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Abstract  Except for rich node attribute information, there is the complex topological information

in some modern online social networks, such as Sina Weibo and WeChat. Such types of social

WeHs B 391 :2020-06-28 5 fE R K Al H 91 2020-12-21. A PR 3 [ 5 8 0T & 3R (2019 YFB1405000) | [ 5% H SRR 2 B 4 (71871109) L [H K
B AR B 4 T RO E (920462060 W B, R T R R R R LA S5 (CCP) 23 B, 2 S0 58 40080 4 4 1 4% 43 BT L 508 42 4 1
7818, E-mail: zhanbu@nufe. edu. en. 1B 5E  fH H-WF 58 A2, FZWFGE 7 ) 0 BUHR 4240 2 2% W 4. S m 398, At 1, 32 SEA0F 5% 0 ) by v 55 4 RE .
Mg R A YR, BRI o 2R R RS TR S A R, RSO T 5 R RS



9 H# boOEAE BTSSRI Y R P 1A R 2L 5 vk 1825

Hoy

network can usually be represented as an attributed graph. Traditional graph clustering approaches
are often based on an assumption that the node attributes and network topology share a same
cluster membership. However, it does not always hold in many real-world social networks. Take
Sina Weibo as an example, analyzing the follow lists of Weibo users through community detection
techniques can directly obtain which users gather into a social group, while these users may
produce diverse user-generated content, reflecting differentiated preference characteristics. How
to effectively integrate attributive and topological information for clustering attributed graphs
becomes a new challenge, which is also critical for understanding, analyzing as well as visualizing
large-scale social networks. In this paper, we formulated the target problem as a multi-objective
optimization problem, and proposed a dynamic cluster formation game based attributed graph
clustering approach. First, we defined a new centrality index, called the influence of nodes, to
measure the node influence and designed an effective heuristic method to initialize the cluster
centroids of attribute graphs. Second, based on the dynamic game theory, a greedy local search
strategy was proposed to update the cluster labels of nodes, and we strictly proved that such local
search strategy can make the cluster structure converge to the local Pareto optimality. Third, an
autonomy-oriented computing based attributed graph clustering algorithm was proposed, which
does not need to specify the cluster number and its running time scales linearly with the total
number of edges. Furthermore, we tested and evaluated the proposed approach’s performance
from three aspects. First, we performed a separate convergence analysis for the proposed
approach on the Google + attributed social network. We tested the convergence of four objective
functions (i. e. , K-means loss function, Havrada-Charvat generation entropy, negative modularity
and negative compactness) that need to be optimized in the approach under three different
Bregman divergence settings (i. e. , Euclide distance squared, KL divergence distance and cosine
distance). The results show that four objective functions can converge after 50 iterations. Then,
we compared the proposed approach with 9 baseline methods in terms of accuracy and scalability
on 4 large-scale attributed social networks. Experimental results of clustering accuracy showed
that the proposed approach is at least 0. 7% higher than other algorithms with best performance
under NMI metric, and is at least 0. 2% higher than most algorithms with best performance un-
der AvgF1 metric. In addition, in terms of the test of scalability, the proposed approach can ob-
tain final results within 1 hour even on the largest Google+ attributed social network. Finally,
we performed a visualization analysis on a small PolBK network. The results showed that the
proposed approach reached a stable state after 14 rounds of iteration, and the uncovered cluster
structure was close to the ground-truth. Overall, extensive experiments shows that the proposed
approach can accurately detect the hidden cluster structure in real-world attributed graphs. Com-
pared with the state-of-the-art approaches of clustering nodes in attributed graphs, our approach

has better effectiveness and efficiency.

Keywords attributed graph clustering; multi-objective optimization; dynamic cluster formation

game; locally Pareto optimality; autonomy-oriented computing
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A3 AT R R ) O T 4R e T R
TR - EL 2 MR 51 7 2 FEAR i 25 B T ik e g

BT BB T A o BRI ) E

r=o > ()1 (6)

v €N, 7 n
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AR R o BB TR A S ) ) e = Gy
see o, ) P 3 SRR G0 R 4 AE 8 ) R A

1—0

n
Horp H= ()00, WS TTHEBE @@= ()00, 1T A
SIS FX A ce= (1.1, D FER n 4i4 1 1710
. FRATT AT R R AR i LR R AE () R
1—

n

r=c¢H® 'r—+

e, s.t., Hr”zla Vr,ZO (7)

r<t+1>:Mr<z>:(qur1+ "eTe)rm (8)

FTLAEN M=cH® '+ e e i JL1E 5 .

n
BEAIL AN R 24 R o B0 5 4 S - B R e R A . 45
FEAE TR RIAG R Sy ) r (0D AR R AU
A B ME— YIRS AR B =G
L L dm i kR E X B:ULQJL(N[ U {w: 1)

g Lovp BTG SR Y B X Y R M R Sk

FEECH K CRnm &5 5 s 3R] ) AT e A R

14 5% Wi 3 e KAk [ R
LX:argmax(Erj‘)

LEV.ILI =K v eB

2 BJE P SRR KRR 45

T S U ] AT 5 A D G A T 8 i I A
L =argmin(|L|)

LV, |Bl=n

4 NP ={v, | v, v Nvy %N,/\H‘U, € N;say,;, =1}
FRTE o) AR S R = D )t FoR
0. EN

T v R KB 2R BE LA T RT
GO TR S0 Al S TR A A AN R B AR
W AT S Z 5| DA R AT a5 5] A
H1E LAD BIEHAEIE & OCdkm) s Ho & R
o P 8 B AR T A (L 156 4
F AR BE R O(Zm) , i Z FoR
YR 8 A 5B 26 KR R ol 2 A Bk 1
959 A7) B ) B 2R OGm) AT A — D e Kk
HEAFAEAE AT A0 RAA. 310U S0 h A5 05 (B ik 1
5 11~14 1) By EZ IR R A BB Sl i =
B4 1 R, B ) & 2% Sy OC L |k° +nlogn) . 3
t O(nlogn) Frm e RMEMY B85, T AR 11
I a2 24 B O(dkm~+Zm~+m~+ |L|k* +nlogn).
TEE B PEE s logn <k, |L|~n/k ., [6] B %K

NN

D)

(10)

B JBYERME FLATRAE R AL ERRBA KT e) . ik
WM e LR B o

Bk Al SRS L
‘NfﬂN/‘
1. Vo< ——Fexp(—a(f,, fi)); Vn,< i3
TN U, [ PO Y 2w

2. t<0;conv<-et10; Vri<1/n;
3. WHILE conv>¢ DO
4. conv<0;t<t+1;
5. Vri<o 2 M+1;7;
wen, "
6. Vrg<r/|rlls
7. conv<—convt | r()—rGt—1)|;

8. END WHILE
9. L‘-Q;B‘-Q; VR,‘-E rj"+r,*;

v €N;

10. WHILE | L|<<K(|B|<n) DO
11. wv<argmax(R,); R;<0; B<~BU{v};
v. €V
12. Yo, €N R,<0; B<BUN;;
13. VYu €N? ,R,~R,— 2 ris
qu(Nlﬂ\'k)
14. L<LUlv};

15. END WHILE
5 HEXRBEEAEE

[ ISEINEIBI A R EVE g R T
AT RS AT R B SR T A
S CHE AR ) BT A O 19 SR U B 5 %K
FH B KA. X Bkt AT 4 305 6028 1T 50 s i s
Zms TR R g S5 bR B S M g, —
SORELH (AN SR/ AL 23 BB — S0 P B, A 5T R
T AR P AT B O o A%, 47 BOOE AHE B TP i
JE LR A CIn e EUIA R B S 2 % H
FUBATE BE 5 AT RE R AR 2 11 4h. 2 S K
AN LR G 75 T AR 2 A I R L T AN B AR B 2
R g 0y HAR B &, DL — ot i A A R
P P v 2R 5 4 TR T

EX 8. KB IEIE.

HET A A A S DCFG R E Sl
—ARTCH E=(t, Vx5, () su; (o 0),0C)),
Hrp,

t=0,1,2, R B HUN [E] AR 55
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i) FRR ¢ SR SRR A ) i

s Co) TR B v, 1Y P AT SR I e Bt e 45

w; Co s ) FIR AL o RO BREL

OC) IR F R LR T B R AL

TR T 2 B RS AR TR Y JR 0 R
Fem A A% - A SO Havrda-Charvat A4 gl Q° (x) .
TR EE Q° (o) R B %% Q' o) MR AL B A s
HE T AE SRR A5 AT AT SR W ST R B s (o) [ B
B K-means i 25 BB Q' (o) M F 41k H A, P51k
FE SCRRAN T 5 RO PR w, Co) s 7E L IR Rl B, A SC
Tl s R R 0 1 2% SR ek B 1 R R R AR A

T DCFG H AT A KB E — RINMEA
TR LBy 1k PV 7R 9T A AT 5 BOR R T R
Al AR TN A o (AT AT SR I LI R SOE SR

s (xD)={p| Ve€{2.3,4},g5(p,xl,x" =0} (11)

Hrpope (1, K} 8 o W% 3 28 7 4 45
(Pl X D=Q (pox' ) —Q (2, x" ) FR T
v, 5% Y I 28 AR A ] S I 5 e ALY R R
Hx = (e s Fon ¢ JRIBR T
o AN n— 1 AN S 2R R BRI 45 0 4
JEB T AR A T i X = (Xt Y H T AR
FERRZEARFE AN SIS, 3 5 o, B FEARSE o fh g BT
FEp HEYee(2,3,4),Q(p,x ) —Q(g,x" )=
0, W HF A 3h A, X GO P iy F ik B Ar Q°
(x) . Q (x) A1 Q" o) 5 [ I AL Ak F AT 75 /i 9] L
PRSI s R R A R T Bk = A
HAR SR T A SO B 45 gf (poaloxt DR
e SLENF -

x’:(l-q g

t t
s i s Ly 0ttt

JO’ p=x

gi(p.xl,x )= 1 S| 2o, —1D
1 d; (e | +1)? ?
(12)
53 bt :& al/)iafl ‘Nlﬂcfl‘i‘NlmC;l‘
éi(p;[l','qvxf,) ﬂl( om + /g[. )
(13)
0, p=2z
4 l L J—
gl (paxisx )= c|INNC, | —g
—2n ‘ P‘[‘ ﬂ[ /‘ Bp—Q—k,,p?ﬁxﬁ
lc, | (]c, |+
(14)

Ho . €, = (o [2i = p) 2w ¢ AR HE C, Y 35 54
AN
=)

1 o Y T t
&S e D [EREEC,

N —
7(—/)(1)* ‘C,
’ ”16—(:/[)

[
56/,* ((pl s °°°

(RO L oy = D k3R €AY S 2 R B, =

yec)
| {Cuivo) la; =1 Nv 0, €C ) | w2 fE C, b s
BPRAE | N, NG | s S8 F 25 C 915 15 0, 46
JE k.

WME PR, T o S E sk E FREC,
N ot =1; 4R (12) ~ (14) o] Fy R 5. Ve €
(2,34}, g (1,2l x",) =0, g5 (2, 20, x' ) >0,
g (3l xt ) <<0. FTLhy W L o 9 W AT R g 4R
s:(xH={1,3}.

EIE L AEEAM AT RN A v B AT R i
AR E LB Y, (x) A T H Va € 5,(x).

. Vi.k€{2.3.4},0v,€V,gi(xi.a')=0,
maXADE, Vi es, (x)=> Vs, (x)FA T, JFEEE.

EIR 2. AEEEAM AR S v A B
TERRAE ) ANRE 18 O 408 J 47 a5 0 SRR AR 45, 1T
Vs (xS {2t v, €N ULl =V s, (x) | <k, +1.

. Vi, €V,pe {1, ,K}. % pAal H
P&t o, € N U o, B I A A8 5 L ET A R
FREC, B N.NC, | =0; 472 (14) 7T J5 3R
B gl (paxt xt ) =2nB, + k>0, FE0 1 X (11) A]
S pe s (xR Y s (x| <k, 41, UEEE.

LN ¢ JE I SR AR 25 ) it x' = (el xt ) L fE:
R R o I RUT R EUE SR

wi(psx) e, =@ (fivc)) (15)

BT Y0 W AR 2 i x, DCFG g f8
B T35 58 sR AL ©Co) SR 5B A 417 s I S e 2,
[IEEEINNSE i TOES 7 3 A IR A = KL N sy 72
SER LR sRBOE L

x'"'=@(x")= argmin (Zu,(xﬁ-“,x’)) (16)

val e eV

DCFG ¥ K-means i & R Q' (x) ML 0 E
b B AR, 301 K-means J2 5 R B FEA 1T
A T T R K AN T3 R R B A i 2
ML X T & MR Tk AR S I8 T M4 4R b
G KL Xof 2 9 5 M T Il AR 0 R < A R v T R 2
FErp B AT I R DS A CRT AT 3R W) o 52 ) 26
GERTEMHEN] Q@ (x) . Q° () Il Q' () WY FF L .
BT X T 2 SAL R o 5 2 R AT B 0 SRR S5 H K 25
S5 AN [ AL T DO 9 5 T

BE1 s s o ATATSRIE AR Ry s, () = (1,3}
WL KR C R O TRl (1,0.75,0.75,0.75) , 2
W G G T R (1,1,1,0. 75). 3% F R X B 55 7
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LEAT BRI R AR 28 1) i X", R A B
R g OCH) 15 3 AL BE AR E SR AT P51

YO (x) ={x",x*, -} an
Hip, Vizl.x'=0(" D). 7 v D RH T,
A XV LT O e A R TR A ) Bl x? = 0(x?).

I 3. KSR R 0CH) &Mtk
BEAR o (XD K-means 5125 R BB R SE A0 AL -
I V1<<r<¥.Q'(x)<<Q'(x'"").

W, Vi<:<=w, 4 LxLC H=qQ
(x"DFRR e—1 WA TRBER S & x ' 1 K
means IR REE . HhC = {7, o HRE
(=1 K ADREROmENES. S8R v
HFRA6OFEHMERERAEE s, () P F I 3
I G 8 P B R 2 bR A ) o X
THE . HEM 1BV i es (), g
Lx'.\C"H=Lx '.C" . TR GANEEW
BT MR ) o xR S OO ) L AR YV p €

1 = P S, Pavan
= o 2 TR E R %R
rlyec,

PRZE Vg€ (1, K} A g7 p 2558 C, i35 £043 SR
B e, A el A1 T RS 2 U A 22 5l
A= D @(fie)— D) a(fi.c)

{19"'9K}9ct/)

v €C, v €C,
=Ic}ld,
—N
=—1C| (ple) —ple,) —| D) fi—1Chle) | @

v €C)

=lc,ld,

——

Vele)+| D) fi—1C el | @Vgle,)
v €C),

=—|C, | (p(c}) —gle) — (e, — )X Vele,))

=—|C,|@(c, . c,)<0 (18)
A= (18) 1] 15, C‘p:ar[gm}n(z @(f.c)),

o €C "’;eclzﬁ
Pl L(x'.CH<L(x'.C" H=Q" (x)<<Q'(x' 1.
UEEE.

IR L SHEEENPRIEERE MR X, h
HARELE R B bR OCH) A AL 42 7o (&)
A T A Bz 79 e A R & 1) i x? 2 &
H AR Ak 1) #5EC5) A oy 355 A 28 FC B 10 1.

IEB. T K-means #512% pR 500 U & A 5
(L DR AR AL B A v (X)) — E A BRF AL

A6 I %A AL B A2 1 28 1E SR R 48 1) 12 05 A2
x?=argmin ( E @(fisc)). ») (19)

Yaf €5, (x?)

e — f A I35 2447 77 76 0fE— 35 40 o, 4 S
KSR 2 € s, (xHBERE vy &5 (xV), 15
Q' (yF x¥)<Q' (x¥.xT) I & v ik F T AR T
AT AT e W e 0 SR B (7 K-means 455 o HCp
b BT v s (x) L 3eE (2.3,4) .85 (yY L xY s
X' O>0.M7E TR B R Q@ (x).Q ()l Q' (x)
v B b AP AE — A HOBR RO Q (Y x>
Q (e ox¥ ). AR L6, (f o xP ) R X B4R R
A B (Y xY) €T (x) . (¥ o x¥) <x’. KA
5T xt—5E S 2 AR DAL 1 C5) 1y Jo 31 R4
it IE HE.

6 BHEREEZX

BT B AR MU AR A SR ) —Fh Ik
ZAReR BIA T R I8 1k B R 28 5k (Attributed
Graph Clustering based on Autonomy Oriented
Computing. AGC-AOC). 1 55 . F AR J& e [&] e A
B R A 2 R BB IR R 58 MAS = (4, V. P). Hoop,
t=0,1,2, - R B EUR ] ARG,V = {0,
0 )RR n D RERERIER  P={C . G R
K ADRBEERERAENES. EXZERIKRS D,
BT R BB o B9 ST R AR AT i — A U oT 4H
(fioNisapasO IR Ho L f 32078 3 R BB v i d
HEJ& M 1] LN RS T R RE IR o B RS 3R
IR R BB o A ¢ SR SR EAR A st RN T R
REIR o 78 ¢ IR rI AT SR A5 s R R Y
BAKBEERIL C, WG IE R AT i — 1 =JcdH
() valy » B FIR L ), RN KFEH REAA C, 75 ¢ JH
WIR BT 1] i o, R B FE A BEAR C, 78 ¢ 2k
T AR SR 2L B, N SRR BB AR €, 1E ¢ JR I
FR 2R T N R S Bm i . 22 8 BE A 2R 48 10 A I 1 )
W e A AT SR RE AR o AL AT 7 ) AP T
RE AR A AR AIE 15 5, 5 B S A 8 B A 3L = i 11 T 14 1Y
2R W AME B ELAT A b U7 R) A BT AR BB AR A
(IREPSH

AGC-AOC J5 iy BAR Se B an 5k 2 Fros. )
FHBE 1R Jm PR I Ry w7 AR B (R 2 55 1
A1) (Rt ] 52 2% B R OCdkm) 5 7590 4R A 28 75 AR 25 1)
SRR B 2 55 2~8 A7) L FRATTHE B A S 1
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OCn+ | L | )5 A7 17 5 A b 25 1 1o 8 (B0 2
5 9~27 A I AP B B 7R 55 — B B B 9 R
AR E AT IRIE RS (G 2 58 12~16 17) . A5
AT R e A B S R R A O
KRR R 255 17 A7) T 2 2, A 5l
W% 8 i A 4B 15 R i 28 R bR 28 02 A i e =X (1D
W LR R E At X (12) ~ (1D Fif s i 29 5
FRAN 5 7 RN 28 9 1 S8 T AR A O BT ot g U 2 AR
JE R TR T N S T AT R N AR A 1 B[R] R A
JEoh OCdm) . 555 Z W Be o B A 8 kT N &85 A
MIGETHRRE BB B S W SE TR E (B 2 45 19~22
B R E 2R E N O(dn+m). HT n<lm, LA
T AR I A S A RN OCdm+dn+m) =
OCdm). bR AR o, 2 B 15 a0 28 A 2%
HOAR KA A RIS A AR 2 ) B xR BT, |
#eie 1 AT A x? S22 HARPL A 18] 8 (5) 1 Jay &R e 3R 46
AR HETT R AN SR 2 R AR 2R B TR Bk 2
) A 18] & 24 o OCdkm+n+ |L| 4 Tdm) =
OCd Ce+Tym) , Horpr T IR TF1 s AR 2 1 1%
PR A AT UL s AR SC 1 J A 1] SR 2J8 0 3 Ik ] 42 4 B
ST RS L.

Bit 2, mUHEREEREREAGCAOO).

A RYESE M F SR M AL JSHERCE KO 3k) L ik

S e, FHJE REL o0 I KB T

Bt - AR 1 X
1. L<LIA(F.,A,K,e.T.o);p<1;1<0;
2. FOR v, €L DO
3 2 p; C,<C, U{v}5(c)say B0 < fiskis0);
4 P<PUC,;p<p+1;
5. END FOR
6. FOR v;€V—L DO
7 (fi s N2t s < fi s N0, D)5
8. END FOR
9. WHILE <<T DO
10. FOR v, €V DO

11. si—J;

12. FOR p€ ({2 |v, EN;} U {2 }) DO

13. IF p#0 AND VYg* (p.at,x",)=<<0 DO
14. si<=siU{p};

15. END IF

16. END FOR

17. ai=p<—argmin(@(f;,c,));C,<C,U{v};

gest

18.  END FOR
19. FOR C, €P DO

20. (&) vy o) <~
(Sr/161 Skg S 16N )
0, €Cp u €Cy 5 €Cp
21. C,~
22.  END FOR
23, t<tt+1;
24. IF x'==x'""' DO
25. BREAK;
26. END IF

27. END WHILE

7 % W

AR W 30 3 2 S 5 ok M A& S R AR Y A
S AR A R PR RE AR B BT R SRR R A —
BEA Linux #4E RGEM IS5 4% EAT I E -
FHi 2. 6GHz 19 4 #% E5-2650v2 4 ¥ 28,128 GB N
7,600 GB [y SAS # £ FI 240 GB fy [H 25 £, T
T s FRATTHE AR U o) 3R 52 9 T WS 4 T SR S
BEXT b DI REASE e 23 Hr LA S 3R 26 o e ] ALk
7.1 EWIEE

S I T Y A B £ R 5T 2 $H A ) 45 20 B 1
£ (Stanford Network Analysis Platform, SNAP),
AR ETH TR ST A Amazon MIZANHZ TG
(Facebook ., Twitter fill Google—+). FATM SR T 5 5
BUbT 3 I LS R SR B LR 1.

x1 XBHEEFRITER

o e R TUNOKEE KRS
Bk wede W we TR mEx/v
PolBK 105 441 3 3 100
FaceBK 4039 84243 89 193 100
Twitter 76245 1242397 33208 3170 29
Gplus 120100 12113501 610 438 23

PolBK i35 i /8 HL T 55 5 Amazon |
B Y A B S B AR RN AR A5 2 K K TR
NI SK. A AR N S Wb T RS B
8y a7, FaceBK R E T 74t %2 % & Facebook I
Wi £ 3 A o A ) . HC e g — S SRR AR S
RN A G A 6 & L% R e B i B T
% 26 AN R A NBTRHE B 0 K EE AL Ik | 8]
FIEA S % %. Twitter A 4#£58°F &5 Twitter I
7 1000 4~ B ego P2 o 4 F P 1Y & P15 B
Kz W P 2 A Y B 4 B L Gplus IR
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Bk SCDY 5 (3) BT #4140 1 Ak i 4 A1 & IR
GLEAM™) 5 (4) JEF 454 / Ja A AL 17 i i el 5%
JeH 1k SA-Cluster'" ; (5) F T 1 2 [ 455 7 1) Jg 7k
IR A5k CESNAYY 5 (6) e 45 [ 2K 1 & 1
B KR EDCARYY 5 (7) 3 F W 45 ik A B33
Node2Vec ' 5 (8) 3t F 14 B b 2 I 45 114 i 1] 3R
FH % AGC-GCONP 5 (9) Fe T IR B 1 8 S MLl i)
JEPEE RS DAEGC™ ., Ry T/A T Hesk » A1 ir
A S5 1R AR 5 Ak 1) AR B A S 8. X T
W it A7 1 Node2Vec ™, AT & 5 F 45 218
P [o] X0 55 AR [0 S ) R A FR AR B T R Y
271k DBSCAN X Il 25 J 19 5 i A il o 3k
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A S FHPEA F1 434k (AvgF D MY Fds 1k 545 &
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P &1 3R 26 25 3R (0 1F B 1 (AvgF1 Al NMIT 2 %
18 J32 B A1 S A 44 R R AL BE 1) B 46 A, AT A I
EFE AN O B 1, AR B 3R7s SR WO ).

7.2 WSt
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B 5L FL S AR E H AR, OB 15 10~15 171
AT FE R T | B | <<n 058 A5 AR D 450015 6 24
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P 2% oFi % . Havrda-Charvat A= 0 | £ 850 e B2 R0 67

BB H e fhFOR AR .y
Fon B R AR IS 2 A 5 A8 AH L Y TE M 48 bR & 2
R BB 1A YA S L TG e R AT RO X 1
TGS HUE . AGC-AOC & B K FE L5 AE IR P
Wrigbr b B AR IS B Ll 3 10 $8 3% 4R,
K-means i %k o8 20 f1 Havrda-Charvat A= B B IR
SRR X RS A 5 I 7E BB B B2 R A0 K % R A
PN HE AR B AGC-AOC T35 20 40 A RE I 8L
T RS E WA X FEAS TR A RO 2R F AR % R
25 Hk 20 B E I BRIk ARIKEL 50 B 25 R B R
T2 8l o AH AR T 3R A e R AS 5 1 SR FH K B 3 - 7
KL 8 & B AGC-AOC 43 Jil A8 T 37 #1139 Ik
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XL . AGC-AOC R F RK G 87 7 il KL
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FE I M fiff FL 4% Be /N B K-means 51 2% oA 500 971 5 %5
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understanding, analyzing as well as visualizing large-scale
social networks. In order to better reconcile the data with
two different modalities, i. e. » node attributes and network
topology, Yang et al. proposed CESNA—A generative
probabilistic approach modeling the interaction between
network topology and node attributes. Although CESNA
performs well in many real-world attributed graphs, the
choice of the priori distributions in the statistical models

requires a non-trivial expertise. To understand the formation

mechanism of real clusters with great individual diversity. In
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2018, we presented a Graph cLustering framework based on
potEntial gAme optimization (GLEAM). Tt first utilizes the
cosine similarity to weight each edge in the original network.
Then, an initial partition, including a number of clusters
dominated by those potential leader nodes. is created by a
fast heuristic process. Third, a potential game-based weighted
Modularity optimization is used to improve the initial partition.

However, GLEAM still has the following problems.
(1) Tt only considers the network topological structure but

’ attributive information.

ignores the heterogeneous-nodes
(2) Due to the introduction of new data (e. g., objects’
attributes) . how to adaptively determine the leader nodes
in attributed graphs has not been addressed extensively.
(3) Multiple proximity measures corresponding to different
criteria may be required to detect certain types of cluster,
how to find the trade-off solution among multiple clustering
criteria is still missing. To solve the above issues, we
proposed a dynamic cluster formation game based attributed
graph clustering approach. First, we defined a new centrality
index to measure the node influence and designed a heuristic

method to initialize the cluster centroids of attribute graphs.

Second, based on the dynamic game theory, a greedy local
search strategy was proposed to update the cluster labels of
nodes, and we strictly proved that such local search strategy
can make the cluster structure converge to the local Pareto
optimality. Third, an autonomy-oriented computing based
attributed graph clustering algorithm was proposed, which
does not need to specify the cluster number and its running
time scales linearly with the total number of edges. Extensive
experiments showed that the proposed approach can accurate-
ly detect the hidden cluster structure in real-world attributed
graphs. Compared with the state-of-the-art graph clustering
approaches, our approach has better effectiveness and
efficiency.
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