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Abstract: Inspired from the idea of data fields, a community discovery algorithm based on topological potential is
proposed. The basic idea is that a topological potential function is introduced to analytically model the virtual
interaction among all nodes in a network and, by regarding each community as a local high potential area, the
community structure in the network can be uncovered by detecting all local high potential areas margined by low
potential nodes. The experiments on some real-world networks show that the algorithm requires no input parameters
and can discover the intrinsic or even overlapping community structure in networks. The time complexity of the
algorithm is O(m+n*7)~0(n?), where n is the number of nodes to be explored, m is the number of edges, and 2<y<3
is a constant.
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RGN B AT A0 AR I P 2% I St 5 b S5 2 B 2 O AR ANTE i R R G b i BRI R L i 7 Y
LM S REFAGERRM . GEM . 5130, UL ARG T2 W . BRI B A FA A
TR 225 Ak ) 2% PRI 9% 4 W B8 S S 5 DL AN M T 10« TS 285 45 39 100 L 952 X 4% L A 4 [ £ 91 M2 5, 32 i
TR BB L AR (3 A ).

1998 4, Watts /1 Strogatz ££ (Nature) |- & 2 1 ST ik S B &2 4% 99 2% 1) /) tH: 2% % (smalll-world . effect)™],
D4 A ) LA A /N P V- 45 o 0 4 I B 6 B 8 T R 4% () A4S, 1999 41 Barabaési f1 Albert 7£ (Science) &
TR SCHR Y,V 25 BL2 I 4% (10 13 43 A 30705 o e 2 A R by JE b J3E I 4% (scale-free network) 3L i ok i SIZHIE BF 9%
P, B2 X 208 AN LA /N T LR G o J38 S 3 52 B Sk F) X 45 g (communiity structure) 1,

JI AL X (community) UM g 9 2% Hh f0 T A S TR, P PR A IR A AR AR (3 N R T
SR A D a0 P 1 TR,

F X 454 S R 48 R Bl Ak 55 5 M ) e I, 26 s L S R 48 T DL A 2 R 20 AR ) 2R R P 4 & T I, T A
B 5 2R X 48 HR 1 0 A BB 5] SO % HR A b [R) — 32 R R AR S T8 S0 T A R 2R 1 B I % R 1 S e TR AR AR
RN T 25 (R #E DX 45 W AN AT B T 48 715 i 20 52 0% 140 L S I 4% 2% FE R V2 22 DO S 1 S B A SR IBE (9 4 DX
B PASE NATY S e B A2 R 0 AN I o2 K 1 5 ) R T R P T L L A 1) S P 8490 a4 2 1 e g 4 DX RT
T 7R HAT SR DGR | 52 17 Bk 25 1 5 0 Ak 2 B 4 286 10 0 09 6% o 0 4 DX 46 4 m] T R ILA= 90 3R 6 b D e A
S F) 45 ) B0 7 4 T F ) A DX 65 A T FH i v X 4 4 2R O R A 2, S LA R A A PR R Y
28R4 T 45 BRL U, 4 (X% Bl (community detection or discovery) £ ik 53 2% 8 48 A58, T i) — AN 3 T

Ji 1.
% ‘i { % l.?
$
Fig.1 Asimple network with community structure
1 A A Ak DX ey (1 067 1 2%
1 HEXIE

PO 5% £ 11 L DX R 0 B B T AL £ B OO AR AR SC TR W A G . MR P ) S 208 e 5 11 R 43 1) 7 v
B AL X% 2 T A £, AR R0 43 1) B AN B30 e 7 g ARt KRR ) 20 SE2 ) 0% R AT 41X R0 43 B X% B 7
VDA ZRU R TR S 3 T 1

O Mg RETUEHX 4.

@ Ll 255 5 T TR 24 P9 T )+ IX 2544

184 1E, NAITC A48 B VF 2 41 ORI J7 1%, AR AR A I AR 40 AN 1 R P4 3R 1 =, 36 U b o) 1Y) 5% g
AT IF B0 24,30 W 248 03 fift ok ik 8 B AL DX )2 IR &5 i ML B i AR T VA B TR S T4/ 2 (edge  betweenness) [ 4 X
R I 75 VR B i 0 4 7 72 (modularity optimization)®14s,

R A X118 2 Sk DX ] R 20 B0 oK B Ay A X T) 00 A B 08455 A o 11 00 28 22 B8 T S 2 188 9 286 oy B p T 2
()38 A5 I 3 4R B AT 5t 08 15 U P 3, T 25 R i 20 S04 0 2% 85 1 AR 1) 43 1. Rk, Girvan F1 Newman %5 A 5]
ONZ A B0 R B 0 3% ) 300 A W 4 L R T I A B A X R AR TP GIN vk B L A R ARURE AR T 5 k) 2%
A 5T IR RO LB B K I3, B 4% b BT 14 25 1 AN 0 R — A X

5 KI5 517N R, GN - B TE A H 7 A X ANEI T LUK 9 28 53 A 1l A T 5 1) 4 DX R T VM 58 S D0 1)
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X g A s b B B AN AL X S5 R R B AL 2% GN - 032t 2 = Ak i ) A IX Rl 20 B A0 G A50 325 f s 1)
2R IE B, O(nm?),n % R m il gL

X GN A3k g i o) A X R4 19 18, Neewman 25 A5 | AR B 2 (modularity) ISk R4 X 20 fift 1 25 B8 v, G0
AR SEARUE, — N 10 DX R 2 A 8 0 2 R 3 32 KT LA DR 3 40 11 B AL P e oA 89 P M . e
TAREEREE (9 502 ST T 2 1 Ak X BV, A DX O R T A0 T LA T A g A e JBE 00 Ak vl S %5 R 81 199 4% T i 11 )
I3 77 FEELS T 4% BRI HR BGRB8 SRl 75 IR R 1 8 A AT, AT 5 TN &R s 2 i e f 4k
D20 s A Ak AL R pk Ty kO B o BT

LTI A5 ke 32 A0 7 325 08 o A2 2% I 0% A X o B 010 56 A 0 3k, 945 3032 10 I FH AR T AT BF 5 4 g (21220 s
HLRE 58 SUATAE N FE (1) 53 F% 23 PR 000 18] 2 OB ASE AR RL P A X &5 44y .25 B8 1) 200 SI X 488 1) S 2k, G Y R AL DX T K
NTTBEIR AN ) Arenas 25 AP35 6 E-mail 4%, Jazz 5 5% A 1E W LU BES 51 W 2 474 L X 4 07
R 3 6 B S B 29 (1R e XK N A AL R AN AR 4 A, BRI P 28 B A7 AR A /D B R A X, 4 K 2 30k X AL AR 2
(R0 pot AR X T i LA T o P AR 14D ST ) 4% SR b S 5 A4 T ¥ AR M RAIE R BB 1E e AR S S L Ak X
gk,

AN 3 (1) B H R AR SO — o 3 T 208 37 10 AL X R IR 9 % 7 VR 5 LN 0 3537 1 9 4745 A TRl 1)
HHEARFH, KA A R DX A 13 I 34037 16 o 30 1o A0 DXt 3 6 A 0 34 X T ) 1432 S gy 40 X 4 50 AL Y 4% 1) -
X )43 LS X 26 PR &5 SR B % VA TE A A e A XA BOSE SE S R RS A A T8 R 4% N TE AR X 4
F4) B AR X R FL AT A 1 1) B 281 U 5, LA ARG AT 1R A P

ARSLH 2 Wi ST BRI B A AR R T AR 58 3 4T 4 H 3 T3 41 35 10 I 4 4 X R IR 7 755 4
Vg BARSE R IR R RE AT 2 5 TN BE S HGIAT R, IR A S I 70 B 6 1T 4 HH S I 4 B e
FIAR 5 L 45 B 56 7 6 4 SCb AT R 4.

2 HINBRISIA

oy (PR 3 B . 2 1837 41 H o [ 49y JH 2% 0 55 4 e 1, T Tl k40 JBORE 1 ) 1) A B AR FL A D 380 3 2 e
Tl B P27 th N e A5 22 1O W) 317, 2L 2 SRR AIE S 0SB 30 34 37 (R b B 4 e B, — e A A e AR ) b Y % B iR
R, ] LU I R B VAR BLR S A, A AT T — AT A AN 37 YR 0B 1) 2 (A AL T i
SR LA () R R 5 ) ) E BE, 5 12 B 37 VR 8] 1) R B Rl 32 9 G 2Rk B 0y A A7 A v 0 ok U, A 1 RN S R
5 1 5 EE 7 B B 7 S AR G 1) 3 5 AT AR A AE A 3 0 O AE T AR R 32 010 % A% 1 0 oo 3837 ok i, 340 4 B
B SURTT B AH S ) S AR PR 0 AR KRE Y.

% bR BAR R R AT ML G BEAES n AT AR AR W B R G A5 A
AFAE—AE I3, A7 T 3 v AT AT 0T 4 52 3B A 5 0 (R I6 5 48 AR 0 250 2 90 4% (R S b A 5 4 IR R e, AT
AR, T TN AH FLAE YR R S e, A A1 TR 56 10 B 0 2 W 190 4% 2 ) 8 L T Rl e ol A 4 ks 7 R AH 56
T P28 oA A i TR A S Rt g AT B 02 J5 1 e O 8 o 503k 1 0 10 AR LAV PR, R K R 1
Wi

25 M % G=(V,E), H b V={vy,... v} A T S AE T AT BRER ECVXV 7T s X 2l 1 82 4 | El=m AR 4t Hicdhs
iy ek Ke PP AT 05 vieV IR M AT ROR R

d
m; xe [”]

o)=Y ®
j=1

Forhdiy R85 K10 vi B vy 1D 19 286 B 2, AR SR i L B A0 PR A P2 2 5 W) PR 1 o ] T A AR A1 0 R S s
Bl >0 - 1Y R vii=1, ., m) 05, T AP A A1 e 1 [ AT Je 2 A S P 8 v A s PR B AT s AT -
() B 5 SC, Gk v A 0 o 0k T PR RS L B S R I R AN K A 22 1 S S IR B RE T« A 9 4% T IR A fi
AE ) S A5 AR SR B ATT 22 Y e A A 0 2 S AR R A Y R R AT 55 L AL U A A 1 e e A B
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RAECE R PN W

]
pv) =136 " @)
n<
I 0 7 0 T8 52 0 o 615 500 5 FBE 61 | 3/ /Z | Bl o 50 1, 248 4
T 30//Z | BRI, 6B SR DCSE Uy O, PR 0 740 2 o 1 9500 0, T 8 24 4 2
530 145 0 LA 35 8 T4 B A 045 D 4 52 0 4 0 60 28 e 4
B R 1 — b i
55 BT 740 0031 53 SCCEIVRE X P 5745 21 4 0 1 X 2 1) (0 B LA ), B o B A 4 38
5 10— J AR I R I o 4 T L 85 FLAT B 040 0 9, o BRI X 0 00 %
o4 8, T 50 TR B AL 0745 25 11 B0 BT LA R 8/ 040 09, 1 4 T i -4 5 309 e 28
S 743 S X B TSI 2 X 1 148 4

3 ETHINEMHRERAZE

ML G=(V,E) K H XN BEA ol I3 40 59, Ho b V=g, v bR T LR ECYXV A4 [El=m 3t T
FAA AL DX R IR 5 v n] T A R R

1) #i4h #4995 (topology-potential attraction): & 41 J) &6 A K 3 5 AL V', WveV, I R AELE S AV VL, ...,
videV AE 5 vo=v,viav B vi A7 T vig IO38E BT 7 1i,0<i<k, JURR v 4% v 4 S 5]

2) AR i [X (one-representative community): B 4015 B K FAE Y A v IR AEAE T4 CeV i f vveC
Howl VRN A SRR C B vIRARE S ALK

3) £ AR siAL X (multi-representatives community): B 5015 AR K HBAE T M ES AV, R AAAE T4 CeV,
15 LU 400 8O, FR C N ARE AN A ZACEHIX a) YveC, v eA M1 v ol viIHFN AL 5]
YWeAIw eA H wav i3 VS wREEE d(v',w) < L36/\/§J.

G T b S R P 4% S A b 347 8 e B D A e e KR T 5 1 nT AR T AT A R A AR K
B A AT 5 Ak Dl 2 (R AN BB BE A et DX AR i e AR AR DX A AE 1 A e A K A i

I 24 447 IR ol 5 e A 0 DX K 53 84 090 AT 150 0 2R 2000 45 0 ) e TR 4
BN T ST | 30/V2 | (AT 10 R AR A I — A BRI

M E]BCE 2 A AR AR AU R 5 v i — g SR AN 41X CeV AR RO 5 1L BR v g 411X C 1 P 3
Y RCECFAAE Y R A ) BR SR 2 S A
iff 5 32 S RO T A DA BT R AR R A DX P AR AR R Ak U R B R 2% G T RARIE S t A
FEIX Cy, ..., Cry 2 (@) nn A TR 458 A1 2 B 0 A T2 1T A vie VAT LA S NN PR 2880 2 R 250 (A 2 (3)) SR PR Af L&l 43
J5 %8 NG FERN 43 45 HAT S5 KRR IR AR 3 A X 3 5 22 ARl 49 R IR A58t A A5, T v e MR A — A 8 R BT
SRy B AN e P
Qs (V) = Z\; a; — z\; Qi (3)

4 HEREMEEHR

Bk 1 TR X R B (a community discovering algorithm based on topological potential).
N2 G=(V,E)RIEWT 1 o, Kb V={vy,... v 1 [E|[=m.
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Tk AR T Mg R LIk 2245

i #LIX Cy,...,Co.

B R

(1) [@(Vo),...,p(vn)]=Cal_TopologicalPotential(G,o); /35877 sidh Fh A

(2)  Vip=Searching_MaxPotentialNodes(G, p(v1),...,@(vn)); /1K 5 K HAE LT+ 7 170 46 51 R TE 1 v 48 2%

JRI RO AR o5, 0 e A LI AR R AR

(3) [Cy,...,C=Community_Detecting(G,Viep, (V1) -, @(Vn));  HHE A DX AC T 551 18 1k 90 4% F) 4 X Kl 4

(4) fHHALX Cy,...,Ch

AT RSO0 R D TR ()RR 45 2 ol VI I 28070 A (90 9 0 34 SR 28 1 D 8% o T A 4 A ) M, ) A
Fr 0 A0 I 0 A2 2% B8 B 1 S5 B A 0 a5 e o T o M 4 K B I I () 28 B, 2 /0 0k O(nm), i B 00 N
O(Nn?). M40 53 0 B B30 170 K 2 1 o, A 3 051 1 3 ”m«&lﬂi—lﬁ|—t3a/\/—J B LA 28I 1 o, 0 m bR A
CINE ]

1 el
(p(v)_onj(v)xe \vveV (4)

FCrpny(v) 19 v D § R ATE T S B BEI TH R A R AN TR ZZn (v) 4 1=1 i L e & 4%k

veV j=1

O(m); 4 1=2 It JLIRF () 52 4% BEXT ALK O(m+n®)P7) 2< )3 Sy — AN BEAT | 38,24 | L T 99 245 (10 135 B
|
AR, an(v) BT 0, B R ST SRR IE T O(n?).

y%«(Z)ﬁJ\_LFﬁ/I\”ﬁ R B R IR L TH 7 1 SR BT AT 1A e B AR K R e € L e R 2 A L3 [
AT ARAC, 2B BEAS O D R R B € L8 i — A TR B Ja AR R R L B LI B — A
¥IrE’Jﬂ 5ﬁﬁ‘ﬂ@m 2oL BRI TR 2% 2 0 O(m).
PROMRIACE RIS Viep EHLMI S8 (K DX R 20 AR FA BN npep<<n IR K/ B 1T 3 1) &
—1 mﬁ%\w i B SEBTJR AL DI T S22 2 OA - O(Npepxn)~O(n). BAT b 56 41 1 35 (10 48 DR LS9 I 1) I 1)
52 2% FE LT S A 3 0V ST, A B8 R o O(n) el 1558 R 24 O(m+n®7).

5 BXRSHMITL
SEF RN AAL X R ISR AT 1AL 5 B D1 o AR K b rh G 56 0 I 1 oy 8 2520, oy
G A 537 I B R Ay B of B P 5 B

45 8 W45 G=(V,E) R Ho T B HEAS of (146 41 #4437, 3o b V={vy, ... Vo L IE|[=m, 2 vy, . v BIFAELA (Vi) ..., Vi),
AH N 3 D 380 I B 7T 52 Xk

Z¢(Z\/)|°9(¢(v)] (5)

Hrp,z = Z(o(v) A FREALIA 5~ 25 FE U 1] 2(a) Fir s (0 A4 199 255, oF AN 7] ofi Jons 2 FR) 4 0 3548, rT 45 210 B 2(b)

iR G R IR 2 o3 T 0 I BRI B KA 10g(10)~2.3025; ki %5 orft 19336 38 3448 TT 4 v /N 72 Ak o
4t (o ~1.3405)1% Fllipz /IME 2.267 48 5 SEHTHI K, M of K T W 4% 547 5 B, PGB T 5 KA.

A o — A ARt 2 R AL H (o) R S5 /IS ) 850, SRR A7 0 288 o) A7 AR 22 bk v 0, G 7 AR PRV ALY
Rk BAUE KRS 2 R B3k AT ST A I A IS ) R A K, S B SR AR IR, TSGR T o AR Ak X
T, PR A 0 2% A0 A L A SR 130 R 0 s 0T 34 i 01 P T, A A 49 et 110 5% ) 9 TR AL Lsa/\/ij Bk ) Jey 480 X
0.2 0 < o </2/3 I, A 5 AL A AR AR REAN AT SR Un, SR A KM log(n); B A5 o 08 K, 24
V2/3< 0 < 223 16 AEAN T A IR M B AT S A A R (BT AR 0 ) AR 2 A LB
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NEA
) (p(v)z@xe & 22[3< 0 <2 W AEAS N AR 2 B L P A 3 4N B AT L
NENS (2f

o) = 90 e g LIS (o) )95 4000 2 B0 O SHE, 54 > VD3 D 0 25 P HIBE B
S 015 S0 2 A7 LA LA P, oS0 25— 1 3 4 80 R A 11

L, 4 0 S E B8 B /23,223, 25 P TS0 500 5 80 R R I 3 £ 80 AR T 8 1 85 56 7
S UL, i H A N AR S T 38 BT — AWML A BN 19 ot o ~/2p/3, peN(ILHF N )
FUR B £), 25 T BA (V2(p —1)/3, V2P +1)/3) 4 40 480 2% ) 0 60 BE ik 20 460 2% i 6 1 55 1
AN N S0 R DA

Entropy of node
potential

2.280 iMinimum entropy’2.267 with o~1.3405
2.275
2.270
2.265
05 1 15 2 25 3 35 4 45 5
(o
(a) A simple network (b) Plot of potential entropy H vs. influence factor o
(2) — 7SR ) 2% 4 4b (b) AR H 5 E T o) K A& 4k

Fig.2 Optimal choice of influence factoro
Kl 2 Sudr o ik

A3 BT ot B ) 52 20% 82 10 oD ARG DX TR) (R B ) 2 2% B B e TP 2 p B P 400 4 0 B e 1 0 B R
TR 3 BAT I AT 6 A ot Ak DX T B 1) 52 2% 8 Ok O(men® 7y S SR 1 SEVR A0 R AR AN T AR ()B4 (1) 4%
TP (1T 3 e L AR A S E T I T A R R T =1, (D BRAT S ) BRI n—1, I IR B A R
O(nx(n—1))~O(n?).— ELAf 5 of 9 Bl Ak [X. 1) 48 2% ik A K 3 22 SR 1) B /N 34 sk 08 I i) t=1,..,p B0 4, It
AR h O(nxs),s A ak ARG E. 8l ik, A0 A0 550925 ek 1R I i) 52 2% 8 B e T 08 o D0 A DX T] (1 IF ) 52 2% RS B I 1
WU g O(m+n®7), B R 5 5L T A O(nd).

6 FRERSILK

TR FRATTR 3 A L S 110 199 48 50 Sk A e 2 T s A 0 A X R B 7 1k R A A B A T 3R FH GINL BV R
BELRRERAL J7 155
6.1 Zacharyit & x &M

Zachary F145 ¢ 5 L 52 2% 0 4% 52 43 BT AR P T ER AN /N RS0 I £ 281,20 14 70 4E4X, Wayne
Zachary H1 3 #E I [] (1970 4 ~1972 4F ) W %< 56 [l — BT R 2 2 T 38 AR SR 30 1 0 1A) PR 41 45 26 3R O M & an 18] 3(a) B
PR AEL 3 34 % 12 42 9 2 W9 (Zachary’s karate club network). 4840, & 34 AN . 78 4cil AN R R —AME IR
FORE L, 1 AR R IR R 7R AN B 0L 280 — S AR AR FE S (W B F1E IR (AR R 25 48) 2 A oAb 3
A, BIZE AR 5 2 AMIATT AT DARE AR 0 I AR 20 72 b 2 ABR B DK O 324 John A(vas) 55 845 M. Hi(vy)Z (A1)
AR 53 24 P AN %5 B CUAATT D A% o 1 /B SR 358, T o A R TR 1 AR 20 )5 1) /ML R 3 B % Y 4% 4
N AN BSR4 5% 2R N, T AR e DX R L 9 (A g [1014.26,29-35]

K HE T30 40 5 4 X ORILEEXT Zachary P4 3547 41 X Kl 4. 2 sHUR A A 1.020 3,4H 3. ) # $p 3335 0 A
W 3(b) AT (B P 1 s 0 R/ 5 30 A BRAE BG), S22 AR A7 AE AN o 3 AR KA 1, 20 0T I, B ST 4 [X 45 14 1)
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PAANAZ LT 1V, Vags BAJR) AR R FAAE T a5k 4 X AR AT S W0 AR R 41 DX R o3 B8] 3(e) s 3B AR 4 17 ANt
TG TR AL R g B 3(d) T, Ho b v SN IR FE 2, v DUBR AR & T R AR AR T A
RPN, FRATTH vao RIID 45 5 R FAAE S Vg FITAE AL DX AR, 2 T4 Fh 34 AL X o BT ¥ B A3 B AL X 254 5
Zachary ¥ 2% P35 )L DX 4 4 2 AH A 1.

(a) Real communities of the network (b) Distribution of topological potential over nodes (c=1.0203)
(a) HSALIX S5 (b) ¥ LRI 537 (0=1.0203)

(c) Initial partition of network (d) Final communities discovered
(c) WAL I 5 (d) LXK 5 45 3
Fig.3 Detecting community structure for the Zachary’s network by the community discovery
algorithm based on topological potential

3 CRHIZE TN A ORI 72 Bt Zachary 199 4% (4 X 45 1

KA GN S B FE AR AL 7 IR BURIE 0B b Zachary 1994 (4L X 45 Ky, 43 45 AN 4 o
o R vy BRSO B AT R LA T A R AR T AR A R ) s SRS R P 4(c), S B RE A 1 A Y B
PRRA T3 X6 AS /N DB LS 0 2% A LE (R4 DX G5 R AR BE, 207 A0 1) T 7 A2 R0 RE J5 /DN R A DX g T EL Y A5 v
W R > LR TEA L, 2R TR AN A AL X R BT i AT AT 238 78 Zachary W45 ) 9 AE 4 DX S5 Ky HIE AU
FUHREA XA BEEF LS AL
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i

|

il L—+&
(a) Communities discovered by the spectral partitioning method P —g -
(@) oMk o g5 & s m—

‘ 1
AU A M 1] [ ¢

|

IRV HOMN PNV EEXRTN0 4421 IR2NWINTITE SN EJII

(b) Communities discovered by GN algorithm (c) Communities discovered by the modularity optimization method
(b) GN Hik %I 43 45 1 (c) BEHRPEARAL 7 210 K o3 45 R
Fig.4 Detecting community structure for the Zachary's network by other algorithms

4 RHIHAb AL X R I T5 9573 Mt Zachary 992 (R ALIX S5

6.2 BEXREMLE

IO R It A2 R 23 b o s T K — A Lz B % 837 L usseau 45 A6 JEL 76 7 75 24 Doubtful Sound ik
51— S WD KB AR (LA AR H 2 AN K3 62 K5 Wil K 4 ) dEAT I 7 AR WL 48, FF A4t an 1] 5(a) s 1)
KOG ZR L R T SRR — NI K 2 7R PR AN IR 2 T 42 Al 3 25 354 62 N1 550, 159 2%l B AN [R TR 1
AR E TN [F) S0 1) 9 K i Bt B8 R PRI R SR B 42 A 71 i T B /N PR R AN F B 20 AN AL

K HH L T30 0 A 004 DX R BT 925 00 B i KOG 28 X (1D A X 8548, 2 ol AR (E 1.178 5,77 i (9 #0 4h Ao A
Bl 5(b) 7R AFAE 3 AN R B AR T £ Vs, Vig,Var, 2o HT, 1 55 Vg, voy FH T ARBREUT 48 & F 0 — AN 2 AR A XL B
AR SN L T RN 4R X AR AT A, T BAA 20 5(C) TR TR A X R 4y B ARKRI 23 12 AL R S
FrAF AL X &5 84 dn B 5(d) B, Hem v 5 AN AL X B B — 1 22 0T DU AE 380 a0 6 LG B 5(d) B (1 I 43 4
51 5(@) T (R L X FAT DU B, 12800 43 4% SR ik s A A0k S A O 2R IR PR P A X 45 4 SR TGN BBy
BT it B % 22 ) R A X 465 44, 2 A X AN B0 2, 81093 45 B AT o B 158 43, SR T VA IR AT 24 AH 7 2 P 45 e 4k
DX AN S i B R P A 7 925 O 80 0 o U ) 20046 1) T BL S AR X 4 W0 op (0 KA X A i g 4 AN/, 0P 6 B
ﬂ—iqﬁ)ﬁ\ \Z0) ]ﬁﬁi?ﬁﬁﬁ
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(a) Real communities of the network (b) Distribution of topological potential over nodes (o=1.1785)
(a) ESAEIX Hity (b) ¥ R 53 A (0=1.1785)

T K

(c) Initial partition of network (d) Final communities discovered
(c) WIAfHEX 53 (d) 2 LXK o 25 0
Fig.5 Detecting community structure for the bottlenose dolphin network by the community discovery
algorithm based on topological potential
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(a) Optimization of the modularity (b) Communities corresponding to the optimal modularity
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Fig.6 Detecting community structure for the bottlenose dolphin network by the modularity optimization method
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6.3 PERZERASENSE
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Fig.7 A Chinese movie actor collaboration network in 2006
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Fig.8 Distribution of topological potential over nodes in the 2006 Chinese movie actor
collaboration network (0=1.748)
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Fig.9 Detecting community structure for the 2006 Chinese movie actor collaboration network
by the community discovery algorithm based on topological potential
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Table 1 Communities of the 2006 Chinese movie actor collaboration network

1 2006 4F 1 [F HEZ I DA A RO AR X R

No. Name of representatives Size Number of overlap nodes
1 I R T oy 446 1
2 2l 49 0
3 PR R e 28 0
4 JElE 21 1
5 o2 I L s 2 15 5
6 Z TR 13 5
7 (] 9 1
8 i KL 6 0
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Fig.10 Detecting community structure for the 2006 Chinese movie actor collaboration network obtained
by the modularity optimization method (optimal number of communities is 33)
10 CRIDBEHREEARAL T 920 2006 4 o [5 #5235 53 15 5 8R4 4 DRI 23 (e AL XA 30K 33)

7 Z5RiE

A DX I A 24 I 296 A ) — A B RERIE 5 1 A DR BT ik s T O SR AT A X &
FE 1R 506 36 1R, 0 4 DX 5 R A AR AN PR AR AR, AN BE A R0t 48 75 B0 52 SR 2% I 4% F) N A A DX 45 ) AR SC B
Iy KRG HE A, Bt — bR T 40 S5 B A DR IS %07 R 5 TN SR 0 3537 Tl 000 4% 4% e 1) RO AH EL A T R B 4
DR 3 b B2y (1 Ja) 74 v 340 X G e 3 I A1 A DI BIT 2 ) ) 3 g 8 DX 3 S B0 o 4 ) DXl R P B S A
E8 MR A S5 95 1A 28k, S 36 45 SRS 7 A% 3 i O 20U i S A XA B S SE 2 B BE S AT ROt 8 7 I 2% A £E
(I DX 5 ) B Ak DRI AT AN 2 P 0 T 8 00 AU 5, AT AR G R 1 SV i I ) S 2% E D O(nP)~O(m+n®7),
n o WY s m i K2<y <3 AR

References:

[1] Watts DJ, Strogatz SH. Collective dynamics of small world networks. Nature, 1998,393(4):440-442.

[2] Barabasi AL, Albert R. Emergence of scaling in random networks. Science, 1999,286(5439):509-512.

[3] Barabasi A, Bonabeau E. Scale-Free networks. Scientific American, 2003,288(5):60—69.

[4] Faloutsos M, Faloutsos P, Faloutsos C. On power-law relationships of the Internet topology. ACM SIGCOMM Computer
Communication Review, 1999,29(4):251-262.

[5] Newman MEJ. The structure and function of complex networks. SLAM Review, 2003,45(2):167-256.

[6] Zhou T, Bai WJ, Wang BH, Liu ZJ, Yan G. A brief review of complex networks. Physics, 2005,34(1):31-36 (in Chinese with
English abstract).

[7] Borgs C, Chayes J, Mahdian M, Saberi A. Exploring the community structure of newsgroups. In: Kim W, Kohavi R, Gehrke J,
DuMouchel W, eds. Proc. of the 10th ACM SIGKDD Int’l Conf. on Knowledge Discovery and Data Mining. Seattle: AAAI, 2004.
783-787.

[8] Girvan M, Newman MEJ. Community structure in social and biological networks. Proc. of the National Academy of Sciences of
the United States of America, 2002,99(12):7821-7826.

[91 Newman MEJ, Girvan M. Finding and evaluating community structure in networks. Physical Review E, 2004,69(2). 026113.

©

http:/ www, jos. org. cn




Bk Fi— A Tied ey MR L INF ik 2253

[10] Newman MEJ. Modularity and community structure in networks. Proc. of the National Academy of Sciences of the United States
of America, 2006,103(23):8577-8582.

[11] Wang L, Dai GZ. Community finding in complex networks: theory and applications. Science & Technology Review, 2005,23(8):
62—-66 (in Chinese with English abstract).

[12] Scott J. Social Network Analysis: A Handbook. 2nd ed., London: Sage Publications, 2000.

[13] West DB. Introduction to Graph Theory. Upper Saddle River: Prentice Hall, 2001.

[14] Newman MEJ. Fast algorithm for detecting community structure in networks. Physical Review E, 2004,69(6). 066133.

[15] Clauset A, Newman MEJ, Moore C. Finding community structure in very large networks. Physical Review E, 2004,70(6). 066111.

[16] Duch J, Arenas A. Community identification using extremal optimization. Physical Review E, 2005,72(6). 027104.

[17] Guimera R, Amaral LAN. Functional cartography of complex metabolic networks. Nature, 2005,433(7028):895-900.

[18] Ruan JH, Zhang WX. Identification and evaluation of weak community structures in networks. In: Proc. of the 21st National Conf.
on Artificial Intelligence (AAAI 2006). The AAAI Press, 2006. 470-475.

[19] White S, Smyth P. A spectral clustering approach to finding communities in graph. In: Kargupta H, Srivastava J, Kamath C,
Goodman A, eds. Proc. of the SIAM Int’l Conf. on Data Mining. Newport Beach: SIAM, 2005. 76—84.

[20] Danon L, Diaz-Guilera A, Duch J, Arenas A. Comparing community structure identification. Journal of Statistical Mechanics, 2005,
2005(9). P09008.

[21] Muff S, Rao F, Caflisch A. Local modularity measure for network clusterizations. Physical Reviews E, 2005,72(5). 056107.

[22] Fortunato S, Barthelemy M. Resolution limit in community detection. Proc. of the National Academy of Sciences of the United
States of America, 2007,104(1):36-41.

[23] Arenas A, Danon L, Diaz-Guilera A, Gleiser PM, Guimera R. Community analysis in social networks. European Physics Journal B,
2004,38(2):373-380.

[24] Guimera R, Danon L, Diaz-Guilera A, Giralt F, Arenas A. Self-Similar community structure in organizations. Preprint
cond-mat/0211498, 2002. http://arxiv.org/abs/cond-mat/0211498

[25] Gan WY. Study on the clustering problem in data mining [Ph.D. Thesis]. Nanjing: University of Science and Technology, 2003 (in
Chinese with English abstract).

[26] Gan WY, Li DY, Wang JM. An hierarchical clustering method based on data fields. Chinese Journal of Electronics, 2006,34(2):
258-262 (in Chinese with English abstract).

[27] Newman MEJ, Strogatz SH, Watts DJ. Random graphs with arbitrary degree distributions and their applications. Physical Review
E, 2001,64(2). 026118.

[28] Zachary WW. An information flow model for conflict and fission in small groups. Journal of Anthropological Research,
1977,33(4):452-473.

[29] Newman MEJ. Detecting comunity structure in networks. European Physics Journal B, 2004,38(2):321-330.

[30] Fortunato S, Latora V, Marchiori M. Method to find community structures based on information centrality. Physical Review E,
2004,70(5). 056104.

[31] Gfeller D, Chappelier JC, Rios PDL. Finding instabilities in the community structure of complex networks. Physical Review E,
2005,72(5). 056135.

[32] Danon L, Diaz-Guilera A, Arenas A. Effect of size heterogeneity on community identification in complex networks. Journal of
Statistical Mechanics: Theory and Experiment, 2006,2006(11). P11010.

[33] Newman MEJ, Girvan M. Mixing patterns and community structure in networks. Preprint cond-mat/0210146, 2002.
http://arxiv.org/abs/cond-mat/0210146

[34] Bagrow JP, Bollt EM. A local method for detecting communities. Physical Review E, 2005,72(4). 046108.

[35] Boccaletti S, Latora V, Moreno Y, Chavez M, Hwang DU. Complex networks: Structure and dynamics. Physics Reports, 2006,
424(4-5):175-308.

[36] Lusseau D, Schneider K, Boisseau OJ, Haase P, Slooten E, Dawson SM. The bottlenose dolphin community of doubtful sound
features a large proportion of long-lasting associations—Can geographic isolation explain this unique trait? Behavioral Ecology
and Sociobiology, 2003,54(4):396—-405.

© R

B EITFIT httpa/ www, jos. org. cn




2254 Journal of Software #f+% 4k Vol.20, No.8, August 2009

[37]

[38]

[39]

Lusseau D, Newman MEJ. Identifying the role that animals play in their social networks. Proc. of the Royal Society B: Biological
Sciences, 2004,271(Suppl_6):S477-S481.

He N, Gan WY, Li DY, Kang JC. The topological analysis of a small actor collaboration network. Complex Systems and
Complexity Science, 2006,3(4):1-10 (in Chinese with English abstract).

Guimera R, Danon L, Diaz-Guilera A, Giralt F, Arenas A. Self-Similar community structure in organizations. Preprint
cond-mat/0211498, 2002. http://arxiv.org/abs/cond-mat/0211498

M} o 325 5 STk

[6]
[11]
[25]
[26]
[38]

JE W5 AT ST T T K 2 55 NS 2 I 2 E SRR 4 BE, 2005,34(1):31-36.

TR TR P 2 4 R A X R B —— B 5 B R 97,2005,23(8):62-66.

T S IR B 42 i e 1 S B0l REURIT 7 [ 2 007 18 S0 R AT iR B T K 4%, 2003.

SO 2R, T R P IR T 3 (R A R 2 05 15 B T2 41, 2006,34(2):258-262.

3 SO 2R A RS AT). — AN /NI 53 4 I E 9 P PR S 4 AT A R i A L2 ,2006,3(4):1-10.

& 3CHE (1971 —), &, V0 P LD 1 E
ELE R TR E R TE T N
fiE, S A M 5.

R (1983 —), B Wi, 1 ERF ST A N

2 {EER (1944 —), 3 4 WF 9T L 2R
U, COF 8422 By, B e A A0
A T .

FER(1968—), 5 Wb # LA

Jili,CCF o 2 4% b, 22 S0 70 40U b 504 i
HEFEBARL, TAERBOR Forl B 1 5
T 1 L5 A 2

AR WG AN E TN T .

HAHRTSTE httpy/ www. jos. org. en



http://202.114.65.37/KNS50/Navi/Bridge.aspx?LinkType=BaseLink&DBCode=cjfd&TableName=cjfdbaseinfo&Field=BaseID&Value=WLZZ&NaviLink=%e7%89%a9%e7%90%86

	1   相关工作
	2   拓扑势的引入
	3   基于拓扑势的社区发现方法
	4   社区发现算法描述
	5   算法参数的讨论
	6   实验结果与比较
	6.1   Zachary社会关系网
	6.2   海豚关系网络
	6.3   中国电影演员合作网络

	7   结束语

