY, %577k
15 T 1) P 45
3.3 LINLE

20 A TAER 08, FRATRAHLLTE 4
VA AL RIS R & TR bR AR N SE B I LR S
.

()AL st BURILE, 432014 A
.



B9 M AN BT R B ) R R AU SRR 1) W44 A K o3 2079
(2) A M AEREE . A T T 1) B %8 F-measure R
}%FE(JHA%P‘[B] /\ﬁj‘j Q_LZ A _% 5(0 c ) e FastGN  OSLOM Infomap AL
/X ’ _m - 1 m 1975 )0 H TG
2y N
NI . " , N TR AE 0.3830 LA 05000 04075
m IR AN, A RS BB, ko S o .
R I, R R RGN, 6(c,c) D OSLOMYGHf 09700  1.0000 03851  0.6386
N T B B SRR 1.0000 0.9070 0.9536  0.7108
(3)Jaccard B¥r: THELRILLE BAGRETIRE, MR EEGE 10000 0.4149 0.3611  0.1945
A SO BUERI 3 65 R 5 FE R o a5 R AL AL 5 9t
I, F 9 KHUEH B MERIRE
(4)F-measure ZH: Mg RKIMEILMLGER, K A P D T
SEIG R F-1 el
Call L-1 13310 34591 0.3847
) S0 4% BEAT SIS, 13RI SE K 45
ﬁﬂﬁ?ggj?%ﬁjﬁﬁ TE (RIS AR Call L-2 20624 55423 0.5345
7No
R L 2 SIS | A TG Call L-3 61510 65202 0.9433
Call L4 512024 1021861 0.5011

VR RAL Ry 85 2R 5 A SE R - 85 R (0K
JE EIRBIRENS 52 (RG BERRIEE, AESRCLefG o0 T HE A
W WA T AR e At R o S . ARSI R L

HT T T S A Y R B T S B SR o T RO
(vertex-independent) T A,  BEMEHEAT IFATIL

%5 HEAMH

it FastGN  OSLOM  Infomap AL
ITG
PN R7 v 5 LT 1 4
A
OSLOM##i4E 9 9 3 10
R B 4 4 4 3
EERRAGRILE E/nEeS 8 14 22 18
= 6 BEERE
e FastGN OSLOM Infomap AL
ITG
N TR 4E 0.3322 Tk Ik 1.0000  0.3588
ginzi|
OSLOMZ##i 4 0.8651 0.8794 0.9963  0.6910
FRE | HEE S 0.8007 0.8072 0.8007  0.8235
CERRAGRILE /e S 0.5486 0.4822 0.3915  0.4080
R T Jaccard B
pAETE S FastGN ~ OSLOM  Infomap A
ITG
AN Tk 0.2448  TIEEHK 0.3333  0.2660
A
OSLOM##R4E 0.9592 1.0000 0.3851  0.5183
RG] AGEE 1.0000 0.9070 0.9310  0.5974
P Y R AR 1.0000 0.2864 0.2448  0.1121

B, BRI TSR, ITG FIEE AT HEE T
BAHE S8

9 rpOohk B b B T RS 4 A T B
WP £, BA—w e, 7E3k 10, FeA it
TATAH S IREE LA T A SO AE T 0 g ) 2§
K AHP) DITG (Distributed ITG)&E AR H AL L
T EPERE . I TR 10 FSERG 4 R mT i, 1TG
SFAC AT LS, oS0 A K], B R AR T
FastGN, OSLOM F1 Infomap 5%,

£ 10 FTUHRETRRER(S)

At FastGN OSLOM Infomap DITG

Call L-1 2906.124 3002.762 3230.453 950.125

Call L-2 2867.634 2994.986 2898.872 901.651

Call L-3 4676.767 5877.877 6030.331 1500.765

Call L-4  46778.771  49001.225  50020.222 8228.472
4 LHERE

AT et G A i R B AR R R AT,
S T R R A 1R Y S 28 R ITG, IS
HE XM HAR L DWCC XL 53 25 Rk AT 1%
AR T . AR T, T Y v
THEEA I ARSL R, D RT BAAE AR B B I )20 3R
BAT AT A3 . 2R R BB S A L S B £ 10
S, ITG SRR LIAE] T REASHZ AR L
bRAE, JFLERT R RIS B RA RS R eI
KNIt (D) — DI SEH s A 4
P, SRR DA TEA B gRkb o (2) 78 SRR B
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