20222 A
Feb. 2022

®12% F2H 2 B8 it E M5 M A

Vol.12 No.2 Intelligent Computer and Applications

X EHE . 2095-2163(2022)02-0083-08 hE 4% S TP183;0157.5 XEkFRER: A

B XA R B SR ae A0 50 40 10 2 ) 2%

T =, kEH
(TBMKZE KBIESEETEFMR, HFH 550025)

I DO E AW R8I L 5 D o 3] LT 7 I = M ol R B D o R Y O e R i BT PO
T i SR PR R R AN A 2 AL s S DRSNS 7350 (B A 7 ek, EL BB 4 DR 233808 By et RO ABE B 88 o s S il
VLG 8 i A S 140 R 85 R I X o e SRR P DR i A AR SR e AR S 5 R A BRI AR , 2 57 A £ 1 DR R 2 o) S 1 2R
P BT 1 22 I 265 TR T i B DR OGP 8 57 5 SECRI RO 53R 285 S SR, A 77 B e DA DN ) SR e 40 5 2 1 o 22 0
2% NHRTE , AR K TR IR RS I Y RN B A DX R0 2% 10 )G RO E o PR A B S 50 B | 1R i L
A DEAGHI DL EAT W 2 3, A B R Y T

KR BOBIRIS, EEAXKRN; RS2 Ls; BRI, RETH

Overlapping community detection and fly visual evolutionary neural network

LUO Lan, ZHANG Zhuhong
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Aiming at the difficulty of division of some nodes in community discovery, this work probes into both the overlapping
community detection optimization model and the related fly visual evolutionary neural network. In the design of the model, an
improved modularity function, which takes fuzzy segmentation thresholds as variables, is proposed to evaluate the divisional effect
of community division, relying upon a membership matrix and a segmentation rule. In the design of the algorithm, a fly visual
evolutionary neural network (FVENN) is developed to solve the model. Therein, the input is a function—valued matrix matched with
a state or candidate matrix, and meanwhile an improved fly visual feedforward neural network is designed to output the learning rate
of each element in the state matrix by means of the information processing mechanism of the fly’ s visual system. Hereafter, each
state is updated based on its learning rate and a position update rule of grey wolf optimization. FVENN’ s computational complexity
is determined by its input size and the number of nodes in the community network. Comparative experiments validate that FVENN
outperforms the compared approaches and is of great potential to solving the problem of overlapping community detection.
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W BA ZE RN, A A A R A 2R

0 3 & PRORE T 2 ML R TS AE . o T

BEFE A PR A 7 A 58 W 2% F% Bl i
ENL XN RSN WL i o NI 47N <
ey DA BE A ) 4% o A 258k BT e ] ) S R AR R
XS5 A R 2 A R AT, O 2 2 | 19 1 45 R
ST B B S TRt 2 ek DR I 4 IX ke BRAE 5T
JIr SR A E BB (R, A DR I — i 52 2
20 RN AL I 2% 1) SR 2T ik, RIDRE B A )
IR 10 26715 A I A TR] — A DX 484 X2 ) 3 4%
g b A A Sl S AN A R A A XA
M, AT BT SAUR TR X TR R
R T2 i T BSR4 R R — Y

BEE£UWH.: BRAAR2EIS (62063002;61563009)

XF A RRE D SRR AR OR 22 57, R EUE S
TR X RS R G R HABOIME, Iz B3
I 285 v I AR R AL DX R SRR (A5 i 5 A X
W 2% 45 kg 19 R o 72 15 B O IR HE, 2002 4R,
Newman' " {5t 1 58 4k DG I [ 9T, 1 VR 28+ 4
X A M Girvan — Newman ( GN) 5 ¥, 2005 4F,
Pallaet' > 1 X 5 & 41 XA, 48 R 5 od 98 53 1%
( Cluster Percolation method, CPM) ;2011 4 Gregory
SEUTE AR A S R A e, —
S 2 2 L A A DX R T — RV 5E, AR AR 1 5R
TR T AT Ay P AR 2SR RSO SR Sk R Tk

EERT: ¥ 22(1996 -) L, MEmrTe A, ERORETT ) R REDUAL sk B (1966 ) 55 Wb B0, Wk A S0, R BEBE S5 1) - BOde 2

SRR RE 4,
WIREE ., TkE
KREEHA: 2021-09-28

Email ; zhzhang@ gzu.edu.cn

bR Tk K F 3/ KRN




84 oBe

2N A | S T A ¢

12 %

PR RO SRR i3 T e A s 0 =X
e SR T AL DI RR L | 55 AR A0 AH 0L BE
IO C IR, R EE XA 4, H
PO AR I N BOE B S X, R
EE X IR SR 28 FCM (Fuzzy ¢ —means) , 9] 0H
RO BEPLAA E 15 2R 5 B AR BB 48 2R 110 Bk
B, PR IEAL S 2 SO R ZE G, BT el B
RS, W, PNAEZET 4R 3 TR T RO AR A A
BIER AL XA J7 v | R HDRL 7 HE U0 A8 7 de It 3R
2y A FCM #E47 %1 X R 47 Wang[g] e
R RS LR S B AR Y /I C A O = S W Rl e 2
FCM i AR REOL AR SR 25 R F-2E v 3 2ok e/ s
TRAH J, TR BRIl B REHT N T
JE

g5 b E S AL XA A X 26 5 S 2R
22k FUROR 3R 286 v 0 T 14k X Rl 43k, 4325 A
ANE A ISR S BOEE R AR T 55 A XA
ARG REAR . Aot AR SC LAY 520 0 ) RORY 58] {2 o 28
i, DIk XA o i B pR IO e RE T A, N TS
FE DRI AL | 117 44 SR g A o 15 5 A AL 1
S RARARAC AL B ORI 45 & R TR S
ek DA ] R85 f7%) SR i MR i i AP 28 X 45 (Fly Visual
Evolutionary Neural Network, FVENN) ,

1 EEHXKENEER

1.1 EHREE

KAt XM 2% ¢ I — A Tom &, B 6 = (v,
E) . Hri Vg G pTiE (1 8) MrES By =
w0 E SR G TR RS B E =
[(v0) Lo, eV,v eV, i#jl, | El=m, GHIZE
PR MR FREY n AR BDA = (4,)" " A, =
AﬁsE-Aij e 10,1}, WRiMERN NI, 1<i<n,
FEX L AR ST LSRR T 24X AL
[0,1] FEZLIX RN 0 A iR SR R B s &
SRS [ 4k DX %) SR Jag 2 B[] — 19 s X T A 4 X1
SRS 1, MR A S XARIEER 0,
DRZT S50 AR 8 I X MR @ N 1B, W%
T RUTE AR R AL D Y SRR B A T70 ~ 1.2Z1H]
B, SR BB, 2T s Tzt DX S s R
R ez AR, 7R B’ G R T NG 3R
7~ G AL EE O S AR S B NC =
[NC,,NC,,---} ,G T A s 45 s A B A 2R
H CN = {CN,,CN, |, J35b, 10 e B i Jo m &
KAt DA v A 1 e =2 R] 3% 2 0 B 1Y) T AR AR

{0130y,

FESLR Y OB AL e 1710 8] G i e
CIREDSY; % i G an pa Y 1} X0 o N i B = N N T
FIAUFRTFA M NC, 5 CN, Z I8 HAZARMU T

=)

B
ky = e (1)

Horb, B A WEGL ARSI /L =D -
AL = (Ly) o D FEHTEL G AP a5 B B2 20 A
(¥ n BRSSO RE R RS AR A i, i) ALY
Tl A RERL AR A EALRTT RO 0, T
s BB TR 5 1 2 B AT R G OC %,
FErboL Y A NG, B0 R CN, Z 1A Y R R
dis(NC,, CN;) m=(2) #iE

dis(NC;,CN;) = max{kij, I1<i<INCI, 1<
JSICN1} -k, (2)

T, NC, T RE T LIR.GTAT A CN, HEIX ¢
ORISR s K X (3) 5.

U, = ! (3)

\ev| dis(NC,,CN,) 1
2, dis(NC.,CN,)

Hor ) SRR INACRE £, B BUE R 2, A«
R, W B ) RO B 22, I 2 WS R A o i
C HERE(HCM) ik, U, XmT 8 NC, J& T8
B CN, RREE , U, 5K, W9 55 NC, & T251 CN, 1Y
PR, MO S S RO S B SR
U, MR BEAE RN U = (U)) (ver -1 om0 K
3 s S5 T BRI 05 8 NG, 1A RN o,
PEATAE DRI 43, Sl A B an

MU U, =ry, W ENC JETLLCN, R
LA IX o FEIE, 76y FE R o FIE B2 (4)
JE ;

rﬁi = m]inU,., + Iy, X (m;i-lXU[[ - mlinUﬂ) (4)

Horb rye ATFER D EIRESE

FT L BRI R 25 e BN ST 5 NG, 8 T
XL ; ez, WHUE T— X

PIJFJR ENZYMES_g163 4% & A 49, B4 5l
6.8.10 (475 5 Ry rpon 5 A5, i 1 iR, A X
(3) ARAF A o 49 4105 4 DOBOR 45 19 51 s B
B, HETIAE 25 7 AE O T E S BUE ry, T,
3 (4) FAFAE AT AW 73 FIME; B S A8 L)
B AR ST B AR IX . IR TR G R
— TR, Nz AR e A 3 R T i AL
T e, FEGE X BB ES S, kbl i,
G330 B (A XA I i ) 2 S EHZE AR




X2t AR B AL ORI SRR AL e ik

Al 22 ) 2% 85

T USRE

B e

ENZYME_g163

WAL

E 1 L ENZYMES_gl163 M4 kit X # M EH
Fig. 1 Example of the community detection of the ENZYMES_g163 network
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Fig. 2 Improved fly visual neural network
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