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2%, SHARSHR I AR AR S5 . DRI A DX R IRORT DX 24 S5 460 43 AT o Dy e A S S0 AT 25 22 () 30 = SORN S
B B FH AL

FEVFZ IS S B 2, #LIX B &R o — AN EEE R RHE PO IR B Mg S
FEIX R I AR DA 7T A5 3] 1 8RR 22 (0 5CTE, A IS FURUCR P LU AN A R AT IR . — 2 T 58
AFEBED, 2005 4 Palla 25 6 7 Nature FRE THTIRAZLIEMESHX RBEDL (CPM &
15, SEFMEG A XA AT R, R4 AR E T 2 X, T E S ORI 2 212 %
T, R RO ORI R, IZ BRI A X S5 R B AHAR 1 58 2 118 (clique) FTR R, —1
R LAB T 24 clique, BRI A] LUK I B 41 X 2540, 2560 R B2k B Bom I (A R B2, 7EAb
RSN 37 JE 35K R DR 238 IS AR A 75 BRI T B A 80 1) Y HE AR 2S5 R 25T clique 37 R SRV
A CPMw Il SCP BBl DL Jz EAGLE ) &% ik SR BEAR AR A N B fi 1] T A ke 52 4 X 45 v fp B X i
(e, AR IR R S BRI, R R TR R IR M R, AR AL LINK 10 Se i &R k478143
FHE AL AR RL AL X 5, 0 LINK SEVEAE 5 2% W0 2% rp E R AN e i Re R, BT AR 1) S B
% Link Maximum Likelihood M 7| F #1232 f KAK SR AL 4t [X 4544, Link-Comm 121 R {5 Eig i
Infomap FFATEEEEIR S, BRI RILRE IR St X R BLM AR S (H T RE M I E S G, BT 5%
BRBMMRFERZ 1518 BRI T HER R RN T2 — MR B AR R I E B4 X%, (22
Fortunato 191 tH5 H JE T2 K1 43 1 7 V2 AN B R AIE U JE 1749 s (9 7 VR R % 45 21 B8 4 (1) 4 X R LT 2=
R T R AN RS, 2009 4F Lancichinetti 55 29 $2 4 7 LEM &3k, B i@k FEALZE BN
25 TGS A, AR e SR JR) I N ek B AT AL XA K, LR N B R BN U AR AR, BT R
FEIX )9 R AR ST, TR A 59 AT DA i 3 22 A AL IX 2 rp DT R IR B B Ak X 254 . (R BTk
3 N 2 A R TS E RN, ELAIR A9 O TR AL X SR B B R M AR, SR [21 ~ 28] 2
BT RO AN R RIAR OGS, DU 3k T AR AL FERI TV, Steve K a7 B ERIE HIFR 25 AL FE 5% LPA
(label propagation algorithm) (2 HEAT T 4Eff1, $2H T Z AR H I COPRA B0 I DU I H B
X, ZBEGANTBE— AT R T — MR R VF RN R S o IMAREE, kK T LPA Bk
() 52 25 AR« 3 FH DR R X 248 S50 i, ALK T AR KT IO 8% DTG At o DX 28 v =4 s BT Jag 0 4 X A8, o 2Ry
HT R AL XA B ZE VECR, BIMEE I T 2 8 o, SRR ME LUK BUBONER AL IX 45 k. T LPA
SRR B i U RS R, AR 23 B1S8T ORI J5 TN FCEAT T ik, (AR ARAE 45 AR e 55 i /L. G
f R ) B A X RN HIEE T A E (betweenness) [0 857 (GN 5y%) B ZALEL HEE
FPLEA R FERI, (G5 W28 4 o Bl — 2eAk X, B 2R — 2%l #RFREE i E P, Bk
B I) &2 2 FE RO, SCHR [40] 2R A AT E (closed walks) AT RFOCREUN GN Bk A (i A FEHE
&, IR AR B B ARBUE 132, BRI 28 ve AL f. 500 R B AR B A 3 T AR X ORI
i FE RIS AT I (8] )8 SCHR [41) $2 T FREERIE (modularity) 1E A4 X RIS> BT & 1w, H R T
AR IX A BB 2 BELIS DL T (IR I 5, B R G AR 2 AN R 1) SO A AR e e U vk (4248
B TR XK /N ZE SRR G T, BI04 FE FEASTRAR. SCRR [49] 4 H3E T T AU DL SR A Y
(vertices similarity probability) 2 & INAKNE 428 [P 4k X g Aa). T[] — 4k X A T s B A AL &
P, VSP B TR RORH AU S AL DX S5 4, R FH RE RO 5 8 BRR Ak IX B8R, el 1) 0 I 2% R L
I DR 9% B0 B0 A0 SEEBRAIE ) T AR B A R e, E R AR A B TV, VSP B AR AR )
IR PR e . SCHR [50) $2 H — PR AR U FE &, XAHE S Ward 2RSS EIERATHE, T &I
ORI L IX G54 . 2 BENE SR 1 A% Gt R AR ADE P8 A BRI =49 mOHARLE BRI A e, A
A B AT AT AU 20, (R T R AR B A X 4544

ASCHITTHERAE AN TT T — 2SR JE T AR AL FE B 3 B 4k ORI SRR B R 5, 3R T —Ffdie /A
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KRR 5L MMCLPA (minimal maximal clique label propagation algorithm), %5248 5 1 1
DX I o DA R SR AR e P R BT 1 0 T s R 2 A I 4 R o B 2 e R Ok,
FH o3 A it H AT MapReduce F1 Hadoop z“F & S8 T MMCLPA 7L FFEATAL, 4555 B s ih i
T A7 E R A K RIS 52 2% 0 % AT 4 DX B RS  vT E.

2 HUHMIFREIEIBE L MMCLPA

EX 1 BRMEHE G={V,B}F&R, K Vv R RANES, B BRUfEs. DLV ik
TR B 255 1) 5 R )5 R xS LAY R R T AR 8 1 P U R 719 A y IR SR 52 4
Gs, W Gs FAH. 5 Gs € G, HAFAEAEMR Gt C G, 818 Gs ¢ Gt, WFR Gs R/ MK, FFx
MMC.

EX 2 C M Co AL, H47 5 i 0 0lE T 2 DAERIFEX, WA i S A,
BI overlap(i) & 3 j 3k (j,k € VAG#KkA(i,j) € C1L A (i k) € Co A Cy # Co).

EX 3 AT S A0 SR o BN [F B AL X, PR T s TR 4R X, T8 T AR
AT AL H, B i€ VA(G,§) € EAd(i) = 1Aoverlap(j) € C1NCoACY # CoA(] Cy |#| Oy |)
= (1€ CLA (] C1|=max(| C1 || C2 ) V(i € Co A (] Cp |=max(] C1 || C2 |))).

EX 4 AFE—EE X R AN X FAEX, MR X et XA H— X, BE 3 ¢ 3¢5 (G
#£C;NC; CC)) = Ci = (C;UCy) =Cj.

FEThRBEAL TR AL ORI EE MMCLPA W] LAAR R 3 AN (1) FRBERIa61L; (2) #n%F ST
(3) #E X HIIE B S B AL 2.

2.1 IREFHEL

AR AL X2 /N ASOR [B] B FLBE s 1) 5 r A B AR & s/ MR AT AL IX A% 0 846, 4k
TE A — A/ AR R T R, AR A TE A — A4 X BRI TERR YIRS, SCBETE T T3 /MK
W, 50— 5 SR B B B RO R — AT I T ARAE, 5200 TR AN 2 R I BT AT
A AR B TURAREE. 46 /MK E X, MMCLPA B3 AR 2R aa A R P 3 a0~ frow, 5
ANARRS I Algorithm 1 Ffizw.

(1) XF 2% o B BT A 55 R FEBORAT B P e, & =1,

(2) BURMK T3 A5 25 O RO R B9 R A S AR 19 s b R R 37 e A 25 4 P s R 19 55 Bs

(3) AN A A1 B 7wt A, FHRMEE R/ INBCOR
(4) HAREE ¢ AT XA e /I ROR A o BB — 1
(5) WH t=t+1;
(6) EEILIR (2)~(5), EENRA W LERM T, FIE& L.

Algorithm 1 ZIH 7 A F1 B I fl FHRER AR B BIA B — A1 R P AR A2, 15 5
A, B ARB TR S A H R KA AR &, 7 FindMinMaxCliquesForTwoNodes 575 H
7% isLastElement Wi B REAZEM G — 1 ICRK, isInClique HIWTT S LG cliques ZHALHE]. FA1
cliques FIREANTT S AAFAEL, WA LT S EINAZ] cliques H, isLabeled FIWriZ 17 i 2% S &M T ik
PR, setLabelForCliques 27~ A s AN 17 s 38 2 (1) B /MR AR T A5 2. WA A 72 g — 26745 A4
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Algorithm 1: F#k MMC FH AN SR THR%5

Input: [ 2% H AR T bR 2 A PN FE B0 K AR AR
Output:fix /MK R H xR [F AR %%

Procedure FindMinMaxCliquesForTwoNodes (nodeA, nodeB);

—_

2 intersection=nodeA.neighbors N nodeB.neighbors;

3 for each node in intersection do

4 if Inode.isLabeled() then

5 Stackstack = new Stack();

6 stack.push (node);

7 while !stack.isEmpty() do

8 if node.isLastElement() then

9 SetcliqueSet = getNodeSetFromStack (stack);

10 booleanisInClique = isInClique (nextnode, cliqueSet);
11 if isInClique() then

12 cliqueSet.add (node);

13 stack.pop();

14 else

15 Set cliqueSet = getNodeSetFromStack (stack);
16 boolean isInClique = isInClique (node, cliqueSet);
17 if isInClique() then

18 stack.push (node);

19 end while

20 end for

21 setLabelForCliques();
22 end Procedure

BT ZBAF, HE MMC T AU SRR 2. AR 5 2 W 45/t SO i L A A0k, T
TE AR5 B RO (1 S v a6 AR Hp ] (S LA e 2

RHE MMCLPA ARZEPIGEAHN, B 1 N IRIGM b B, B 2 NS An S vaa b 513 210
WILR AR NS R 1, HRYE R 1 RS MR Algorithm 1 76 & 2 3tk 3 M/ Mk MMC, 43
A9 SHE (4,6,7,8), (1,2,3,5,14) A1 (10,11,12,15), FH4r A A%RE— MMC H 7 S0 T 48 7] 1R 25

2.2 IREFFHAN

I X KR AR 2 S N A AT AR N, AN X DA AN T BB R A% O s R, A
DX {30 09 22 T A% o1 A B T A DXL B, T SEAZ 003 s B B R AR S5 SRR e/ IR ] MIMC.
ZEAEAEREI, K FHMAZ 11 558 MMC [ AhE R, W HE = SR AR e TR AR, i ab, T 2
TR DX 571 SR AR S LA KRB A O, T R T N E & s 5 R 2 AR I P
AT K. BARERAE D IRATT ik,

(1) FEFR2ERI ARG 0 e/ R B R BB — N1 U BIAR A R N 1

(2) Gt FHABAT S MMC 5 SAHAE SR E F/d(v,), Hd FONY S v, 5 MMC AR,
d(vi) NATR v EERL, 1Z5R % BRI AT 55 v 78 MMC A58 R IRALE;
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Figure 1 Complex network original figure Figure 2 Complex network initialized figure
®1 REEHIE
Table 1 Process of the label propagation
MMC ID/Label MMC node MMC N-node Intimacy Label Weight
1 1/5 1 1/5
2 1/5 1 1/5
3 1/5 1 1/5
5 1/5 1 1/5
1 4,6,7,8 14 1/5 1 1/5
12 3/7 1 3/7
11 2/5 1 2/5
13 2/6 1 2/6
9 3/4 1 3/4
2 1,2,3,5,14 4 5/8 2 5/8
6 2/6 3 2/6
7 1/6 3 1/6
3 10,11,12,15 8 2/7 3 2/7
13 2/6 3 2/6
17 3/5 3 3/5
16 2/3 3 2/3

(3) ¥4E MMC S HARAR Y R BEALARS, X8 — AT i AT ARZE ST, 5 A Ay 4R sy
IAREE S, FEANFR A S R g AR AT 5 7 st AL R f K 1 — A

XTI 1 BT I 2% I 2 bR WA A Fa B0 235 SR 4 HROPR 2 SR D S 4 s bR 5 A L, 4 Rtk
1 fizn. 29 MMC node F7x MMC H 75 £, MMC N-node #7515 MMC FAF ) 5, Intimacy A
MMC N-node 15 MMC FISEZ . bR H AN &% RS 40 Algorithm 2 FiR.

TE Algorithm 2 H, nodeList /&4 & T RS, cliqueCollection &4 E i/ MEKHI %S, pending-
NodeList NEFALFES S 53R, BE%L subCliqueByNodeList.Size Wi 247775 M2 B HALET MMC H,
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Algorithm 2: F3% L HTEFE D AID

Input: WJ%’%‘E, TR BRAE R S N AN 2
Output: R4 &, FREE S0 R AL 2

1 Procedure UpdateLableAndWeightForNode (nodeList,cliqueCollection);
2 List pendingNodeList = nodeList.clone();

3 AEIDUE 12

4 for each node in nodeList do

5 List subCliqueByNodeList = cliqueCollection.getCliquelByNode (node);
6 if subCliqueByNodeList.size()>0 then

7 for each clique in subCliqueByNodeList do

8 Double weight = 1;

9 saveResult (node,clique.lable,weight);

10 pendingNodeList.removelfExist (node);

11 end for

12 List allCliqueList=cliqueCollection.get AllCliquel();
13 for each clique in allCliqueList do

14 Int intimacy = clique.getIntimacyForNode (node);
15 If intimacy >0 then

16 Double weight = intimacy/node.get AllneighborCount();
17 saveResult (node,clique.lable,weight);

18 pendingNodeList. removelfExist (node);

19 end for

20 end for

21 ACHUDER 3;

22 while pendingNodeList.isNotEmpty() do

23 for each node in pendingNodeList do

24 List neighborList = node.getNeighbors();

25 for each neighborNode in neighborList do

26 if checkInResult (neighborNode) then

27 Double weight = neighborNode.getMaxWeight();
28 saveResult (node,neighborNode.lable,weight);

29 pendingNodeList.removelfExist (node);

30 end for

31 end for

32 pendingNodeList.converse();

33 end while

34 end Procedure

saveResult BREUHIH node 71 /5 P28 K HALE, pendingNodeList.converse FI1EH &R # — IR 5

list PN AEUEE K, B 1k while ZEAEA.
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Table 2 Label’s postprocessing

Node Label (Weight) W-threshold (1/(L + 1)) Result Community
1 2(1), 1(1/5) 1/3 2(1) Cs
2 2(1), 1(1/5) 1/3 2(1) Cs
3 2(1), 1(1/5) 1/3 2(1) Cs
4 1(1), 2(5/8) 1/3 1(1), 2(5/8) 10
5 2(1), 1(1/5) 1/3 2(1) Co
6 1(1), 3(2/7) 1/3 1(1) Cy
7 1(1), 3(1/6) 1/3 1(1) Ch
8 1(1), 3(2/7) 1/3 1(1) Cy
9 1(3/4) 1/2 1(3/4) Cy
10 3(1) 1/2 3(1) Cs
11 3(1), 1(2/5) 1/3 3(1), 1(2/5) 105
12 3(1), 1(3/7) 1/3 3(1), 1(3/7) 105
13 1(2/6), 3(2/6) 1/3 1(2/6), 3(2/6) 105
14 2(1), 1(1/5) 1/3 2(1) Cs
15 3(1) 1/2 3(1) Cs
16 3(2/3) 1/2 3(2/3) Cs
17 3(3/5) 1/2 3(3/5) Cs

2.3 [EEARCIEA

EFX COPRA SRk rh il S 4 N FE 8 A XA B807E R R0 I 28 e DX I HR AR AE IR ) 8, ARS8 IR
I3 BT I 28 755 AR A E 5 4k XA G 2R, SR 1 38 L RN AR 2 A% 4 S5 (1715 R 2 BA SR 4T J SR Ak
MR AE AL, ARSEAR F 01 R — MR AR R 4R .

(1) 4715 1 v WA Z DRSNS, STz AR L, MBRBCGE /N T BME 1/(L + 1) FIR%E;
LTV EER/NT 1/(L + 1), WIOR BB B K IAR2E, MIBR AR PTG 4528, WA 2 MU E K,
[FI SN T 1/(L + 1) BIARZENS, BENLIEEE— MRS OB, IR AR B bR 2%

(2) BAFAE— S840 IX ) J& HARBORAL X 4L X, M2 74 X BRI X A IF

(3) RA—AFRZEIT R AZAR R P ME— 4+ X ) G 2 AP 281757 Ul &8 T 2 AN IX

X2 1 B 2 HEOPR 25 SR 5 A AL B 3R AT H5 25 J5 S AL B, s RR 3 2 o, Hid W-threshold
(1/(LA41)) 779 s 8 B & B B, Result FRoilid B id M RE AL B G 45 R, MR T VR AL IX ¢
AT AN (4,8,7,6,9,11,12,13), #EIX Co T AN (1,2,3,4,5,14), #EIX C5 W5 A0 (12,15,10,11,13,16,17),
R 2 MEIX R E ST RN (4,11,12,13), 5 52bRE BUAHFT.

2.4 MMCLPA HIRtE|E 22 E

B 28 AT n AR B EIEEON k, S/MCKBIECHE O b, SRR BTH T 5808 m.
MFEARRERTAE AR B, S I ] 52 2% BESE AR O((kn/2)(n/2 4 5)), LEFRZAE R BL DA AR5
RN EOEON i, 5 E MO B SR RSB khon, 83 55— RARZARIRAE khm A>7 51
RGN TR BN O(khm?). TR (n — hm — khm) AN SUB IS PR IE I IRGARLE, SN2 bR
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BALIRIIEARKEL, —RAEN 5~7, WETE R ML AR IRIGFREN) (n — him — khim) TR, ZTE
BT R — AR IR, — R BB ETT S RERAE, 3 EX 5 A JE T S
IR ARREHEAT LU, e AL B B R IORRAS. S — NI RS2 AE AT B 15 RUbR 2 A A i FR AR 25, I (] 52 2%
FER O1); B AR T SR, WA BB O(k). Rk, bRaSAt ki FE i 18] 52 2% B
O(T(n— hm — khm)k), MMCLPA SRR AI B4 E N O(k(n? /44 5n/2 + hm? + T (n — him — khm))).
X TSR 2% R T &, BRI () S 28 BE RO, 5 SCR I MMCLPA Sk JEATAIN T Rk T
SRR 2 2 B H v 1 e L

3 BASW

NEIF MMCLPA HyEmvEge, AT MMCLPA 5 H Al JLRh B A M ) B S 4k X R BB
HEAT B, AR ELEE RS e 36 TR FE AR AL B 803k LEM, 2 TR R e 5L CPM [ SE PR
CFinder, T FRZALSR) E S X K IFE COPRA, MFRSALREEE LPA B 53% SLPA.

3.1 SKBBIESITFMN

SRURH T PR RS, R T B R BRI B SE. KA LFR 2EiERE
Fe 1P SR 0y FUM £ B B, AR AT DA RORAT LS SR R IR I 0 L 2%, JF AR Z 240 vT A
PRI, BT R PR A DX/ Sy 4b, FEAE B S ZE IR (RN, Rt 2 AR S A (X 45
Hygar s, DRMARAE & IR IS IEAE DR BLRE. AR SCRA NMI (Bt EAS ) $RFR R B J M 28 41X
R R FUE. NMI $8Fr A= (1) Pros. Hrb, ARl B R M pimh ) -85 1, C¢ FoRiR
B, HouR Oy Ronklor A Ak E 0 B iy mER o B Akl B BN L O A
Cp Fomkilor A Fi7y B RN, O FonsERE C 15 i TIITR A, C; Rkl ¢
% j PIBITCER M, n FRORMZE )T RN NMI BN 0 ~ 1 2 [A] B3, NMI A8 Bl 27 P A 7 ik
HAL.

C. n
C Cgp )

— 2 Zi:Al Zj:l Cij IOg <C C >

NMI = L

Ci, C\
4 s tox () + 252, 0108 ()

R 2 Bk ORI VS LA B 5 D 28 SR B0 I RV P Jo B R, o T FLSE M 4%, 1T karate, football,
dolphin, Enren, CA-HepPH, BJTU & 3CAE 485, 1% LE [0 25 BRI /INAN— 1| FH X 8 B S o 28 4
5, RPN EEAL X KA BQ T EAL XA ISR, SRl 5 HAR SRR ERER ELEL. EQ siBinst (2)
B, Horp, A ZREE I ARHHERE, O, Fn T i v B THIHIX B, m RORME LN, &, £
AR R v BIBE, S8k, AR PTA R SEAE — AN X h, BQ BREUIE R 0.

1 1 ko ko
R 5% T o [a -] g

i v,wel;

3.2 {HEMKSLE

N T B REIPEAN AR A DR BRI R 73 Jo i, AR PR 3 P A v T 4 AR R
W2k, 3l Sy KRB NEIX, Sy R IEE KA X, S5 RoRPE M PEIX, Sy Ko
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% 3 LFR EEMEHIE
Table 3 LFR benchmark network data

Network ID n k maxk minc maxc t1 to On Om u
S1 5000 20 100 20 100 2 2 100 4 0.1~0.8
Sa 5000 20 100 50 500 2 2 100 4 0.1~0.8
S3 5000 40 100 20 100 2 2 100 4 0.1~0.8
Sa 5000 40 100 50 500 2 2 100 4 0.1~0.8

B2 KA X, Wik 3 Fows. Fort n RS HITT EL kA2 AP B S, maxk S& T R iR AL,
maxc A& — X BT AL, mine & — X BRI R ¢ R S EECR RS IR, t 2
X KNFERS AR, O, REBT AN, 0, REST ABETHAHXAE, o ZIEASEH, HI
EYE R [0, 1], HUEER R AR B A7 BN 28 44 X S5 M AN B 2, M HUE A 0 B BE AN 28 2 —MHEIX ) B
9 1 B NE— B 2. SEd i IR A S8 o SRS NS AEIX 450, u € [0.1,0.8], BRI
T 0.1, I THELE R ZS AN [F) 4544 T #5005 NMIT 1E.

FANEEISHL BT COPRA HH) v HA B E N 2 ~ 5; Clinder F1H) k 73 A E N 3 ~ 8;
LFM H1) a 73 E R 0.8 ~ 1.6. A EIENAFESECT I NMI 8 H IR B0 KEE R A4 R
Bl 34 5 Pt B ELr BIFE 4 4H LFR FEEM 4 50 sk XORILEE R, B MMCLPA 5% 5l 53
ftb LR BRIE AT 45 R b LU A

(1) MSEBGLE R AT SN, SLPA FI COPRA BVERIAIX KA R 2RI T BHMEH. X5RMM 5
Hr—2%L, COPRA F SLPA B FAREVIME AR N — N1 AU T HE— 4722 S8 8 G A 2 TR
2%, BT SEAFEE; 5 SLPA 1 COPRA HyEAHLL, MMCLPA HIEEU/D TURPRER ATIE 75%,
WEAEFRZEALFEH D AR 2 AN ZL R FIW T4, i 1 SERCR, FLa R E.

(2) TERESH u € [0.1,0.5] B, KZHEEEA B X0, fE o PR, tHX 41
APFANEH R, B 7 2 R 2% R T R AL T AR AR BN R A 2 w>0.5 B, K2 EEVERIRI S &
LT BRI R, 5 MMCLPA W15 R EAIRFFER SR, FEMBE (F2) WZ5HEIX R EUS T 84T
k) i, R B r] DR BRI SHR A S8 w IR, RISt X S5 AN I B
4.

(3) fEFE B4 s CFinder A1 LEM BEAN B &R B S 4L DI RE 77, A REALE B OR
(152 2% X 5.

(4) S5HABPUFR LA L, MMCLPA SETEIR G S50 u EIZETHGIN, #1 Xk A 2080 1 K 1) 1
BUR, ERgn (F25) P28 35 LT B0 AL DXOR BIURSCR, I FLE R 7 0 2% o ) &5 SR 0T T s 9 48,
T 55 FRATTRT DX 28 1 41 85 4 (10 2R P88 A DA B e /N K [T ) 58 SRR O T A DX 28 R B0 244 DR 4% ) 4 [X
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Figure 3 Result of community detection on four kinds of benchmark network data. MMCLPA on S1 (a), S2 (b), S3 (c)
and Sy (d)
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Table 4 Result of community detection on the two real network data

Karateclub real network CA-HepPH real network
E-methods
COPRA MMCLPA SLPA LFM CFinder COPRA MMCLPA SLPA LFM CFinder
EQ 0.72 0.81 0.76 0.65 0.73 0.7 0.78 0.75 0.58 0.61
R-variance 0.18 0.02 0.15 0.1 0.13 0.25 0.07 0.21 0.13 0.15

Algorithm 3: MMCLPA F:4T10 SEELIG AR
Input:key NFFURTT M, value AFTHE 5T SAEEL AR & 15
Output:éfﬁﬂ HAT SHTAR 2 2 redis HY

InitLabelMapper();

InitLabelReducer();

—

Procedure LabelPropagationMapper (key, value)

(nodelD, neighborsID) = parse (value);

nodeLabel = redis.get (nodelD);

list labels = empty;

for each neighborID in neighborsID do
labels.add (redis.get (neighborID));

label = maxLabellnLabels (labels);

© 0 N O Ut e W N

10 redis.push < nodelD, label >;

11 end Procedure;

25 v B g /A OR AT DA R AF TS RAIBR AT B, SRS S Al B 5 P UG 1 AR e AR 1 A
BN R RS S, IR EE T HET Ja DA AEEAE redis H, K I 28 1300 ST A 42 R S
PEIFAEEAE HDFS 1, KA redis 58 ARG RIIAZER, -4k MMC IR MMC A (175 ml 7 A
— bR i@ InitLabelMapper Fil InitLabelReducer PN FE 58 1 T ARSI WIUG4, K redis 105%
BREASTT RS ARAS DA K 4% BN 0 bR 28 3k AT Sy S 28 BB, SE () MapReduce 5SS 3 22 3R 1
TR, XSRS A Algorithm 3 flf 7.

(1) B SCHHA7fE7E HDFS H1, Z5d—4% MapReduce 121 S ¥ 9 0 45 1141 B2 SCHF Node-
NeighborsFile, JF44 17 fU AR AFE A Redis H;

(2) LA NodeNeighborsFile A\, {8 redis, &3 —4% MapReduce #8277 mi i &/ MK ], 585
PREEFIRIIRAL, JERETT R BORREEAE RAFNE redis

(3) f&B) redis UL NodeNeighborsFile {E AN, &1L 2% MapReduce 5Ebn2 1L HE, —4F
MapReduce &R 1] — IR L H.

£ Algorithm 3 " F iR %L maxLabellnLabels() PRAFARJE 5w BENR 25 A e RAE BLAAH R bR
25 BT BT R — AR AE redis 2. —IR LabelPropagationMapper /145X W, —%& MMCLPA
HYRIEARERE, 2 RIZ1T LabelPropagationMapper 414518 BTG 15 55 B3R A5 F20E AR AT, &t J5 1A
AL PRAT B DO BLR S5 R
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Table 5 Benchmark network data of parallelize MMCLPA

Network ID n(million) k maxk minc maxc t1 to On Om u
P1 1~10 40 100 50~500 200~2000 2 2 200~2000 4 0.2
P2 0.01~0.1 20 100 20~100 200~500 2 2 50~100 4 0.2
8 -
1.00 - 71
6
0.95 | _
L é’ 5 L
= 0.90 S 4| —=— Stand-alone time
z § ——e— Parallel time
=5 —+— Speed-up
0.85 NMI 3
Q
&2
osoLb—o 1
1 2 3 4 5 6 7 8 9 10
Node (x106) 0 :  —

1 2 3 4 5 6 7 8 9 10
Node (x10%)

4 FH1TH MMCLPA FEZEEAREBIEMRER LR 5 FH1THt MMCLPA FEZEEARMWEHKIENE L

X & H4ER HIANEEL
Figure 4 Community detection of parallel MMCLPA on Figure 5 Speed-up of parallel MMCLPA on the different
the different scale of Benchmark network data scale of Benchmark network data

4.2 SKIREE

SIS BT FH ) Hadoop SEREALFE 1 ANETT A 7 AT AL MRS 4 # 3.2 GHz Ab#E8, 16 GB
WAF. RSN DebianGNU/Linux64 {7 R 55 2%, WIZMAK 2.6.32. SLIRKIA KA LFR EERT
KA AT W &K dE. BARSEUNE 5 B,

7E P1 MR EIE 4L N SIS E R NMI WK 4 FiR, ERASE u=0.2 A2 B F N SZL
SERTTLUE ), B SR B3 K, MMCLPA FR47 RIE M XORBUR S I T — e FEE I T RE,
HEARER T 80% MIEMR, SAEBNLARL T u=0.2 Kb EE /NS 4 (104 X R B0 23U,
YL MMCLPA FATALEE SN RS T MMCLPA Sk BB EE TR, 9 7 B H5RAE
MMCLPA FiERIFATMERE, H T 5HL R G GE AT BR LA BE7EAT R [A) N 56 BOGT bESESG, S
d i B T AN P2 IERBE AR, ¥ MMCLPA B0E7E BN RS F ST A S F e AT EE
Hadoop 8 R 48 L IMIZ1TH AT LLEE, 25 R Wk 5 Fios. B 5 Bn T MMCLPA SVAAEA [R50
LR AT A AN R 48 HR 4T BT 7 R ) LR Inss B PR, R o T A 0% e b Jig 7Rz A7 s T R s
e, B 5 IR B AT (]2 A5 BAE R 1/100. MW AT DA H MMCLPA 7] PAAR KR )
WA, It HBEE AR MK MMCLPA SVAfE ML RS F I T MR R E s K, mItiTi
(10 Ak 3 F ) U] BH S i/l AP o R ek B it 4 T LAt A B A NS, AT A B AR AR BRI
I Lk RE, XA Map Reduce [RFMEMEHISA 1/O I [HUFE, S8R BRI, HIFEHT &
ORI K. BEE SR B K, T/0 IR BFE L E I/, FRAT AL RESRAG4R T, Ik MMCLPA Jf
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Figure 6 Runtime of parallel MMCLPA on the different amounts of maps
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Parallel overlapping community detection algorithm in complex
networks based on label propagation
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Abstract Some of the defects of community detection algorithms in complex networks include pre-parameter
limits and redundant labels. Accordingly, we present an improved overlapping community detection algorithm
in complex networks that is a minimal maximal clique label propagation algorithm (MMCLPA). The algorithm
uses the minimal maximal clique (MMC), and allows each MMC to share the same label by reducing redundant
labels and random factors. Therefore, the MMCLPA algorithm increases the stability of the algorithm. Mean-
while, the MMCLPA algorithm completes label propagation from core node groups (MMC) for distribution using
intimacy as the weight of the label. For the label’s post processing, uses adaptive threshold method to overcome
pre-parameter limitations in unknown complex networks. When compared with other community detection al-
gorithms using artificial and real network data, our experiment results prove that the MMCLPA algorithm not
only increases the tolerance for mixing parameters, but also improves the robustness of the algorithm. Lastly, by
employing a distributed computing model (Map Reduce) and cloud platform (Hadoop), we allow parallelization
implementation of MMCLPA. Our experiment results show that parallel MMCLPA owns an approximation of
quality compared with the stand-alone system, as well as better scalability.

Keywords complex network, community detection, overlapping community, label propagation, parallel com-

puting
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