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FEAREIX P R AR a4 X R 2 5 2R, 1 — ik R LR FE T Laplace RHIEAIE. HAE, X
PR RVRAE AT AL ORI 75 240 e AL X H . T3 T ORI AL ORI, e GN (Girvan-
Newman) 5% 101 J2 5T fg KA H i) 3 2807 AORMIE AT RE AU AL IX 2544, SR 5 I IR HR B SR pPH) I i
PR A AL X G50, EAERATHE ORI FEA TR Z e A X HH , IXAE— @25 Bk T KL HyEm
W T AMERRIBR . Newman JETAERESEH T FN (Fast-Newman) 5y M ZE V7R WG I 455
FEAE N —MEIX, SR JE XA X AT & I, BRGSO AQ MR A KT IMHEAT, BT A B A
REM— DRI, FEHIB RN IR EEER, fi i ARERE 5 R 77 200 2 SR S 24T 0 5045 2
A TIAEIX S5 4. Deng &5 12 £ XHEEHLEE B FHTE GN SEAERPEAS X — B0, IS SR A S
TR R TR B R R R B, HR TR BRI R B T IE (information-entropy)
B, IE SARREA AR, R RN B KL, §irtE— (G BRI, BRWA T %
BRI 91k, SRS 1E T IR ER B B v SRR O, AN R R RS L R A X 5 48 1t e 25 AL IX
SEK. R YRRV BARKI o) 45 R AER HAR g, EIX AR 1 I ) A2 % P8 R ks v, R ANIE
TR 5 A X 2.

XTSRS, 3B AL G E S X R IR A T AR 2% 1% J AR 1) B 4 ORI
e Ho SR E S E S A X R IR HE CPM Sk 131 A LEM 9% D4 CPM BVE R B IX
A BB 5842 T (clique) 2%, BT AT R T 245827 B, TIA S & 30 =S4 X H .
LFM Syl i BN BRI AR5 1, SR 5 BOE 8 A8 LT B A, AR 8 52 R BN A 4R 19 i i 4T 9
78, ELENEN LR BO AT L. TR AT RE S R B 2 AL, BTl LEM SLABENS I
X, HRAL G E S X R BUSIEIN 8 B A BB, SERRAI I VE AN SR, 105 T ARas A% 6 A Y
B A X IUEE I (8] 5 2% B o] DU T2, IR AR GF il e 7 AR G ik is B FE AU A 2. L
UAE ] B BRIE Y LPA (label propagation algorithm) 5y%: 191 |t f) COPRA (community overlap
propagation algorithm) %y 161 5t REA% PRIA M & I EE B4k X B E oA A mivlie e —HE T
T HIBREERT (¢, b), ¢ RaHEIXARIR, HIARAIREAS T R AL KR RS —AS—RER, b FonsRR I,
FERT ST SRR BN R AT AE T 1. R, fEARRE R R, BB A BIME (1/v), v RoREED
TR Z AR TR XA TR BT AR, G SR AN PSR R R TS T RMER
BRAEXT, R M S5 & /N T BB T A B2, R0 OR B R SR BOARAE XS BEAT H— k. dn RAFAE S
Ja E R 55 T BB AR SRS, e 5 55 o 52 e K I AR 8 XA i i ST I AR SRS, iy 2 4 i
RAE T BE AL 43— AN AR XA 9 BT 5 AR 2T, KGR B B R 28 1k 2645 Ik4b, K9 LPA Sk
{7 B e KPR A, — a2 (U7 181 AN [ f) 7 THT R B 2 A R Bk b AT 17 etk (AR 45 AR e 1
i 1191, Wu 4 1200 3@ i ) P AT AR AU T s rT A AR B AR AN 2 PR, $2 4 T BMLPA (balanced
multi-label propagation algorithm) #y%, MM COPRA kMR E M. Liu %5 PU £ COPRA #H
VR FEA b gt T XS AR R REYE, 32 H T LPPB (label-propagation-probability-based) 5.y%, 1814
AR U2 7 58 SR B LEARZE R <R BGR, FETINTT RO J& PR AE SR R WA AR 25 A% 6 1
KON COPRA HikmHERPERIAR M. Li & 1) 1% H S pk XORIURE TR N S 501 = IR
P CA AR 2 TUAR 5wk i, $2H 7 MMCLPA (minimal maximal clique label propagation algorithm), 1%
SRR T M 28 T B MR O] (MMC) FFRFEEAS MMC A RO 4 [F] AR 2SR > T A bm
25, EENEIRENE. B2, MMCLPA SB0EARE COPRA RAMEERE B T oot m), HHIFEA
BEXTARZEAL JE T BOdEAT L. Zhang 45 220 BARTEAL S8 COPRA B 51 N5 BRI & i A DG Va4 Hh
T COPRA-EP 53, {Hi& COPRA-EP 5LiL2 IS B T s AL B e 91 4 S AR SR, A
L HEARR RS BRTE T2k i B
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UbAh, A — e AR AL X P 2 T B SUE BN (R AR5, M EAMLUE BN
T RNy A FE 4 IX 28] EEREVEA: Nagarajan 55 P4 32 H 1) LCM (link-content model)
T AR TR P IR B A BRI 845 EAE A link-content, K link /At X 43 I IEA B 0 RAL
LDA HEAY RS sk [26] FI R FH P AR 148 P S P XS 5, SRk SRR AR L B P I 2
[ — AN X EE . SCHR [27~31] FIF LDA BERIHE 4 3E1T 5 248 g ris s 1a], 2 5F
WAL REEE . BLOCK 3+ BEMLIEAE DL AE R & TR 0 il 4 D7 iRt AT AL X R BN, 384 — 26243
fIRYE L HREE | SEAE Y )RR 48 Hh 5 R, R TR 3 oA S 4558 B[R] — MRS R) oy, D7 (S HEAT B AL
ek S TH A 132,38],

AWTTIREZA LR 3 /i (1) 27— AT EE B MR X R T % AML; (2) 5
T AMI J5i5r R T AEE S ORI GN MIE S4: X R L COPRA IS HE AMI-GN
Al AMI-COPRA; (3) it AMI-GN 5H7%k5 GN, FN, IE Sy 476 Lhses, i 7 AMI-GN 8y
HREIRERPE. B AMI-COPRA #1555 COPRA Fll LPPB B2k AT X} EL sz, AERH AMI J572:
PER T E B4 DKORIMEVERS, ARG SR FE IR E P, IR BRI SOR B2 . S50l W] Tig H AMI J7
V2RI A 2 A U ) R B e [X R I VAR B X IR IR P R

2 AMI #X LM%

ASCHEH T —METF P HELE (average mutual information, EIFK AMI) A X &L T2,
AMI 5k el v S O E X R P BAG BE (Ip). ARG, IEHL Ip {H &K I X R 1E N
PErIAt X K43, 7R Sl BT B poAE XOR BT ot 1p AT

Ip=w-I(X;Y), (1)

Hrp X Rt X R AT AL X G54, Y Rt X R 5 L X 250, w RoRtEIXE5H X F1 Y 1) OCHE
PE, I(X;Y) Rt X g5t X MY B A R

PR IR IR R R I E B 4L X 0] 7 A JREE Sk X ORI B2 A0 B pk X R L
o N T EAE AMI J595 0] DM A T AR R SR04 ORI, RSO AMI J57% 50 HIE /e R E B4t
X RIS AN E S A ORIV b, JE I SEIGIE B AMI 72 v] A5 250 ik S A ) AR E S 4 XOR I
AN S AL X ORI EE R, HETIUE BT AMI 72 B0 R

FH T [E) b SR PR A X R ISR AN R PR RR A, B DAKE AMI D54 F T BAR 4L ORI, 4K
PR A R R, P EERME Ip AR, [(X;Y) #SBHX R EREX Y 2
A LA RIS TR X 450 X AP AR 2 (BRI AN BER) 53], 5% 1Y) i E AR
N

ZZI(XUYJ‘),
(x;v)={ 13
H(X) — H(X|Y).

A X RIS E AR X G5 Y AT R AT IR X 450 X sh AR IX 42 (SR LX) 19
I, AP AR 10GY) M, M 10GY) = 3,3, (X Y)); MR RIAEX S v A
A E R 43 B AR X 45 X PRI 43 Y (BRI AN X BER) 193, EHHEOPI EAE B 1(X,Y) i,
MfER I(X;Y) = H(X) — H(X|Y).
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Figure 1 Two cases of the community partition. (a) No community splits; (b) community splits into two communities

2.1 ETREABENEEEHXLI

M T2 TR YRR AR B AL R BUERAE AT A X R i, A XK 20 J5 AL IX 4548 Y AT A
R AT EOAE XS5 X PN IX 3R (BN AE DXCBEER) 15 200, BTEL, R AMI J3iEAE e T2
REEHR AR E B A DORBLURER, 4 X R BB BAS BAE (Ip) BT A AN

IPZZZWij'I(Xi;Yj)a (2)

Hh X, RoRRIDAMAEXEMFE @ (= 1,2,3,...,n) MEIX, V; Foao)a Bk X g5 5
J(G=1,23,...,m) MEX. I(X;;Y;) X X, 5 Y; BFYEERE, w; = P(X,,Y;) #onttX
X; 1Y) WIsRBRME, P(XG,Y;) = P(Y;]X)) x P(X5), P(Y;|X:) FnfER X X, Bkl 24X vy, 1
MR, P(X;) R Mg ) s R B4 X X AR,

T L AMI 5T GN B 61, B AMI J7ikifa (e 36 T B BRI AE E S X
RIVE LB AMI JriE B AR GN Bykig Bt X g x — i Rk oo, FIASPERER (Ip) &
KA HRACHI AL X R 7, TR B R AL X 5. BT GN Bk 2k T i R A5 73 2407 Aok
FiE 2 P X G, T2, X T RHRRIA AT e At X, Y, BOCERE wiy, RREHRLLT MG
(Al 1):

(1) FEAEDX R 73 b, Ak XA R A 7 2

(2) TEALDX K23, FEAE X 70 B R A B N AL X

B RIS DL, St E P(Y;X;).

ST 1 AL

1, g%é §<; ﬂﬂ] )(i jigIEaVAA?ﬂ:Eg:

P(Y;|X;) =
) {o, Y, A X AR,

5 2 A

Ny,

0, MY, RRIKX X, 4EEEI,

Horp n,, Rt X X; I RUEEL, 0y, FostEX Y I SR AL
BN P(X;) oMb i i) o 204 X X R, FrL P(X;) TS A 30T
Ny,

Py oy BRI X, HEYEFIH,
P(Y;|X,) =
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Forbt n 7R P26 P Y RS
FIH P(Xi,Y;) = P(Y;|X:) x P(X5), K30 (2) BIFH

Ip = P(X1,Y1)I[(X1, Y1) + -+ P(X;, Vi) I(X3,Y3) + P(Xi, Yig1) (X3, Yig),

Hot R ANEWIALX X EARRI SRR T Y MY HAFEX. 8RR, X Rk AR
M 1(X5;Y;) BEAT MY, P(X; = 0) R RiAE THX X, FIER, P(X; = 1) o THX X,
R, ks A h:

n—"Ng,

P(X, =0) = "l 3
P(X; =1) = 75, (4)
FH P(Y; = 0) F1 P(Y; = 1) BiitHE AR F:
P(Y; =0) = "2, P(Y;=1) = =%

P(Y; = 1]X; = 1) RV i TALX X5 BT, S nith)g TR X Y B, W P(Y; =
1X; =1) FiitEARW T
Ty,
PY; =1|X;=1)= 2.

N,
WIKEHE P(Y; = 0|X; = 1) B AX R

P(Y; = 0]X; = 1) = "2,
AL Yy F X B F— A EIX, EAEX Y #id kX X, 2245 200, B DL s
RAEAX X; o, WABIRASAEALX Y; b PrEL, P(Y; = 0|X; =0) =1, P(Y; = 1|X; = 0) = 0.

WY EAE BRI A, W 1(X;;Y;) KT ERE T

I(X33Y;) =Y > P(X; =a,Y; = b)[logyP(X; = a,Y; = b) — (logo P(X; = a) + log, P(Y; = b))],
a b

Horba AU b 2RI LA 0 82 1. JFH, P B E X RIEAX P(X; =2,Y; =y) = P(Y; = y|Xi =
z) x P(X; =), K13 P(X; =2,Y; =y) BME, ANTTTHEH 1(X,;Y;), @it 1p H1E.

N T ARBV R A RAL IG5, BEX Tp AR X R 38T J5 RAL X Z 20l v 545 . 4E X
ZER A B TS A R R P

H(Z) =~ log,P(z; =0) = > logyP(z = 1),

HARENAR R 7 FoR— M X G, 2, RonthX a5 2 s « MEX, Pz = 0) R TTEART
FEIX 2z BIHEZRE (WX (3)), Pz = 1) Fon T m8 THEIX 2 BIMER (WL (4)).

B a, B BB AR N X 51, BB pE X 454

AMI-GN S0 0 BB RN N fos, AR AL an gk 1 pos.

Step 1. THELMIZE T BILA B, FEMN R B K I,

Step 2. EE Step 1 H 2IM 2% 141 X K A 502

Step 3. THREA UKL X X7 K~V 1 HAZ BH (Ip).
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Step 4. FIWr 45 o2 IR A AT 73R ML, GERA, MIFEAN Step 1. WAREA, MIZEN Step 5.
Step 5. P EAR BB KE (Max_Ip), JFiCs Max Ip X RALIXRIZMAT J5 BO4E XS54,
Step 6. 73 AITHEALIX RN AT« Ja Ak X G RGHI1E B, (5 SRR A AL DX 45 M B g e 24 g A [X

s

Algorithm 1 AMI-GN

Input: The network represented by the form G(E, V), and FE represents the total number of nodes in the network,
V represents the total number of edges in the network;
Output: Optimal community structure Max_CS in the network;
1: Max_Ip=INT_MIN;
2: for each i in E do
3: Calculate all edge betweennesses and save in array EdgeBetweeness;
while No community splits do

Delete edge with the highest EdgeBetweeness value;

Calculate Ip;

4
5
6: end while
7
8 if Ip >Max_Ip then
9

Max_Ip=Ip;
10: Record the before and after community structure of community partition corresponding to Max_Ip;
11: end if
12: end for

13: Calculate the information entropy of the before and after community structure of community partition corresponding
to Max_Ip and save in Entropy_Before and Entropy_After separately;

14: if Entropy_Before>Entropy_After then

15: Save the community structure of after this partition into Max_CS;

16: else

17: Save the community structure of before this partition into Max_CS;

18: end if

19: return Max_CS;

2.2 ETHREEBNEBLRXLN

H T2 T AR AEAL 3R 0 B A DO I BEELEBEAT AL DX R 7 I, X o3 5 B4R X S50 Y ASag d kil
SRR X S5 X A EIX 2 (BEEPTMEIXEE) 193], BB, # AMI J5VEE -AESE TAR%eA%
P Bt DXORDUSEVERT, 4 X2 9P B B BE (Ip) IR AA S

Ip =w-[H(X) - H(X[Y)],

Horp X Rt IXRI P AU XM, YV Rt X R0 Ja AR XK, H(X) Rostt XA X BIfE R
15, H(X|Y) FoRfEA XG0 Y @R X SR X 15 B4,

NHEPA AMI J5EAE T COPRA BEJ9], WW] AMI T an el /E HIAE 2 AR5 AL 3 ) B 4L
ORI . 1T COPRA SIRAEARZFIEFERE PAAEAR KIIBENLIE, RIS miAE A X R 70 I BT e
ROAE X L BENLA. B, X2 B M2 BB — Ot XRI i R v, AR MR X 1Y) 2276
HIOCIRNVE BN, BITRL, FRATAT DB B 0 T JEAN 52 2% W 2% g — Uk X Rl 2 il B, AR AN R IX
X; MY; Z I RN EH, B w = L. T2, COPRA 5L N HERME Ip KitH AR
R

Ip = L [H(X) ~ H(X|Y), (5)
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(a, 1/3) (¢, 1/3) (a, 1/3) (f, 1/3)
(d, 1/3) (g 1

(b, 1/4 (e, 1/72)
(d, 1/4) (8,172)

(e, 1/4) (g, 1/4)
(a, 1/3) (b, 1/3) (a, 173) (e, 1/3)
(c, 1/3) (. 1/3)

2 REEL 3 REEMME

Figure 2 Label initialization Figure 3 Label update phase

H L RoRFENEEL

AMI J7iEBAR%T COPRA HIERIFRBAL #EIX — M B AT o, X T COPRA Bk i ZpELIE
BRI A, RATEF- P EAERME (Ip) KRBT AR, MRAEZ AP EE R
(Ip) T NAH, FEBEHLIEE—A. FEFRAEREITFE T, H(X) R EERERT A X 54 X 115 B0,
AR RERTHIAE XS54 X AR, B H(X) 22— EEfE, HaX (5) mTkn: £ H(X) AT,
LA Ip BOK, MR ZEES H(X|Y) S/ T2, K H(X|Y) SRR S TR 2 4.

THZE— M FIEA U AMIT ik O b R 1R B, B ok, MRS ATYIMG (0
Bl 2), REEAT SR T — RN (e,b), ¢ Rz BRI X FRR, b KR SR T %R0
SRIEFE. fEARZ S B (A0 3), BN s AR 2 2K B T AR JE 5 A

FET R, X ARREHEAT SR, BV 8 B RUE A RSB g (AR B0, T SRS A e KSR FE B
X RLFRIAR XA A AT BRME 1/v. Sl e S AAR 2t 171 s s B s s, BRI AMI 774k
YO BE T 05 R IR AR 20 AT IR B XTI 3 s i, BN s i 2 AT B TAEIX N (v)
N2 WA, FEHATARZE SRS, BT 80 3 MIAREEXS (b, 1/2), (d, 1/2) FIFT AL 6 [IFRZEXT (e,
1/2), (g, 1/2) MRBEHR K TET 1/2, FrLhAi s 3 Al 6 MIFRZEx) #2 BF e MeIRES. B 1, 2,
4,5 7 AR S BEA/NT 1/2, FrLATT A 1, 2, 4, 5 A1 7 BOARZENHER A2 AL T 75 58 UIRES. M
TR 1 FFURAK O T 5 AR RAT BT KT 1, EIARE RS 4 AN, Al (b, 1/4), (d,
1/4), (e, 1/4) R (g, 1/4), WIRIEAT 5 1 EFE (0, 1/4), (d, 1/4), (e, 1/4), (g, 1/4) WREEXJF K
HEE (Ip) M8, T Ip ERHFEARN Ip =1 [H(X) — HX|Y)], H(X) RBRREALERT X 45
X G B, TEARBI A X X SRRV X 5. X T35 8 1 fEAR S B il fE ik
(b, 1/4), (d, 1/4), (e, 1/4), (g, 1/4) AF—A52EXF, H(X) BEAZE—ANEME, 247 Ip R, R
B H(X|Y) FES/NPA. T2, WA 1 EEE (b, 1/4), (d, 1/4), (e, 1/4), (g, 1/4) AT—ARZE5TH
H(X|Y) WA, 158 1 EBESMREX H(X|Y) #8 1.7925, KA H(X|Y) Wif/IMER 24, NIBE
HUERE—A. W H(X|Y) B MERE —, IBAEBZERN AT, 55, 1ERERbR AL 17 10 5 5 bR 2
BB AMI 753k, B RIFR AL I FIEIA BIE R L & M 1k

AMI-COPRA BEM BARDIRUTT Fros, Frd T35 B bR TE 3 Bk i 5% 2 B,

Step 1. HIAAATT B IFRZEXT .

Step 2. fERHRAR ARG FE S, KB A SR EAERBEERTHETRE (v = 1/v, v #oR
T AT [ B S T B R AL XA BIARZERT
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Step 3. WIRAEAE, WK BT S8 FE/N T BE BIARZEXT, AR T R BIAREXS AT IH—1k.
Step 4. WIRAAELE, I 5 15 B0 BAR 25 50 5 02 0101 s T AR 25T

Step 5. B Steps 2~4, H 2 R EAR LR

Step 6. A AH A4 X BRI AT SR — AN 4R X, AT AR B B 48 (R A1 X 254

Algorithm 2 Label update algorithm based on information entropy

Input: Updated node set (updatedNodeMap) and label set to be updated (labelMap);
Output: Updated label pair (updateLabelPair);

1: minEntropy=Float. MAX_VALUE;

2: for each label in labelMap do

3:  label_c=label.getLabelC();

4 if updatedNodeMap.containsKey(label_c) then

5 updatedNodeMap.put(label_c, Float.valueOf(1)+ (float)updatedNodeMap.get(key));
6: else

7 updatedNodeMap.put(label_c, Float.valueOf(1));

8 end if

9: for each label_c¢ in updatedNodeMap do

10: currentNodeNumber = updatedNodeMap.get(label c);

11: z = currentNodeNumber/totalNodeNumber;

12: currentEntropy+ = (float)(z - (—1)-Math.log(z)/Math.log(2));

13: end for
14: if currentEntropy < minEntropy then

15: minEntropy = currentEntropy;

16: Record corresponding tag pair and Assign to updateLabelPair;
17: end if

18: end for

19: return updateLabelPair.

3 SCIGAT
3.1 AMI-GN ExsLif

REHIE AMI-GN BRI vERe, TATH AMLI-GN 5 HAREE T 2R R EE S X ORI EE GN,
FN, IE #AT A AMI-GN FE R SEI It /0 A 7 (1) ¥ AMI-GN ByE5 R G GN Hik, T
FEHLEE ) FN B9, 3T BRI LR B0 1B SRR 4T R o MR R 6 L s at. (2) % AMI-GN 5
ERI a5 R H AR R 53 25 34T EL A i

3.1.1 SLERHIESIFMNMIER

PRI 9 2 T 2 SRS A E B 28 A XA B B0 BRI 1) 52 2% P52 3 o s, A ) T KA ) 5 % T
2. FTUAEXS AMI-GN 53 i S0 A 2R T A SR SR MU e, A B 00 S8 F T s i ox
AMI-COPRA BEMISER . 3 1 45t 1 SEis b pr ISR SR A 2245 5.

DA g b3k B S B SR A2 A H AT AT IR0 85 R B0, BT LR AT B AT B4R XK 24> $ (CN)
FFrAEA HAE S (NMI, normalized mutual information) iX A~ H ELZHAE R VEHIFE bR R AT B4 X K
BLEs R .

620



FEEBE EERS 495 B 5

* 1 FLWHESE

Table 1 Experiment dataset

Dataset Node number Edge number Community number
Karate 34 78 2

Dolphin 62 159 2

Polbooks 105 441 3

* 2 AMI-GN 5Hfth 3 #ZBEALRER
Table 2 Comparison of AMI-GN with the other three classical algorithms

Dataset Index AMI-GN GN FN 1E
CN 2 5 2 2
Karate
NMI 0.84 0.58 0.84 0.84
CN 2 5 3 2
Dolphin
NMI 0.89 0.55 0.65 0.89
CN 3 5 3 2
Polbooks
NMI 0.58 0.56 0.57 0.55

PRAEAL AR B ARAR NMI HI R 8 550515 2 A X Rl 7 45 R 5 S Bt XKl 7y 5 2R 22 T AR AURE,
Ht S a0

2374 230:31 Cijlogy(Ciz N/ C;.C )

~ Y% Cilogy(Ci/N) + 507, C jlogy(C;/N)

Hort A F1 B 4y BIFR G P RIS, O RRIRIEIERE (confusion matrix), JRHEIENE ¢ HINTEE Gy
SRR A RIS REIX @ ERHBAE B MO j I S . Ca (Cn) % A (B) IR
FIRASL, Cp () RIREHEE C 8 i 4T (j ) TEZ2 0, N 2 SIS b4 0 s

NMI

3.1.2 SEIRZER

#2451 T AMI-GN, GN, FN 5 IE BIEERIr IR0 EIsLIRgs R, H FN BIL7E Karate,
Dolphin Al Polbooks #(#f54E L it/ NMI {ERIE T SCHR [34]. Tk 2 AlA: AMI-GN 5VEfE
Karate, Dolphin, Polbooks #{#fs£E %5 Frf3 4t X A4 (CN) F1H FA A #E X AN — 5k, 1X—
RALT GN, FN Ml IE &k #t—0, X T1X 3 MRAER NMI EKUL, AMI-GN HEpr5 21
NMI 8 KT HABF LR NMI ), XU AMI-GN S0E75 21 {4 X K1) 53 25 5 bl A 520 35k 0 v
.

AR AMI-GN B2 NMI A2 5 T HAh 3 FhEER NMI A, {22 NMI HIREAIAE 1. o]
X AMI-GN $32K1 7 45 A0 H 5l mT i o0 85 BT e #ir. 3R 3 44 T AMI-GN Sk r4t
X &4 5 HErA el X R Eea s 31, B3R 3 40: 78 Karate A Dolphin iX 2 MNEFEE A, A
P B 1D, Al Karate 0¥E48 0 1075 £ 3 F1 Dolphin ZE £ 77 5 40. 15T Polbooks %1
A, AMI-GN BRI X R 50 5 H BTA AT LXK 85 1A 17 A5 s A .

X Karate F1 Dolphin £ 8 H AN A5 s R BEAT 047, €] 4 & Karate 23R 4EA Dolphin (4
EWAFET SR REE. HE 4(a) f1 (b) B, Karate ZAESEH T A 3 F1 Dolphin ZEEH 1)
W40 R X BE R B AR S5, SUIRUAZ R 28 TE A (A IR 2%, i B 5 A 3 A1 40 2 BERT LU
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#* 3 AMI-GN BJERXINERSBRIATTHIRI 4RI R

Table 3 Comparison of AMI-GN algorithm with currently approved partition result

Dataset Total number of different nodes Different node index
Karate 1 3
Dolphin 1 40
Polbooks 17 1,5,7,8,19,29,47,49,53, 59, 65, 66,69, 77, 78,104, 105
o} A
o A 5y EEa o
O A AA Ao B ﬁ A N . o o
o o A A A N o o ° o
A O AN A—KA N A o o
o N i . A/'/Q 9
A A m ®
A
’ o) A & S © ; o
© s e e &N A o [N
o A A A B

(a) (b)
4 (MEMEE) TRTRHXSRERE. (a) £ Karate H#EET; (b) 7 Dolphin HEET

Figure 4 (Color online) Schematic of different nodes. (a) Karate dataset; (b) Dolphin dataset

TAEX 1 WATBUE TAEX 2 8, K38 AMI-GN SHEX Karate M1 Dolphin 4% 70 45 R 2 1E
T

X} Polbooks U4 45 HH AN A1 s M BE AT 04, Wk 4 Frz. Hod Links in community (R) &7~
ANNKI 25 P X N I BEFESY, Links between community (R) R A AR5 45 S bk X 0] i BEFE 4L
Links in community (A) 7~ AMI-GN BER KI5 45 50 A4k X AR 2L, Links between community
(A) Fox AMI-GN 5 1%l 73- 45 5 b [X 8] i B e

PP A1, R H BN AT BRI a5 SR b, 1 A 1 AR S R R (TRTRR T A 1 R R
) M6, T 1 HEEAL XA AR RO RO B (AR R 1 B XA BRI ED) O 2, TS AT 1
e LA AL DX AT R R (FRTRRTT A 1 WAL XAV BEREE) 7008 4 A1 0. #E AMI-GN 3L RI45y
SER, AL R RO 6, ALIX [AIEERRE S 0 A 0, AR AL IX 458 BA I RIALIX 5 A
FH LR RS S DX JR) 1 fURE EOZE A B R R PR 01 AT B B 19 25 1 76 AMI-GN Sk k1) 43 45
FRRT H BT AT AR 2550 R B AT LAY #50 5,7, 8,19, 29, 47, 49, 59, 65, 66, 77, 78,104 £ AMI-GN
R A R o S5 R T B AT R 45

XFFAT 55 53, 75 H AN AT R 45 S b, 45050 53 B BEEE RN 5, #EIX N BEREICN 3, ALIX () EE
FHCy 1A 1, TR AMI-GN SR RIRIZr 65 b, 5 53 AR XA BE R O 3, A IX ) B E ) Tl
N2 A0, XL A 53 £ AMI-GN FykH R 73 4R A ZE T H AT AT RG> S5 5. [ BT L B
T 69, 105 £ AMI-GN HE PRI 8 R A ZE T B AN TR o045 3. B3t AMI-GN 53550
Polbooks #4fs £ i1 7345 B EAL T H skl k) 7 45 28

3.2 AMI-COPRA EEALIE

NHAE AMI-COPRA Bk RE, ATE AMI-COPRA 5 HAEE T A2 AL 3K 1) B B4t X R I
72 COPRA, LPPB #E47 % Lb 5246
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% 4 Polbooks HUREPFET AR

Table 4 Link analysis of different node in Polbooks dataset

Node Links in community (R) Links between community (R) Links in community (A) Links between community (A)

1 2 4,0 6 0,0
5 3 3,2 5 3,0
7 4 7,0 11 0,0
8 1 4,3 4 3,1
19 1 2,0 3 0,0
29 1 2,0 2 1,0
47 0 3,1 3 1,0
49 0 4,0 4 0,0
53 3 1,1 3 2,0
59 5 5,3 6 4,3
65 5 2,2 6 3,0
66 4 2,1 5 2,0
69 3 1,0 3 1,0
7 0 3,10 11 2,0
78 2 5,0 5 1,1
104 1 1,0 2 0,0
105 2 1,0 2 1,0
x5 THHEE
Table 5 Experiment dataset
Dataset Reference Node number Edge number

Karate [34] 34 78

Dolphin (34] 62 159

Football [34] 115 613
Netscience [35] 379 914
Protein-protein [13] 2445 6265

Blogs (36] 3982 6803
PGP (37] 10680 24316
Blogs2 [36] 30557 82301
Cond-mat-2003 [16] 27519 116181

3.2.1 SKHIESIHNIERR
SR 0 S 4 SR S A 5 13 16:34~37) IR [ L k54 Sl B B A A 4 s A
DRI S5, BT DA SCH0 R FH PR B B A X S BB (Qoo 1P¥1) P BEBUE (Qoo) PRHEZELL I
FEPEARREAE AT At AMI-COPRA BHEMITERE. WP EEBAL X SRR Q,, HITHE
AFW/IS
1 kik;
Qov = m Z Z |:Qichij —pichmj )

ceC i,jeV

623



PARAE: TP AR B AR O BLITE

* 6 AMI-COPRA S5HMMMEALLRER
Table 6 Comparison of AMI-COPRA with other two algorithms

Dataset Algorithm Average Qov Standard deviation Qo Average number of iterations
COPRA 0.459 0.244 11.3
Karate LPPB 0.733 0 -
AMI-COPRA 0.720 0 7
COPRA 0.665 0.069 13.1
Dolphin LPPB 0.702 0.018 -
AMI-COPRA 0.728 0 6
COPRA 0.691 0.030 7.6
Football LPPB — _ B
AMI-COPRA 0.707 0.020 5.8
COPRA 0.812 0.026 24.3
Netscience LPPB - - -
AMI-COPRA 0.841 0.006 15
COPRA 0.552 0.066 56.2
Protein-protein LPPB - - -
AMI-COPRA 0.710 0.001 73.4
COPRA 0.748 0.007 166.8
Blogs LPPB 0.756 0.002 -
AMI-COPRA 0.765 0 151
COPRA 0.788 0.017 249.6
PGP LPPB 0.796 0.009 -
AMI-COPRA 0.793 0 213
COPRA 0.604 0.032 172.5
Blogs2 LPPB — _ B
AMI-COPRA 0.608 0.005 53
COPRA 0.675 0.057 331.4
Cond-mat-2003 LPPB - - -
AMI-COPRA 0.687 0.005 61.7

H qije FORTR0E R #BBT AL ¢ MIRESE, pyje RNTT R0 BT ALK ¢ BB AL j B THEX ¢ I

3.2.2 SEIGZER

¥ 3 FREIE R HITE 9 Fh B SE g Bt g BT AL ORI, HTERLERSE (Q,,) “FIIME  BEERSE (Q,0)
Tt 22 DL R~ IR AR BT TR BEAT X LG, S0 45 52 X R SR 2%l 100 TRSESG (-F- 3 45 53,
6 fws. b, &6 P < FORFEWRIORS IR AR, IR E > FoR 3 A R A S
25 COPRA HVATE Netscience, Protein-protein, Blogs, PGP, Blogs2 il Cond-mat-2003 #(#&4E 1)
SE6BAESRIE T SCHR [16], LPPB 5% 7E Karate, Dolphin, Blogs 1 PGP ¥4 b (1) 9256 504 K i T
SCHR [21].

R TAEAF RIS 25 BB T, T2 MARYE 3 PP A8 bR A [F) 5% 1 S 56 25 5L B 417
Kl 5 &on AMI-COPRA 5H AR GIEERIE (Qoy) “FEME LMLEL R, B 6(a) &on AMI-

624



HERBYERRE B 496 B 5 W

0.9
0.8
0.7
0.6
o 05
0.4
0.3
0.2
0.1

=COPRA =LPPB = AMI-COPRA

0,

Averag

karate  dolphin football netscience Protein-protein blogs PGP blogs2 cond-mat-2003
Network

5 (MERFE) AMI-COPRA 5EMAMEEEIRRE Qoo FIELMELRER

Figure 5 (Color online) Comparison of AMI-COPRA with other two algorithms on average Qov value
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Figure 6 (Color online) Comparison result of AMI-COPRA with COPRA algorithm. (a) Standard deviation Qov; (b)
average number of iterations
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(1) 3BT AMI-COPRA HIEMBERE (Q,,) “FIME, KI AMI-COPRA LRI COPRA
HRAERERE (Qoy) “FIME EIRTFT 0.004~0.261 A%, JEH] AMI-COPRA H%42% T JF#h COPRA
SAEIX R I R

(2) JEL 73BT AMI-COPRA SERIEHRE (Qo) PriHEZE, KL AMI-COPRA FEHIEHRE (Qow)
PrEZEIEE /N, BEMIEY] AMI-COPRA BEKIEEH S )54 COPRA Sk I E N, IR IF gk T
Jf4f COPRA HIEAFEE MIGRIH;

(3) M5 Hr AMI-COPRA Sk ()~ BEAREL, K3 AMI-COPRA BVLRE(K T 4G COPRA
BRI AR U, 3] AMI-COPRA S0 bR T R GG S0 i i hcse 2

(4) % AMI-COPRA 5% 5 LPPB ST X L SLiJm, BARERERIT (Q,,) M 5 LPPB
FEAZEA R, {H AMI-COPRA HyZt LPPB Hyks iz e, #Em il AMI-COPRA HyEH & H T
SMUNiB=PATIESS

L ERTR, 1IEH AMI J7VE W] A 280k 50 SR ) B 28 4 X R IRV I M .

4 ZERIB

A T — M T BAS B AL ORI S, K AMIL 7y E RS T R IR KR
HSXKMEE GN METHREA R ESH X RMEE COPRA L, 703k 5 80 ) AMI-GN
HIEF AMI-COPRA &% B AMI-GN HiL5E4G GN, FN, IE FyALE 3 FhE LW 45 Hod 48 Lt
17T W, SR a5 R AMI-GN BEERI 73N NMI H E# B B8 T GN, FN # IE Bk %
AMI-COPRA HiE5JF4E COPRA, LPPB 1t 9 P B S48 Hdl 45 1 dbAT Lo i, st gh R
AMI-COPRA S8 T #EIX R IR &, R0 B3G5 T B a6 Sk e 1, KRR 7 B2l s
TR BRI, B AMI 7m0 A 2k ek i 78 () 4F B 4k X ORI RA RN B S A ORI R, T
— 5 A U AMI 7 VR T A R 284k X & B
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Optimal community detection method based on average mutual
information

Dong LI', Mingquan CHENG!, Yang XU, Feng YUAN?, Yinan CHEN! & Yaqing FU!
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Abstract This study proposes an optimal community detection method based on average mutual information
(AMI). We calculate the optimal community partition using AMI. This method is applied to the non-overlapping
community detection algorithm (GN) and the overlapping community detection algorithm (COPRA), and the
AMI-GN algorithm and the AMI-COPRA algorithm are generated respectively. Compared with the performance
of the original GN, FN, and IE algorithm, experimental results show that AMI-GN algorithm improves the quality
of community detection. Furthermore, compared with the performance of the original COPRA algorithm and
the LPPB algorithm, experimental results show that the AMI-COPRA algorithm improves the stability of the
original COPRA algorithm, reduces the average number of iterations, and accelerates the convergence speed of the
algorithm. Moreover, compared with the LPPB algorithm, the AMI-COPRA algorithm reveals that the quality
of the community shows a little difference, but is more stable than the LPPB algorithm. Our study shows that
the AMI-based methods can improve the performance of typical non-overlapping community discovery algorithms
and overlapping community discovery algorithms.

Keywords AMI-COPRA algorithm, AMI-GN algorithm, average mutual information, AMI method, community
detection
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