F2UEE 1

20184F1H g‘F}L('fﬁFI%IjE

SOFTWARE ENGINEERING

Vol.21 No.l
Jan. 2018

NEHS: 2096-1472(2018)-01-01-06

DOI:10.19644/j.cnki.issn2096-1472.2018.01.001

—METESHURE RN EE
FhEpAR"?, RN, ERRY

(1.8 bR, K i SR, ®® &% 710121;
2. G bR, K F T R MAHERRAEESERT, G H% 710121)

W OE RN AR — A R, BRI SR AR A SRR A — D B AR R e
R AR TS BT A . A SCRRR TR EFR A TAE L FA R MAZFOR , B S5 e
R —ABEAIACVRE , TR DARFIR IR AR, $2 i T —Fh BT 20 it R I Bk, FE— Al UM 4 FE
LM% ERIE T BIAMERE, T STAMET B BIAR M AR I BEAC BIRIAT TR, SERREE AR W], I 2R At AT 4
MR MI, BT 227 I SR B B A 250 BA AR TR

KB ALERGN, HEASSE T 2, BIRM %

HESES: TP3II MEARIRED: A

A Community Detection Algorithm Using Differential Evolution
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Abstract: Community structure analysis of complex networks can be modeled as an optimizing problem,and then be
solved by Evolution Algorithm (EA).One fundamental issue of EA is how to encode a candidate solution into an evolution
individual.In this paper,the Indexed Locus-based Adjacency Representation (ILAR) of evolution individual encoding for
the community detection problem is proposed.Therefore,a community detection problem can be converted to a discrete
integer optimization problem.Based on the ILAR,a community detection algorithm that uses Differential Evolution (DE) as
the search engine is developed.A number of experiments are conducted on synthesized and real-world networks to verify
the performance of the proposed algorithm,and the results are compared against those of two typical community detection
algorithms based on Genetic Algorithm (GA).The experiment results show that the community structure discovered by the

proposed DE-based algorithm generally has better quality than those of the two compared algorithms as the community

structure of the analyzed network is sound.
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1 5| = (Introduction)

AR A M g — A SRS, ANTTRAEALR
1 P EC7E R 2% b B AR LR S RE , #hdbaii LRI AN
T B R CE 2 )M, A AR S R 2 HA Ty
TR B . #E7F1 258 M AUl (middle—scope level)j2
W BRI RERE, RERE R A B X,

ANZA AT AL R IETIE E Sy Rk 0V o o 151 P TI R1 DEE Bi S %S
(Evolution Algorithm, EA)#EATsRAR, BiE X —FfhE & A
M TR Y H AR R AL, PR A S SRR R S AR OR (B B

We/ME . L EE AT BRI E B S RATEF
HITE AT 2540 0 B A (B A4+ B ) . & B T4k R )
T e " (Genetic - Algorithm, GA)FIZE 4 (L
(Differential Evolution, DE)&.¥%.

AV SRV 1) — A AR [ 2 A AT 5 — AT B 1) 1 S8 figt o
T BB R, AR T R IR AR &
TR, R I A R BB s FEU AR B, R
H—FADE A8 R 5 |81 A M 3% . DEREIA N2 K AgsE
B Ak M e A Bk 2

EGIH : BT E PSS AR T (2016KTZDGY04-01); BRPGH H AR ERITT AT (2016JM6048) s BEFTA H AAFLE SEORTIZITR (2016GY—092); BRI EHH T %

TRERF5E H (16K 1687).
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2 HUNEFRT(Evolutionary individual
representation)

TE AL B3 SRR A FE RS I ) B, R T R A Y
Mm%, Bl “SMHERRE” (String—of—Group
Representation, SGR)FI “/#p4B#EER /R¥E" (Locus—based
Adjacency Representation, LAR)'", XFifpZEm5hEd, 3
A RE R — NG &, NEMEPmTT R, nEnE—
YERR T MR B — D8, TESGRH, HAYERE M H 2 1%
AERFRAT T JE AL AL AR IR s TZELAR Y, N2 1%4E
AT R HEAGBJE BT SR IR AR (RIZ AR 19 R 7 ) 5 A 4
P, AR R RIEAE R — A S AL

SCHRI61—SCRRI8] v B T~ DE ) 44 F K6 i 328 R A TSGR
FoRik, EPAEET, ERRETERSTEKREE
B, BRI BIARRAF AT RERA LR L, FFE, AR
MLARZFEIRYE, X488 57 s bn R4 5K 22 [ R A 3
A IO R IR AR R N E AT, 1R CRGIREBAR RS
7”7 (Indexed Locus—based Adjacency Representation,
ILAR), AIREAL ARG ) RV Al Ry BE R AL )R, X AR ]
PATEZE 5378 S Ve rh B AR e R 2218 58

RIREBERRES, MEFERFER AN E, F—
AEMARM P — D5, SLARRRERZ, e 4
HME 2 AR A 4R E T A SR B R T AR IRAF, T
ARABFEIT R RAF, — AW RATRE S TE, Lrh
PIEIE— M HED , 104 <8 S 71 AR IR T B e
HEZ, M3 AN G0 Y S8 2R 5 AR AT a2 1L 48 5 25
TEAB BV R P RTE. — AR AR ZATT M ABE, XF
RSB A, ERSERTIFRMF2ARM, Bk, KA
Kol RRBER R EE, METHENTTAESRNEZ M
PF——— D AR R RIS T AR RO IR AT, SBERT
FRIRAT R EE 51 SR S8R B ECE AR . R R IR RN
I PABER—ME— b R AR SR AR R

AT 2R 5| Jm AT 4 20 AR o G T ) R R 5 4 43 R R
B H eI YRR AR JE R T AR RAT R 4 A A B Y 4 SR
TRARRFF s ARG R E SRR R R KRR — R A
H, GAUHER—MEE L, 5 DR ST R AR R R
A o 5 i AR R,

B4 I T — AR R R 51 R R R BRI R Al
MERIBT . E1(a) g — R R SR RS T, I 2%
BEINT A, BN AWAARE, 252 {1,2,3,4, 51 A
16,7,8,9); E1(D)FIH TH— T mASRfE T mAFR, %48
SR SR RAFT T HES, A E BT SRR R T R
WAFs B4l T — M RARGRFRSBHER R AR AT RE 1)
AR, oy R B A 140 R (1 R2), 1 M2 3

HEEINBECIE4), WRSERFIHF IWECTRL), Ha
HESSARLs PRI 1(Q) IR A A TRAR R A I 4 40 o 2R 5 A R4
JERREI A, BIR AR R IE R M E1(e)2
TEIZA R P B AL A S5 A ) AL RO
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Fig.1 An example of an evolution individual by Indexed
Locus—based Adjacency Representation
3 & i+HmiRr(Algorithm description)

R EEA S, WG, R, ZX
ANEERE, HARI 46 0 RAE IR I AT — )k, s i =
LEREMERZ K, BRIEESR", FERGIRHEEA
FORIRAYELA B, AR SCHR R T 22 20 PR AR A I R T SREE
DECDILAR(Differential Evolution Community Detection
Algorithm based on ILAR),

3.1 gk

VIR E T, Z 0L EARENLAE Bl — N NP
KRR, HohEg MR — IN4ESE &, R T —F
YECAL MR e . Hh T — YR RIS AL AL 1R Y —
IR Z A, FLIUE T L L R A — R N, B —
Y BB T REAN ] . R AR AL AR e A A Y dg— ERRER
FIRER ST, B TR E A TS N

R R G EBRE RIS, A RS I AT DABE AL R — A~
BERACAL A, — MR B 26 AE R BT 46 1L o 13 55 A
SRR AR BT ANN ) Z TR R A . 258 MR SR
YESgxi, MPILEAL AT AZR R -

xj;0=1+R(rand;.i{0,1]- (NN - 1)) (1)
Horrang. o @ — M2 RTEX A _ERYBEHLEL, ZREHIECT
AR AR E ML R BRERORE— AL
AR L BB o = 4E TR (07 FoR LTl
REZWIRE.
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32 EHTR

Zor ARSI, A HTRRE R R — A SE M AR
J “Hbpla&” (target vector); il 2= - (mutation)#
YEAE LR MR “fRIg e & (donor vector); i
TR ) A E b 1] 1 A0 32 X (crossover) BV AR BURY JE A A AR FR
o “iREEmE” (trail vector),

A AR R S B e S AR R R, 5 A 2 Rk L
FYEARR, 2250 HEAL R A 1) 5 (A4 1] 1 22 S R IR R R =S
], Sebr b, AN 2240 3 A0 SR 0 DX B E A T8 R VR P
FIAMR 22 R R[], DECDILARTEAE Ji 5 M 1] £ 1) 728 S
BHEABRA T MR AR Z S8 “DE/best/17 , Hr
“DE” toFEZH3k, “best” FimEH Y mil Fh e B B
MR ) B ) B (base vector),  “17 FIRTEHL B )
R HEET A2 IR R ZER) . AT By LR
Fa, A “DE/best/1” #4778, @i 5] A—A%
S SRR (mutation ratio), BT —RREZAER AL RIS
B RN MEX GBI 1AV (R M AT AL A
DX B 245 22 5078 RARAE AT ROR R

. {XbcsﬁR(F»(Xrl,’G ~ X 6)

Xig

if rand{0,1]< Mr
otherwise

)

Ho xpeor A 24 BIRRRE AP R FE A SR I A, A RS R Y A )
B, FESH “TRER” (mutation rate); Xy oM ciEm
AN H AR T AL B AN A s randf0,11/2 3 5345 T 7E[0. 111X
&) _E R —ABELE, 2 BEALECTE A A A A 45 17 &
AR —IR,

TERLENE, Wi 2072 s RPN &,
FE SO AE B BB P REER D T BRI DXL NN, AR SR 5 4 B R
ERE R T PR DX ], DR AL % A AU A
33 %Y

X ARAERAE I AE T s AR ) 2 e, A A S #
Ve, TR 1] 5V 65 AH MY H AR ] 58 X A SR 4E R (E, AT
R — R —— R B 8V 6. 22030 B — i
RWizB R “ZWA AR X" (binomial crossover), B%z 56
R EE GE, S ANTE0 X ] b A B BEALEC N T B T
YIER) “REHEA” cr(crossover rate)if, HAER B TR
B4, BNEE T Hirm R4, WA X RR
H:

vise i randi[01]<Croor =
A P otherwise (3)

Horfrrand; [0 B30 55 j4E A AU —AN39 23 0 A AE X TRI[0,1] LAY
BEMLEG T rana M2 — A BE VL PRI AERAR IR, 55 0F) = Jana PR
e TR R 2 LR A TR R, BRI
X — AR (BN B AR ) AR R — K

Wz, RMNEH “BWIXX” (uniform
crossover )iz FHAE AL FIA P ARE R, 39593 4T RETE 1
RS A AR S AT, 224y e, SN 5158 LT
I CE T A X GE AN 0. SR, T e i
T B A — 4 45 ] ROk B TR e B B H AR &, 1 G
RSB IEFIUEE G, B I A B AR ) & R AR
B DR B AN S ) B, HC R — ) Y — 2k B TR )
i, MmN R A F B iRm,

3.4 EFERMEUBIRRE

220y HEAL S P e (selection) A M T i /2 H F e i
T2 HXF I A A 1] B A R — AR RS . XA AL
W, PEFRETT RN

XiGeim {Uw if | f(Una)= f(Xc) “

Xi.G otherwise

Hrp rOR M0 B Rk g, W S5 20 ARk EE 5 B
T 1o 6 1) E A R B S5 B, 22 40 AL B30 0 U ) R B
[ =E7N I

DECDILARE ¥ R FiNewmanF Girvani H py 5 bk i
(modularity)"Hh ti 1k B FRER L, BIREEMMOR, KIIHLH
SRR A, ERAEA RAE PO A Hir M ERE T
WA G ) &, PR AR VR R A A 1) B A A1 )
PR SR I MATE T — R i
3.5 ERMER

BT A R I B YA DECDILAR BYAEZR AN T

#::DECDILAR

BN 2% 35 K HE AR G s FIHEIUAEE nop 728 57 38 0y B SR F 2 XGHR o
B W2 )AL S R

ijjg:

0145 #9246 P I REAN S RN — AN bR IR s

02) 240 J5 15 451 BRI TH 3 B 7 41 A1 AL, A AN AR A L — A
AR RBIBRIRE, BIEEARESI R A

03)H: TR 5| B AR % ILAR 2L B Jy NP IYIEAA R

04) B B U AT K 6= 0

0S)WHILE ( G < Gax &&RIEFNEFREM) |

06)FOR A FHREHH 4 — M MAE Xio ) {

07) J3 A8 S48 0 A R AR ) i Vi

08) it 22 SRR RPN RIG I UL U2+

09)i I BRI Xio « Ul UZ PR U M MALEE )R — AR
10)}

1) BB SRR G =G +1;

12)}

13) M2 B R P AN, AT I P g e R

4 SLIGZER K 4y #r(Experiment results and analysis)

E—2H A UM 45 AL SE N 45 EXTDECDILARBE VAR B
BEATI, A TR ORI R 513 (GARIDE), AR A4
FR TN AL B SRR S, LI L S T R AR T
GARYE #——GACDSGRFIGACDLAR, HH'GACDSGRH
AMEFRIR R TARMEHFIRE, MGACDLARFNERA TR
AR IR R, R T IX PR EE 2 407515 5 51 5 2% S0
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(21 SCHRI3], e P 445 Jo e i B U SR T A B BE A — 1k
FH{Z B (Normalized Mutual Information, NMD', 48w 2511
FCAEBIZEM E A, W I NMIFE R B A I 2 kL B 450 5 5
SALPSE R RIARE, (UK, RUAMFhSE SRR,

41 XRIGE

S M KOOk Sl 2 ol , TER M E T GAR A
O RERYE RS, AAREEHK0.2; FEDECDILAREE
LR 7 A (M) 00,2, B FHER(F)H0.1, SZXFR(er)H
0.5, Z=FPREM IR (VP E H300, KA
(G WL 49300,

X — K M 2%, BT FEER AT 10U X is
Frn KB A A T AR E R — L EE R, REITE
100 FT 45 R AP SAnifE 2=
42 SRMELEERR ST

oY I LERAEA A s AT i, TR A A W
%, HIRGS8 ()4 5IE0.1, 0.2, 0.3, 0.4%0.5, BAZ
Hda W] T AL B AN RS A 0T B TR R LR,
EMOR, I 2% A FL A S5 BARR] . LERBCLAY H AR S 4L
BB MEETT RE(N)200, ~F37Y RO (K)20, fok o sl
(Kna)S0, BRIALEIHC 040, BT (Coi)20, 7
JERFREUI R (¢1) -2, AL 4R B 1 fe K (2)—- 1,
PP SVETEIX L 2% | 100847 45 3R 1 1 S A B2 A~ 429 1
— A HEAFEARITR,

F1 LRFEMMENFHERERFIYE—LEES

Tab.1 Average modularity and NMI of LFR

synthesized networks

R Sk T-H % RS
GACDSGR 0.6931 +0.0050 0.98650.0048

u=0.1 GACDLAR 0.7037+0.0000 1.0000+0.0000
DECDILAR 0.7037+0.0000 1.0000+0.0000

GACDSGR 0.5683+0.0053 0.9360+0.0103

1=02 GACDLAR 0.6141+0.0000 1.0000+0.0000
DECDILAR 0.6141+0.0000 1.0000+0.0000

GACDSGR 0.3882+0.0114 0.7964+0.0275

#=03 GACDLAR 0.4614+0.0000 1.0000+0.0000
DECDILAR 0.4614+0.0000 1.0000+0.0000

GACDSGR 0.3420+0.0128 0.7626+0.0510

n=04 GACDLAR 0.4244+0.0002 0.9987+0.0042
DECDILAR 0.4245+0.0000 1.0000+0.0000

GACDSGR 0.2001 +0.0094 0.3717+0.0402

u=05 GACDLAR 0.2443+0.0158 0.5061+0.0977
DECDILAR 0.1903+0.0224 0.3538+0.0713

MEFRTAE L, HRAGSH(WDEO0.1, 0.2710.31,
H#EGACDLARFIDECDILARYYfE & BLIEAA 4L A L5, H
EARGE R i THEGACDSGR, 24100, 45, 9 i
TR FR AR H A R R B FL TS 1 SR A W B A A 2 A
{4+ FGACDSGR, HDECDILARHGACDLARRYEF, i
WO, S, B EDECDILAR % BB+ F 454 5 & Al ik
#, MGACDLARBEIR KMl , EMNH—LEEER,
S B R R S Ak R 25 A, G O 2 B S P 45 4 11 F- 3
FHLEE L HAH0.5061, FESEBRNY A4, X PR EKFIR AN
Y,

RIS R R, RSB AR R IR S I
PEAHFRE A TAE R R, Beah, 4 M 25t 25 ¢
RTEIT(SER T < 0.4, LSRR B 2R 5 120
RERS K N T A AL 1454, HDESTA Al i & B T2 5
4.3 EEREIREERR T

L S A 245 1) A IS5 AR P T B L A U 2 B R
A=A BN % ENR T =Rk, X8R 25 43 5
5. SEMIHIKIN 24 (bottlenose  dolphins network)™, 3462
AT 1594 s FEEZBE R ERHEFEM 45 (American college
football network)"™, G115 H . 6165501 FFRi M
#(metabolic network)', FLAF4534FT . 202543, Hp
G W) TR D00 245 711 5[] < e JE 3R L B 100 24 F) T S A PR 454 2 0
(AT L&), RSP M, WX =AM
SR 10UGBAT A R 1 R B I3 I — L A5 BN R 2
7GR B AR 35 190 25 1) LSS AL A 5 A AR, DR Je 3R S e —
HAFEME) . MNETTAES, RS GBI Hfp
B R AR 1 A A e 7R B HL T A S50 2 B Ak T 45 4 O
B TGACDSGRHVA, MDECDILAR K BLAYHEIA 454 i1 it
FIFFGACDLAR,

FE2 AP A T W U I I 445 R 5 ] 2 e A2 Bk EL R ) 45
(LS P 28 A P S5 A RSB, PTDAE 3], =R EEA il
3] ek T 85 ) B L e (L2 L B SR B BE (R, JU R B
BRI 2, F2WLA M T AT E LA ECE, WAE
B, XFIEMIEIKM 2, =R K IR R H AL
BEQMEZ, PSS, R\BERIAIEEZEHE R
K2 s TN 56 27 Be R Bk USRI 2%, TR B R B A £
B/NTHESAHABE9Y), HESHESHTEEEINH
AU SR, A B () SRR
FEF B A 2 (P 104) AL EE R B B9k R B A A
Lo R AT
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T2 AIWMENFEHESRE, FHA—HCEEFEERENE
HREHE
Tab.2 Average modularity,NMI of real networks and

number of detected communities

A: 01 SEHy FEH— CEER

GACDSGR 0.3735 0.5259+0.0021 0.5574+0.0427 4.8
Dolphins GACDLAR 0.5283+0.0005 0.5850+0.0047 4.9
DECDILAR 0.5283+0.0006 0.5856+0.0054 4.9

GACDSGR 0.5744 0.5977+0.0044 0.9112+0.0263 9.6

Football GACDLAR 0.6046+0.0000 0.9328=+0.0000 10
DECDILAR 0.6046+0.0000 0.9328=+0.0000 10
GACDSGR ———— 0.3627+0.0084 - 24.7

Metabolic GACDLAR 0.4455+0.0013 P 9.9
DECDILAR 0.4470+0.0017 E— 9.8

P2 /@2 DE CDIL A RS ) 1 i — Fif 5 W 85 K 190 46 14 e FA 45
), HAORE B RO RFOR H AL, R ETRIR 7
B RN R R . FTAE S, FEIL AR TS
A, HotE L, 3. 4, STHARBKRME, EfaifERe
—ANELAE, BEE KA T R, R34
DECDILAR S8 5] i) — 7 5 [ 2 5t JE BRI 26 04k A 2544
B 5 BT A S5 R0 1 % R (1 TR M 45 11 i 2
FATE A H) R G BRI SH), I, VARG
TONEIALHGEA2, 3, 4, 5. 9K%10); AIAYHEE 2P
ASEL S (BigWest FiMountain West) (73 s 34N F (i1
6. TK8) 58N HAS IR A LR ETE T ik,

25 bprid, DECDILARE—FE R+ BRI

A =

\‘5':1!';’@

N
//@\s‘ffei;\@\§ A  Communiy 5
A,

A\
7 4\“ I, k\‘ i\&\&\\ ":‘\.’

e
e 8 @“ “V‘V'.\ ‘\:_,’.‘

A
W

B2 —FpAem ) 69 5% R M A e AL A M
Fig.2 A detected community structure of the bottlenose

dolphins network

3 —FI& N E A9 3 E = Fr 2 BR bE 2 M 2% A9+ B 4544
Tab.3 A detected community structure of the american

college football network

b RBE
LA

K BUAALIA]

R FLIeAL A

1K B #BROK BEID)

EIRCIEA

BrighamYoung(1), NewMexico(5),
UtahState(91), SanDiegoState(10),
Wyoming(17),Idaho(51),Boise
State(29), ColoradoState(42), Ai
rForce(94), NorthTexas(12), Ut
ah(24), ArkansasState(25)

NewMexicoState(70), NevadaLasV
egas(105); North CarolinaState(26),
Duke(46), Clemson(104), Virginia
(34),GeorgiaTech(38),NorthC
arolina(90), FloridaState(2), W
akeForest(106), Maryland(110)

Iowa(3),PennState(7), Wisconsi
n(16),Illinois(65), Michigan(33),
Purdue(40), MichiganState(101),
Northwestern(14), Minnesota(61),
Indiana(107),OhioState(48)

KansasState(4),IowaState(73),
Nebraska(75), Baylor(11), Texas
(99), OklahomaState(108), Texa
sTech(6), Colorado(41), TexasA
&M(82), Kansas(53),0klahoma
(85), Missouri(103)

ArizonaState(9), Washington(52),
Stanford(78), UCLA(22),0reg
on(69), WashingtonState(79),
Arizona(23),OregonState(109),
California(112), SouthernCalifo
rnia(8)

Akron(19), BallState(27), Central
Florida(37), EasternMichigan(44),
Kent(55), MiamiOhio(62), North
ernlllinois(13), Connecticut(43),
Ohio(72), WesternMichigan(15),
Buffalo(35),BowlingGreenSt
ate(32), CentralMichigan(39),
Marshall(100), Toledo(86)

Auburn(18), Vanderbilt(63),
LouisianaState(97), Alabama
(21),Kentucky(57), Mississ
ippiState(66),Florida(28),
LouisianaTech(59), Arkansas
(114), LouisianaMonroe(60),
LouisianaLafayette(98), Middle
TennesseeState(64) , Mississippi
(88),SouthCarolina(71), Tennes
see(77), Georgia(96)

Pittsburgh(56), Temple(80),
MiamiFlorida(102), WestVirg
inia(31),BostonCollege(30), Nav
v(81), VirginiaTech(20), NotreDa
me(83),Rutgers(95), Syracuse(36)

Louisville(58), Memphis(67), Cinc
innati(93), EastCarolina(45), Alab
amaBirmingham(113), Houston
(49), SouthernMississippi(76), At
my(92), Tulane(87)

FresnoState(47),Rice(50), Tulsa
(89), Hawaii(115), SouthernMeth
odist(54), TexasChristian(111),N
evada(68),SanJoseState(74),, Texa
sElPaso(84)

BigWest
MountainWest

AtlanticCoast

BigTen

BigTwelve

PacificTen

Mid—American
Connecticut
CentralFlorida

Southeastern
MiddleTennesseeState
LouisianaTech
LouisianaMonroe
Louisianal.afayette

BigEast
NotreDame
Navy

ConferenceUSA

WesternAthletic

13

—

12

—_ e

—_
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5 #Eif(Conclusion)

ATSCAE SR TR AR R IE R B b, $2 i T — PR R
FURFREREHEA AR IR, ITTHRF I 22 90 2% 1 ek T 454 4
A 1) AL R — A B BRI A R, T A I B R
BRI, Bt T A B I STADECEILAR ., #E—
R YN N %R SE M 2% ERIE TR SVARIPERE, T 5 AR
RN RTIE . R LRIEHRR SRR R A
PRBYPEAC AL AR I BRI AT TR EE . SEIR SRR, Bt
PR SR A AL PTG ) [P LAY, JRy ¥ 4T He R s vk I gt e 2
MAFIREEE G THAMMERNRR, Z0 b a5k
AR R B S (7 ) 254 LT S5 A B R 3 TR )
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