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An Improved Label Propagation Algorithm Based on
Coherence Neighborhood Propinquity

KO KAR, ERMK
ZHANG Chao, WU Xiangiang, DONG Rongsheng

CEEMR L F R R AL S E B 222k, ) UM 541004)

(School of Computer Science and Information Security of the Guilin University of Electronic
Technology.,Guilin, Guangxi, 541004, China)

WE .TE Y EIA 3T 4 T 48 & 3£ 15 (Coherence neighborhood propinquity) 8 #5251 #5 5. 1 (Label
propagation algorithm , LPA) #t X & Bl 4 i M 0 A AR 2 A ff i BEAE s 0 it 18] . D5 35 7F CNP-LPA 5k
LRGSR L 3 — Rk 9 A CNP-LPA -5k, 76 T AL BE By B 45 & A0 T 400 5 26 300 1 5 95 501
MR BE B A1 B2 1oy 9719 0 AR XU A% 0 7 R IR AE A B B %0 CNP 48 B il AL RR AR 28, 1 35 4 vy
TAHXERBBUE . PRI CNP-LPA S22l HT# 6 444 28 00 2 B4 48 RN AL E Q 3P4l LPALCNP-LPA,
CNP-LPA+ 3 Fpi sk iR 4045 5 . (8 RICNP-LPA 3k 7e A By 45 F IS T i Q I8 A AR &
T RGBSR IR D T AR S IG S B AL R i it ] . (4518 JCNP-LPA+ 52 A 30 .

K| ALK KN AREEHEYL METAERRE AR O CNP M4

RESES TP31I MEFRIRE A XEHS1002-7378(2017)01-0012-07
Abstract:[Objective] To improve the accuracy of community detection by CNP-LPA and re-
duce the time it takes for the label propagation process. [Methods])In this paper,an improved
CNP-LPA+ algorithm is proposed. In the preprocessing stage,the nodes with high depend-
ency are integrated into the core nodes of the local region according to the coherent neighbor-
hood propinquity and dependency. The quality of communities is significantly improved by
spreading labels on the core CNP network. Six groups of social network data sets are select-
ed,the modularity measure Q is used to evaluate the results of detecting by LPA,CNP-LPA,
CNP-LPA + algorithms. [Results] Experiments show that the CNP-LPA + algorithm a-
chieves the highest Q value on all data sets, which improves the accuracy of the algorithm
and reduces the time spent on the label propagation process. [ConclusionJCNP-LPA + algo-
rithm is effective.

Key words: community detection,label propagation algorithm,coherent neighborhood propin-

quity,coherent neighborhood dependence,core CNP network
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van S0P T — B SE F bR 2 AL Y AL X KBS
5, AVFR 25 1% 4% %7 (Label propagation algorithm,
LPA) i 515 RE W8 7 12 3 2 14 e 1] Ay A 3 1 I 2%
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X1, LPA BEETE R SR 2 I, R & L PR 10 5K
WA 7% P AR Ha v A ) s 28 1 S B, g T AR 4
SRR B R A AR KW )R BR 4 . Zhang 451
e T A 4P fE 5% 3T (Coherent neighborhood
propinquity) FYHE & R BE £ ) 2% v AT 5 5 5%k R] Y
FIEFRE, Lou &N AH 140 5 338 8 5] AAR2E
AR AR T CNP-LPA 5%k % 2 IF R H
TEJF 05 P 28 T AL REAR 2, I 2 X 9 2% 47 Ak 28, 1
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HEE . CNP-LPA +, HoAZ O JEAE 2 78 7 40 2 By B
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1.1 #ELPA
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H R H B — D ME— AR o, I T RN AL v BT
J& R AKX, N (o) R 55 v AR5 A, 508 HL)
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WA, Lou S5 MG AH T 28 & 2B 3K 51 A LPA 57
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1.2 CNP-LPA
1.2.1 MBFAEFRILE

Zhang ZEHOT BT A 4K R SE UL (Coherent
Neighborhood Propinquity) B 8 7& , F 3 & 8 W 4%
R R0 (o aop) Z B RO R =X (2)
7«

P(vysv,) =] ECoysv.) |[+] NCuv) N
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N(uvg) |=3, | EC(GLN(vp) N N(vp) D |=3. 1%
lat, vp 5 ovp IFAHFED, | ECopsvp) [=0,
Pupsvp) =0+34+3=6, R ML fTA 7 5%
9 CNP {E )5 . 50 0] LUK B 46 ) 45 %% 452 S AR D 1Y)
CNP R4, 8 1d ZE la WAy CNP M4, i F
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% Gl HE | E |=9, MAHN ) CNP M Gp
TIREH | Ep =10,

© © ©

A
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(a) (b) (c)
K1 AMTARREEERE

Fig. 1 Coherent Neighborhood Propinquity
1.2.2 CNP-LPA # &

CNP M %I Kb ik Gp = (V.Ep,P),
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oy
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K2 =FELEMLEHE

Fig. 2 Zachary’s karate club network
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2.2 #%is CNP W4
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(a) Part of Zachary’s

karate club network

(d) Diagram after merging

(e) Diagram after merging
nodel7 node 5

FIAHRL AR 0T i b, A5 RS Ak B R B A B Y
1> CNP W25 5 bR % 4% 175 3 B2 58 LS B A A
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B e an i 3d s, 4256 78 18 3d Rl oY
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e) P(v,,v;) = P(v,,v;) + P(vs,v;) =3 +
2=75;

) P(us,v,) =0;
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YT an & 3e itz , 42 6 TE 1Kl 3e Bl By
11 FF A &0 1, R BB R i) CNP fH
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2=05;
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N Ak G IF e . K 3 R Kl 3a X
N %0 CNP M2, Foh B A 3 4. Tiisb 3

(c¢) Reduced CNP network

(f) Diagram after merging
nodell

M3 JIARY R A IR

Fig. 3 Process of merging redundant nodes
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Table 1 Real-world networks with community structure

Network Description Nodes Edges Ii:\}l(;gg;/
Kkaratel13] Zachary’s karate 34 78 2 99
c club ' s
books(141  Dooks about US pol- 105 141 1.2
) itics '
net- S - )
e [15] Network scientists 1589 2742 1.73
science
astro- Astrophysics collab- -
ohoa Asuoph 16706 121251 7.26
cond- Condensed matter - _
mat[16) collaborations 16726 47594 2.85
dblpl17] Computer science 326 186 1 615 400 4.95
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W 2 Fros.

161 14.7
144 ™ CNPnetwork

124 = Core CNP network

karate  books netscience astro-ph cond-mat  dblp
Social networks

4 CNP W% 5.0 CNP W % 1%
Fig. 4 Edges of CNP network and core CNP network
x2 BREEENE
Table 2 Time of spreading label

Time (s)
Network
CNP-LPA CNP-LPA+

karate <<0. 01 <20.01

books <<0.01 <20.01
netscience 0.243 <20.01
astro-ph 29.0 0. 257
cond-mat 3.143 0.083

dblp >129 2.056

M2 2 ATRLE 22 000 4% 5040 4 v 1 o5 5 i 8K
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Table 3 Average modularity of LPA,CNP-LPA,CNP-LPA+

Modularity
Network
LPA CNP-LPA CNP-LPA+

karate 0. 356 0.276 0.373

books 0.495 0.451 0. 509
netscience 0. 895 0.936 0.956
astro-ph 0.621 0.625 0. 680
cond-mat 0.710 0.767 0.795

dblp 0.761 0.785 0.812
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