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Structural Feature Enhanced Markov Random Field for
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Abstract  Networks can model interactions and relationships between units of various complex
systems. They are powerful representations which can be used for analyzing the nature and
function of complex systems. One of the most important properties of complex networks is their
community structure, in which nodes are connected more densely within clusters than across
clusters. Discovering communities is useful in many real applications. In recent years, discovering
community structure in complex networks has attracted a great number of scholars from various
research fields. A series of methods based upon different theories and techniques have been proposed.
Among these methods, statistical model based methods have a solid theoretical basis and reasonably
good performance, and hence have been broadly adopted. However, existing community detection
methods are typically based on directed probabilistic graphical models., while Markov Random
Field (MRF) which is a type of undirected probabilistic graphical model is rarely used in community

detection. MRF is a general and potent statistical modeling technique. It can well represent the
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structural relationships of task-specific properties and constraints underlying complex problems.
In 2018, we presented a network-specific MRF approach (NetMRF) for community detection.
Though this model owns a good performance, it still has the following problems. (1) The energy
function of NetMRF is incomplete, i. e. , it lacks the unary potentials which often play a dominant
role in MRF. Only the pairwise potentials that play an assistant function in MRF are used to
describe the community structure. (2) Due to this reason, in order to enable pairwise potentials to
effectively model the irregular topology information in the network, NetMRF defined a three-layer
and fully-connected structure for MRF. Although it enhances the description capability of NetMRF,
the time complexity of NetMRF reaches at O(n’), where n is the number of nodes. To solve
these two problems, we propose a new MRF model, i.e. , iMRF, which means improved MRF.
First, to make the energy function complete, we design the unary potentials for iMRF based on
network embedding and Gibbs distribution. Furthermore, through the sparse treatment of the
structure of pairwise potentials, the problem of low efficiency is also alleviated. Based on these, a
new and effective MRF model iMRF is constructed. The max-sum version of belief propagation
(BP) can be used to find a configuration corresponding to the maximum of joint probability of
MRF models, which only needs a similar time with that of finding a set of memberships via
individually maximizing the marginal probabilities. Therefore, we employ the max-sum version of
BP to maximize the joint probability distribution of iMRF, so as to derive better configuration of
community memberships. The pairwise structure of our framework is the same as network topology.,
thus the complexity of our algorithm is finally O(m) , where m is the number of edges. We validated
the new MRF-based method on two types of synthetic benchmarks as well as on twenty real-world
networks, and compared it with six state-of-the-art methods (including NetMRF). The results
show that the average accuracy of iMRF is 2. 6% to 12. 9% higher than the algorithms compared,
and it has the stronger processing capability on large-scale networks.

Keywords  social networks; community detection; network embedding; Markov random field;
belief propagation
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HARAFH

¥ < pBlogy. + E {

rENG/j k

max[—ﬁxﬂ(c, yop) X

w1
—+ d,—d
(d(v,-,vk) @ | ‘|

X NG RRT A AR ST RS RS &
A 4 B 125 1) e R AR - IR RAS w3 AN 1 0 —
AP BT AT B A — A6 22 s e/ MEF R 2 0.
B WSS W R AT R R BRI &
piCe) BRI Y B E T 8 T AL o i L 1 B R
R FRER(E . BRI AT .
wi(e) <plogy., + E {m}ax[ —BXpulcire) X

ke NG) k

)}xpf;’} (1D

w1 ki
d — ‘ 12
(d(Vi’Vk)+wg‘d, dk\)}wak }( )

VIR T PUNTAISE S C N EE R U R NN T
FeAT PR o % N e RACAE i RS
(13)

¢;= argmax g, (¢;)
L(.E{l.“'.l\'}

RIAS 3 1 dpe 2 1Y 4 1 Rl 45
3.5 BEHERRERESN

T HATH B IR Al K FEHLG AR IMREF B A il
Ji ey O 225 A ) £ 0 I 235 4 o DR G AT ) e D B 12
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o545 EMRRAL 55 AL 10 2 T IR T SR BE AL A T e BT i 2827

DA BB ARAR AT 2R P 1 2 244 BBE T AS T B P o A O
4 3 AL 2o A — 25 2 AR B 42 2% . R s 17
H o T 58 B 1 S5 K AR - I RUAS (1915 S AL 3 A
Bk 1. IMRF W KA -G S E % 5%,
B IO AR FE B AL T B R A A B VL AL A B H
K S0 M e 5K 26 PR OB T AL B o Fl
B Y+ T A YT AR Ak R R ¢
Lo X FEADG ) BRI K 40— e (w7 )
2. conv<—get10; t<0
3. WHILE conv>¢ 3+ H :<<T
4 DO conv<—0; t<t+1;

5 FOR DABEHLAY U 5L AR 0 v

6. DO s X ADEH A K AHE v
7. conv—conv+ | W, — ¥y |

8. END DO

9. END FOR

10.  END DO

11. END WHILE
12, % FRAEAT A A AR A2 8RR E S
i (i)

13, f R ADfER s SR B A m C

i F iIMRF 4578 5L A 2 40 £ A [R] 1) 25 44
PR I e Ok B i AR B s R G 38 K NTH R
25 B R E Y S IRk, AR AR T BT I T
BUBBUE 2m K Horh o J& M2 A B KOS
2 rp AL B AN L BT — A% B M R 4% B T Bk
A B B O S H L, Bk R R B 24 B 2
OCmK). Z B W4 B B A i B & Z v
AL, X T OC2mEK) WA, [ o B ok &S T
YA G W SE — A [ A T A RE 1 B 4R
B OCmK+2TmK). | F 74 3CH F $2 B S RRE
S P R 48 30 A 1 Node2Vece 2 B i) & 2% B K
O XA n<m, TUXBERFHZREDE 1 NE IR
JE OC2mK +2TmEK) Biw]. 55, i F A SC KAk -
TRV RAS 1 8 5 0 R 0% 2 5 246 T B A% 38 O XL Ik
32 AR AT 2 B BT T B TR G B 0D T A% AR HE AR 5 )
BF BRI G| T 5235 2 B i FL AR T i R i 8k,
LNITES RSN A § i =R N[
R SRR B T — v 9 . Rk, S
HRER IR B IR A R OGn KD, BPXE KB
i B 1) 245 T 3k 81 3 2

4 X W

XML SR 5 R S0 R Y IMRE 5 9k 19 1k
RE. ML E AN 6 DI R 24k i Kk By

A FTIRTE U HEX I NetMRFE J5 . Fo 41176 %
AW AN AN T MR 20 SESEZR % F gk
PSess. B 7 RATH S8 SR A KR LS
% NetMRF, HoAth X} b 38 2 B 46 - (1) B & 1E Bl #L
He s # Karrer™™, (2) %6 B4 43 & 77 1 SNMEM,
(3) BNMTF™", (4) MNDP"", (5) I B % > )7 i
DNRM™, 24 [ 2% ep i) 41 H 25 4 © %0 0, Fe A7 A1) A b
#efk 5 {2 B NMI(Normalized Mutual Information)
FHERG R AC(Accuracy) ™ MR PR HE 45 5 24 4L 14125
FA A S0 s s R ATT AR S e B R 4 (Modlularity Q)
YERPE bR o 1 He s s FRATTE A 2 $ A4k 1 U
BN S E (X TIREE 4% 2] 735 DNR, B
25 X T 2R 4 SRk R T AR S AR KA R
K S AR B b 1 25 5% TR 0t - i B R AT A8 FH AR
PRI SO A S B 25 R FE SR L R AT R
FIT Dell §X#L (Intel® Core™ i5 2. 70 GHz 4b ¥
.8 GB W 1E) . Windows 10 #:/E & 4 f1 Matlab
2016 iz TR,

BEAR AR SR AT — A& 809 W 2% ik A 7 v
Node2 Vec, e H2 BRI 45 o 15 5 14 25 4 1in) & R AE , IF
H4 LA ] 5580 g I V. Node2Vee &%t H R AH ¢
THF 5 0T O 28 45 0 A8 & 1 8 U8 2 TR 2 B L 32
tIEFE A AR T AR Y SR A R X T R R AR
K", Node2Vece Bt T — A A i 1Y B AL & i
LU S T8 S E B WA E Y AL @l &R
PR R A5 AN T 5 I 4% 408 S B4 fBLAR BR R, 2 > T
PNFH D25 18] B 2 47 A1 25 1) A . 78 28 v, 3RAT
R T EE SRR AR, I B B E T
Bl B A B 25 K (1=80) AT 1 B K /N (R =10).

4.1 MHEITMIERR

LA & B B8 VE A 0 0 H . B B MI
(Mutual Information) il % #¢ H] > Al £ W > 41 A 73
i BRI E . 25 58 W AN 4E 43 A i B B C (B2 4k
P A1 C R 780 HE 5 i b [T 285 5% 2 0 i B4 8
MI(C.O#5E L H

. . P(cise;)
M1<c,c>=L’e;]/GEP<C,,C_,> °logm (s
Horp PCe) M P () 3 3 3R 719 i 7 J8 T AL T ¢, F
Mg B TR ¢ i G MERR L P (e c) R ENITIER
AR, MI(C.O) BRI TE B M 0 B max(H(C) .
HO) X B HO R HO 435 C 1 C 8.
M Ak ) 43 52 4 AR RN MICCL, O BUR KAl
Z MBS RS R R 0. MI(C.O) g — A



2828 it =)

Hl

Y,
5

i 2019 4F

B0 P TR [ R A AR S FE S8
FATME S — 4 iy MICC, C) 5, B Normalized
NMICNMD) , HEAE S o 0 F) 1.

HER 2% AC(Accuracy) # F K il 5 b % 1 ok 1
Ve 45— A A 0 A A 4 L X F A
C IR TR A58 2ok — A~ 45 780 75 3] (g ok B B 25 T S
2 LTI LR TS 4 HEA 6 5 S

Eé\(n,map(il))

AC=H (15)

n
Horp 6 (s AU o=y W 1.8 W 0. map(c,) &
— AN B S ORI B 8 RS AL AR 2 G B 5 A X
V7 FY) B SEHL
T35 2 SR A 2 A R RS FRATT R T 2
2 R B R Q R A R R AR Y BE AR T
—EE K AR R g — e A (o) 1
Foe{le KVEWA  TEM%E. — & n 1
TR m A5 000 2% R O3 e b R B E pR BRE L
W
1 d:d;
QU= Do, ~ 25D, ) ae

(ijy€e {ij)

Hrb e RIS B d 2T R0 AR S8H
6(,’[] J& Kronecker B50, HAYY ¢;=c¢, B BUE N 1,75
WIS 0. 33y, AR B BE Q Y M 3L SCED Sy < I 45 v [
— A T S 0 B 2 0 B B B DR 2 A
[F) 5 s B5ORH ) 4 A el 3 i JHC 1A 2 500 801 Ee 4. 4 2R
FE AT B 280 BEAILAE AR [H] L 0 Q= 05 X T Je 2 1Y
HHEZE R AT Q=1.
4.2 AT M B HEETA

FEATHE Pl AN [) 26 789 19 N T 2% Bk S v
iIMRF 8% 1 PERE, B 114 % A Girvan-Newman
(GN) AT fl LER AT I8 %0, 35 0 4
()L A1 235 1 8T 2 0 1Y PR m] R FORS B2 R BE e A
[ Sk MERE I IL 25 .
4.2.1 GN A%

Girvan-Newman (GN) A T M &5 2 9% B #L2AE
B S B 28 AL S 128 AT L BOE 4 B 4 A
AT AT SR B 16, B =, 20, = 16,
Horb =, RORTE R — 41 141 Y % 4 31 H AR 37 51 3L 4G
M 2ou 2 718 B AL AT 35 0 3% 300 B AR 15 S0 3L
B A T AL P B P N 2 BUFE LA O
AL EY 12, ] 45 1 A DAL 45 g 728 A5 R R G
T 2 2o = 12 I, W 4% B AT AT AL AT 25 1.

1Ca) F1 (b)Y 43 7R T 18 NMI FIAC W5 Fh T
#4845 F -iMRF 5 Karrer, SNMF,BNMTE,MNDP,
DNR,NetMRF 5832 (1) 52 50 e 42 (E an &A1& 2119 .
£ GN M 2% b AR IMRF 5535 A0 X F A 4] L
B R TR IR Bk, R NMI B
.Y WE M 8 AEfLF] 10, IMRF & 5 4
NetMRF £ 5% ;2R Fl AC Ji & i)t H A5 A6 L
PR YL, SO IMRF S AE A R i B
A R X WU T IMRF B R AR
FEOINAE A F i pe At Ak B Ta) AL

1.0

0.8

0.6F

H(NMID)

i

4= SNMF
T4~ MNDP
-&DNR
| |- BNMTF
%~ NetMRF
= iMRF .
0 2 1 6 3 10 12
g OB HoAb A [ 9 45 A i e, H

(a) NMI

REAL LA

Fr

0.2

I
3

-~ Karrer
%= SNMF
5 t |- MNDP
-4 BNMTF
-#- NetMRF
- iIMRF

HERfI# (AC)

I
13,

I
-

o
w

0 2 4 6 8 l.O 12
5 BRI B Y 28 10, M
(b) AC

1 GN A LM% F2% ] (a) NMI Fi(b) AC 2K
BE AR AE A TR AL A R B Tk 0 L
4.2.2 LFR NI W%

HE—2, FATE LRF AN T M4 E A 41
RIIT B PERE. LFR AL Lancichinetti 88 A4
0 A Y I 4% LA TE R B R AR Y A 43 A R
A AT RARE 43 A0 5 PR L B 4 30 00 S A T 1) R S [ 4%
AT 1000 A5 45 /Mt B ¢ 53 5]
J9 10 Fl 20 FOWT4L LFR % R A& S8 0 BREAN
A 5 H A P AT R S S BT R L B

[ 1
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o545 EMRRAL 55 AL 10 2 T IR T SR BE AL A T e BT i 2829

o AELERTUBEZIN o 90 405 119 A ] 205 ) 72 A5 i ol B B4, oy 17
i S 30 25 SR o LA B TR AT S e 7E 0.6 F) 0. 8 ZJH]
MR, BRI 0. 05, F A% 1 S BB DR [ < 19 250
SEBIFEEH d =20 e KW RUBE(H dox = 2. 5Xd iR
FERTAE e = 5 X o » 19 10 B {EL 1) 35 20 AT 3R 5K
N =—2 4t BB FEAE A RN o =— 1.
TR AC R NMI 1B b A B B i 5 A A AL 45
B HIRATMRE R th T R NMI 45 bR i 45 2R
73 BT BNMTF J5 ik B I 47 # A BETE 100 h 4
5B R L TR AT X LB S 6 45
Bl 2 J@on b5 TR A S50 e A8 A0 AN TR 7
£ NMI 5k E RS2 g5 5. i 2 iR FATH)
IMRF 7R AE R Z 80T QG S %0 1=0.6.0. 75
5 0. 8 B BRI T NMI KB HAE Rl 4
SHBE T (p=0.65 80 0. DWERIHE TRA S
JIMEE R AR 2(h) i FRATT I A AR B T A
LS ka5, oy Ah R4 &l 2 38 W] DL L IMRF
Ji ¥ b NetMRF J5 ¥ 1 26 90 5 A g
1.0

0.8F

0.6F

B(NMD

&

- Karrer
- SNMF
- MINDP
-4~ DNR

0.2 [l=NetMRF
& MRF

0.60 0.65 0.70 0.75 0.80
RES K
(a) n=1000, ¢, =10, ¢, =50

FREAL

1.0
& Karrer
-» SNMF
0.8 & MNDP
@ <4DNR
§ 8- NetMRF
ﬁ; 0.6F = iMRF
@
&
E 0.4
%=
0.2f B
0.60 0.65 0.70 0.75 0.80

RES
(b) n=1000, ¢, , =20, c,,, =100

Kl 2 78 LFR ALRI%% bR 3 0 4 B H S CCa) B 30 35
JBCn=1000  Fe /DAL T UAL ¢ = 10 /) LFR R 4% 5
() B X535 58 n= 1000, g /N AL P REAE ¢ = 20 19
LFR [ 2% [ A~ A2 50 YR SE 3 45 5 1Y -1 X (8D

4.3 EXMEEREREITR

T B PR IMRE B RL 1 R FRATT 4R 22
TE 20 A B 4% 1T JE Xt b S 56, B0 S W 4% AT RE S5
N T 28 HAT AR g 40 0 R o] B E 5 N T 9
% R B AR % B2 AR IR AT 5 2R H Karrer,
SNMF .BNMTF ,MNDP,DNR FI NetMRF ff Jy %}
FeB k. Hoh NetMRF J5 gt & 1 H A I # A Gl
F Original-NetMRF) FUjil i jit 4 G AE NetMRF) ,
BT B 2% BE 43 0] 2 1 B ST T R R ML X
20 LA 4 i oAy 1 HLA AR B RS 28 A I T AL B
2, DR FRATT R L 43 3] F i S 5
4,301 TR P S5 A8 1) B S W 4%

B BRATEC AL AL R 12 S B 4
AL IMRE 570 () M BE L 3 28 N 25 1 LR 5 B T 2
W 3, 2407 VRl #E SCER 31 3R A, THEER
M), 3 3 /1 “ High school friendship6” #1“High
school friendship7” & 5 4~ B #H [5] # +5 285 19 18 7
2 H R B RO (] 08 A8 A 5 A T 1 A A
W 2 Sk A BB SRy T PF M AE A B S R 45 A B SE
B2 0 ATk SR H NMI Fi AC 1Ry PF- 48 #5.
J14h DNR-L2 #1 DNR-CE J& ¥ Ji£ 2% > J5 % DNR
A AR L T R T L2 S 40 DNR Jy i,
Jei #5 E R F 38 U BE 25 ) DNR 5%

®3 CAHAZHNELMENA

EITE S (EP=Nid UL aNziRE
Zachary’s Karate club 34 78 2
Dolphin social network 62 160 2
High school friendship6 69 220 6
High school friendship7 69 220 7
Political books 105 441 3
American college football 115 613 12
Political blogs 1490 16717 2
Cora 2708 5429 7
UAI2010 3363 45006 19
Northeastern 13882 381935 7
PubMed diabetes 19729 44338 3
Maryland 20871 744862 7

FARIE S TR SR A R AT S H
K NMI #1AC PPz & 48 bR iIMRF 73X 12 4
P2 10 A 2% B IAG 3] T B A R A5 R Bk
1, % fl NMI J¥ &, iMRF ) Karrer, SNMF |
BNMTEF ,MNDP, DNR, Original-NetMRF FiI NetMRF
SR T T 12.26%.8.97%.9.45%.6.95%.7.43% .
5.50%0.2. 51 % F1 6.50% ; Rl AC JE & i} i 2 3
ALY B ik S G £5 R R B] T IMRF A L

@  http://www-personal. umich. edu/~mejn/netdata/



2830 it 23 Hl 2% 17 2019 4
BEWLE T i [ ol U Wi e v By s T R e SCEF X NetMRF #5254 BE 8 bR B 58 %8 2 B B 19 B

i iIMRF FE AT 2018 4F £ 19 B /) 0T Kk B HL 5
05 ¥ (AL HJF 4R B AR Original-NetMRFE i 2 fii
NetMREF) t B A7 8 47 (19 £ g X it — B ik 7 A

PESEAT R o DL Bl SR B 51O B 5 TR AR
T 19 2% 44 AT 245 4 1) 405 £ RE 0 o AT B v T TR
R

k4 ERANEFEHAMHBALEHNEINE L. RANMIEES 6 MREFEHITILER
(“N/A”RRDNR FERGHER . — "R TETHEBT 100h)
B s/ NMICY%) ik . -
Karrer SNMF BNMTF MNDP DNR;» DNRcg Original NetMRF iMRF
Karate 83.72 100. 00 100. 00 100. 00 100. 0 100. 0 100. 00 100. 00 100. 00
Dolphin 88. 88 81. 41 81. 41 88. 88 88.9 81.8 75.32 54. 44 88. 88
Friend6 77.02 78. 64 71.22 79. 30 88.8 92.4 96. 07 93.98 92.70
Friend7 85. 10 82.11 84. 30 84. 26 90.7 93.2 93. 95 93. 24 93. 95
Polbooks 54. 20 56. 48 51.18 53.01 55.2 58.2 67.21 56. 88 64. 68
Football 87.06 90. 38 92.42 92.42 92.7 91. 4 92. 69 92.42 92.77
Polblogs 45. 68 70.95 70.78 71.07 38.9 51.7 73.31 71. 83 74.21
Cora 17. 06 24.72 26.08 33.99 N/A N/A 39. 27 37.24 42.80
UAI2010 20. 98 23.24 21.68 25.01 N/A N/A 27.62 25.76 34. 15
Northeastern 49.13 38. 66 — 40. 67 N/A N/A 52.30 45. 24 52.90
PubMed 12. 28 13. 80 — 14. 96 N/A N/A 17.69 16. 89 27.01
Maryland 10. 88 11. 04 — 12.07 N/A N/A 13.51 13. 11 15.03
RS ERANEFEAHBAEHMNEINE L. RAACEE . SEFHMEBHAEHITE
(XEBEZEHDNR FEEANILEEZ AAEREXHRELRFIERILER)
B/ ACCY) o — :
Karrer SNMF BNMTF MNDP Original NetMRF iMRF
Karate 97.06 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
Dolphin 98. 39 96. 77 96. 77 98. 39 95. 16 82. 27 98. 39
Friend6 81. 16 78. 26 60. 87 78. 26 97.10 95. 35 95. 10
Friend7 94. 20 88. 41 89. 86 89. 86 95. 65 95. 65 95. 65
Polbooks 82. 86 80. 95 69. 52 81. 90 88. 57 83.81 85.76
Football 84. 35 87.83 91. 30 91. 30 90. 43 91. 30 93. 24
Polblogs 87.18 94. 69 94.61 94. 69 95. 34 95.01 96. 88
Cora 37.70 42.25 40. 95 44. 39 60. 22 58. 05 64. 03
UAI2010 27.78 28.52 25.51 28.92 33.25 31. 14 37.38
Northeastern 66. 36 58. 87 — 56. 40 68. 87 65. 11 71. 05
PubMed 53. 64 52. 87 — 50.72 55.53 55.53 66. 50
Maryland 50. 24 46. 49 — 58.23 58.23 53. 64 62.23

403,02 KLV B RE A 0 ) B S W 4%

FE FL S SR, RT3 RS 0 3 R 4 v i 4
F AL TS5 4. R a3 B FRATT 0 — 20 SR R A 1A 25
P 1 B0 55 ) 2%, i — 26 PP Al IMRF J7 3k B9 P gE. X
8 AL I IEAE B I3 6, W RN A 400 2 0
SCHR[32]. B Ay 3k B AS 01308 B S 1) ek AT 454 5 1 BT A
Xof AR i A AT H AR i A BRI 3 FEL AT 4l
LouvainJy 3555 43 Ak 11 3% 26 ) 2% (1 #1141 4~ %5, 9F

x6 KAHASHNEINE.

EIES (EP=R4 E anziROs 4
Les Miserables 77 254 6
Word adjacencies 112 425 7
Jazz musicians collaborations 198 2742 4
C. Elegans neural 297 2148 5
E. coli metabolic 453 2025 10
E-mail network URV 1133 5451 11
Power grid 4941 6594 39
Word association 5018 55234 12

B H AT B o e B k. 534, AT B B B 45 bR
Q VM AN [R) B3 3 7 X 2 o 4% 1 11 S 56 2% AL G L
BA ¥ DNR Jr ik /B I Xt e Bk, 32 R FHE
SCHA U SR IX S A

T HM T EIAER. MBI RS AR Q. iIMRF
FFETEX 8 DRIy 5 SR E# BB T
IR R AERI AR 3 A RS 0
g R AR #20E. R B HE Q. IMRF J5 %
SEH H Karrer, SNMF ., BNMTE , MNDP,, Original-
NetMRF fil NetMRF 43 3 # # T 0. 2142.0. 0487,
0.0681.0.0447.0. 0205 1 0. 0043; X FHIHLE Q
I — MR AE 0.3 ] 0. 8 Y B A, B i IMRF
7 15 FL AR B B 1 1 B I S B B .

@  http://www-personal. umich. edu/~mejn/netdata/.



12 14 & A BERYRRIE SR A Y R AR E R TR AL L 1A A By 2831
K7 ESHNKRMHBALEHNEIME LEEMAENIRERC—"RRETH BRI 100h)
VRS

B BYUE Q

HARR /R Karrer SNMF BNMTF MNDP Original NetMRF iMRF
Les Mis 0. 4575 0. 5453 0. 5487 0.5434 0.5434 0.5600 0.5600
Adjnoun —0.1041 0.2672 0.2634 0.2712 0.2712 0. 2813 0. 2873
Jazz 0. 3696 0.4348 0. 4347 0.4377 0.4377 0. 4495 0. 4520
Neural 0.2617 0.3701 0. 3689 0. 3811 0. 3811 0.4120 0.4213
Metabolic 0. 2656 0. 3879 0. 3834 0.3796 0.3796 0. 4579 0.4417
E-mail 0.5126 0. 5007 0. 4685 0.5154 0.5154 0.5712 0.5787
Power 0.1796 0. 8649 0.7212 0. 8683 — 0. 9266 0.9242
Word 0. 4595 0. 3546 — 0.3613 0.3613 0.4226 0. 4500

4.4 BITHELER NetMRF., BA W2 B8R #. X & W] iMRF Xf T

FeAT ik — 25 LAz A7 8]y 5847 0K 5 E iIMRF
T ICR. A FRATTAE b Al A i B A [
MALE 20 > JLSE M 2% b kAT 5286, 9F 4 IMRE &5
Karrer, SNMF, BNMTF, MNDP, Original-NetMRF |
NetMRF J5 i ¥ 17 H g%, % b 3 i of A 4 5 DNR
J5 ik 2 PROR JE S0 R A 4 A AR A R

8L TSI E R, S IMRE &5 Net-
MRF BB {F fin s i Original-NetMRE K2 fil 8 hit
NetMRF fXf e 45 23R, Ik 8 s . JE R Z M 4,
iMRF iz 17 3 JZ #8 9156 F Original-NetMRF il

JEL S JR AT R B AL 3 A5 7 NetMRF (1 55 — 30 o ik 2
AR ROR S RIGHR ) B S ol B U T 4L A 45 44
HA R AR RE 1, M0 HLAEAE R 4544 7 1L (8 F &
HAHEWT. FATUE— 24 IMRE 5 H A H 53k 21T
PO SR APHLIR 7R Sty 4 2R [F) P HURHMA R s HiE 44
B REUR. IEWMIRATE B A IMRE 7R/ A
P4 1 23 48 9% 22— LB IR ] 3 L A R LA 1 2%
R REGE DR B HE 4 G A H T AR R T S
T Ak R BUAE A R SR A

RS EFMAFEXMELSEMEZENESTHBELLLEC—"RBIETHERED 1000

Bli gk /I ik

BATHS[E] /s

Karrer SNMF BNMTF MNDP Original NetMRF iMRF
Karate 0. 006 0. 004 0. 447 0. 009 0.077 0.012 0.028
Dolphin 0.010 0. 006 0.908 0. 049 0. 100 0. 024 0. 034
Friend6 0.061 0. 008 3.108 0. 089 0. 894 0.062 0. 058
Friend? 0. 068 0. 009 3.522 0. 097 0. 981 0.076 0.071
Polbooks 0.039 0.010 2.614 0.091 0.697 0.071 0.051
Football 0.510 0. 036 11. 28 0.242 5.796 0.222 0.201
Polblogs 3.458 1. 399 1053 17. 10 77.54 12. 20 2. 847
Cora 114. 6 8.019 11. 203 267.9 1666 56. 40 18. 44
UAI2010 891.9 28. 66 64343 392.2 10192 133.7 46. 70
Northeastern 3311 197.7 — 4641 25965 1962 100. 2
Pubmed 2238 666. 7 — 14793 25885 794.0 119.9
Maryland 25421 8139 — 24187 41778 18657 9484
LesMis 0. 059 0.018 3. 46 0. 058 0.987 0. 045 0.084
Adjnoun 0. 352 0. 024 6.74 0. 390 1.592 0.117 0. 091
Jazz 0. 443 0. 075 10. 85 0.220 6. 580 2. 540 1. 166
Neural 0. 806 0. 098 27. 22 2. 150 14. 66 5.778 1. 886
Metabolic 4.416 0. 639 157.0 7.530 25.77 10. 25 3.254
E-mail 58. 32 2. 627 1272 12. 60 150. 57 18. 58 8. 912
Power 3312 34.58 67757 258.6 7666 455.9 249. 8
Word 1982 98. 03 204196 378.3 45445 884.9 71. 51

HE— 20 FRATT IR RN T 25, 25 A R) 53 1
B 1) 28 A5 A2 Al I I ) 3 4 /Y . FR AT A SR
Girvan-Newman (GN) P45 2 il 25 . {H X L AR fk ) &
GN 2% f9 BEASE . BT 5 580 » 9840 391l B¢ & 5000,
10000,20000.,40 000 F1 50 000, 4 38 1 s Ho 4> S84
FBEE S 42,1 AR GN 45 9 3 B A TR Bk

iMRF, Karrer, SNMF, BNMTF, MNDP, Original-
NetMRF Il NetMRF 7£ b [ 4% 1 f iz 47 i ] 40
3 s, ROk UL, FATH B IMRFE (5847 3 2 2
B, Al IMRE 5932 47 i 1] 55 09 28 JLASE JE A 7R
FIE R FR X HE— 0 R B L AT G 2 1 I ) 42 2%
JE IR G T AL B R A ) 2%
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== Karrer
& SNMF
+=BNMTF

35
=&

- Original

AHIRIZE 3% /10's
S = N W A~ Ul O N 00 O O

1 2 3 4 5
2R /10"
Pl 3 RIFEEAE AR BB GN % L 38 1716 1] e

<

5 MHExXIE

AR A M A BRI B R 5] TR £k A
ARS8 U 58 B W OCE. HRTC 481 TiF 2 5
TR HE AL AR 0 7 25 BT AR R K
JZREBEDS Ja &Rk R AL B g
D7 G AR R R AR, — AN A A T A 48 T
S CHRL3 ). fE X B AH O TAE , 3 Tt B
TN R e — A A W R AR O B AR
Ik AUb B 5
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Background

Network which denotes the interaction relationships of
units of various complex systems, is a powerful representation
that can be used for analyzing the nature and function of
complex systems. One of the most important properties of
complex networks is community structure, in which nodes
interact more densely within clusters than across clusters.
Discovering communities is useful for many real applications,
thus it has attracted a great number of scholars from various
research fields. A wide variety of community detection
algorithms have been proposed. They include hierarchical
clustering, heuristic methods, modularity-based methods,
spectral algorithms, dynamic algorithms, and statistical

model based methods. Among these methods, statistical
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model based methods have a solid theoretical basis and
reasonably good performance, and hence have been broadly
adopted. Many statistical models have been explored and utilized
to discover community structure, which include stochastic
block model, nonnegative matrix factorization (NMF), and
deep learning. However, most of the community detection
methods which are based on statistical models only focus on
directed probabilistic graphical model. Undirected probabilistic
graphical model (e. g. , Markov Random Field, MRF) which
have been successfully used in image segmentation (similar to
the community detection problem) , is rarely used in community
detection. In 2018, we have presented a network specific

MRF approach for community detection ( NetMRF). The
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new method effectively encodes the structural properties of
an irregular network in an energy function(the core of a MRF
model) so that the minimization of the function gives rise to
the best community structures.

However, NetMRF still has the following problems.
(1) The energy function of NetMRF is incomplete. The unary
potentials which can characterize the individual features of
the node and play a dominant role in the energy function are
not defined. (2) To effectively model the irregular topological
information in the network, the pairwise potentials (another
part in the energy function) are constructed on a complex
fully-connected structure, which makes the complexity of
model inference not satisfactory. To solve the above problems,
we propose a new pairewise MRF model, i. e. , iMRF, which
means the improved MRF. We first employ network embedding

methods to obtain the topological characteristics of each

node, and use it to define the unary potentials using Gibbs
distribution. Furthermore, we find that: the existence of an
edge in a community is either due to the high structural
similarity of this pair of nodes, or due to that the popularity
of one node is high enough to attract another one well. Based
on this, we define pairwise potentials for node pairs which
are connected by links. Experimental results indicate that,
iMRF can significantly improve the performance of NetMRF,
and is also better than other community discovery methods
compared which are based on statistical models.
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