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Abstract:  Social relationship mining is a hot topic in the area of massive graph analysis. Graph clustering algorithms such as SCAN
(structural clustering algorithm for networks) can quickly discover the communities from the massive graph data. However, relationships
in these communities fail to reflect the ‘real’ social information such as family, colleagues and classmates. In reality, social data is very
complex, and there are many types of interaction among each individual, such as calling, meeting, chatting in WeChat, and sending emails.
However, traditional SCAN algorithm can only handle single dimensional graph data. Based on the study of multidimensional social
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graph data and traditional clustering algorithms, this paper first proposes an efficient subspace clustering algorithm named SCA by mining
multi-dimensional clusters in subspaces as a mean to explore real social relationships. SCA follows the bottom-up principle and can
discover the set of clusters from the social graph data in all dimensions. To improve the efficiency of SCA, the paper also develops a
pruning algorithm called SCA+ based on the monotonicity of subspace clustering. Extensive experiments on several real-world
multi-dimensional graph data demonstrate the efficiency and effectiveness of the proposed algorithms.

Key words: graph clustering; multi-dimensional graph data; social relationship; subspace
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6 CanDy.1:=CanDy, v Coresm; /ICanSy.1 1 CanDy,;

7. return (CanSy.,CanDy4,);

S5 4 G BIBSTVE SCA+ £ — 45 122 [ BRI THET 5 SCA WA RO, 2N 1 fjAr— 47
[B] R AZ 045 10T Dy P (5 8 A7), A 4R BE (k= 2) 1 12 (8] 3R K | SCA+ AN X BT A 128 1) JEAT B2, i 2 23 ol &
A 38 2% 1) LA B A A% 0 19 s BEAT BYRLARAL (B 14 47). 53 A0 AR 00 RO B 4R AN 2 T AT 1)1 47 38 g

SR HH &40 i G A0 R T T ) S B B 17 4T 5 18 4T). 5 AR BT R (K 2% Core®™ | {3 403 2 ik
ITE R 19 17~ 22 47), ) HARME L CoreS™ T~ Dyoy 1, TARFREAR (S 20 17).

B3 4 SCAH(G,ep) BTKEHE.

WA 2 EE G5 ey

TR EE S C

1. ¥tk sE4 CDy;

2. foriformiltoddo //%f & —4E%s A B2k

3. Core® =&
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for each ve V(S') do
compute N (v)
if INS(v)[=u then Core® =Core® U{v};
if Core® %@ then
Dy:=Dyu Core® ;MM 25 ) () R0 15 AR 45 77 1T Dy
Cs' = GenerateCIuster(CoreSi ,Si);
10. C:=Cu Csi ;
11. k=1
12. while D=0 do
13. WAL Dier,CanS;,CanDy.y;
14.  (CanSy.1,CanDy.;)=GenerateCandidate(Dy,Sy); /3R % L 4 5 UL Sz 4E B b IR A% 0o 19 05

can

© © N o g &

15.  for each CanCore**"eCanDy,, do

16. Core’™ = ;

17. for each veCanCore®™" do  //4] i 17 mU7E A5k 4 [ % ) bR A5 20 B IE (R AZ 0719
18. if NS (v)[=x then Core®™ :=Core®™ U{v};

19. if Core>™ =@ then

20. Dys1:=Dys1U Core®™

21. Cyan = GenerateCluster(Core>™ ,5%");

22. C:=Cv Cscan;

23.  k=k+1

BY R S0k SCA+RIFE 75 HEAE — 4 RS HT AT a0 077 AU AT &5 R A AUt v 550, BT DA SRV 1 I ) 52 2% JEE R A
O(M™®).AH SCA+IRA> T 25 1) 15 A% U 1 A BT H A0, A — S84 SR 58 1) 22 4 2 Jl o ] DAGRR A 200 5001 1% 1)
RATVHHE AN 3 FroR, BN FE T BOIAE T A A oK R IR S BT DT AR (A + LT . AR 00 . AR+ LT+
WS AT S AR SRR 3 A TA510), 982> T 57%I0 725 ) B 2o 520 i SR AE o 201K 3 v LT 725 1) o
AR AR, W BT A et 2 B2 (k= 2) K 122 ) HEAN A7 AE K.

5 KN

AT E SE A 4B S0 B FH B 4R AR S T U B SR G ST R RN R s B S 4 R T IS AT 85 R4 4 A
BT H BT R SR WA RE IS AT 7R UL 22 4 25 0 B 40d B 2R 2R B0k R b FE A s e h £ 22828 SCA
SCA+EZ K &, F I PEREXS LE.

51 REHEENA

ARSEIAG AT 3 AN TL S IR B AR, 43 Sl SR U5 T 00 HAE K 2 14 B 5 B 45 (http://snap.stanford..edu/data/) F1 &}
A A I P 4% W 5 B8 4 (http://konect.uni-koblenz.de/).3 /™03 #1612 22 Bl & 4 10 6 1 300, BRI A 22 4 1 Pl s
B AR A S B LR 1

Table 1 Experimental datasets

ego-Facebook 4039 88 234
Flickr 105 938 2316 948

Skitter 1696415 11095 298
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52 LWFEENA

KA TR F M CH+IE 5 eI, SEE 1454 Intel(R) Xeon(R) CPU E5-2630 v3@2.40GHz, %Rk 4% 28 B AT
X CPU,BEAS CPU ) Utk I HECHE R AR, RGN AIEh 32GB, RA R A M H:AE R 40 Linux(Ubuntuls).
53 KWHERSHH

S LA PRER A 2 1R (SR (1)), 6, 0 2 7E 3 AN AR ) ie 4T SCA & SCA+ LI P Fh kI 4T I
8], 2 SR 4 B 26 2 8B4 (SE 50 (2)~ T2 5(7)), 38 ik 43 73 2028 &, WAL 7E 3 DN 4R L2417 SCA 5 SCA+ il it
BAT IR LG, 20 A SHVEAE S 80 T 1A e 1k, 45 R an 18l 5 .

1000000+

&3 SCA
100000+ B3 SCA+

— 10000+
£
T 1000+
E
- 100

10+

ego-Facebook Flickr Skitter

Datasets

Fig.4 Comparison of operation efficiency between SCA and SCA+ in different datasets
4 RFAHAEES SCA 5 SCA+HILMEN] L

e=0.4 e=04

E@ SCA i & SCA

B3 scA
B3 S0 E@ 5CA-

&3 5CA+

Flickr Skitter

(b) (©

p=a n=d

B SCA
B3 5CA+

E3 sSCA

B3 scA
B8 SCh+

B3 SCA+

Flicks Shitter

ego-Facebook

(d) (e) )
Fig.5 Operational efficiency between SCA and SCA+ when &=0.4, 4=3, 4,5 & &=0.3, 0.4, 0.5, u=4
K5 &=0.4,4=3,4,5 5£=0.3,0.4,0.5 =4 I, SCA 5 SCA+ LR ZH
(1) A e=0.4,1=4,4F 3 DNEHEE LA RIEIT SCA L5 SCA+ELI, 0 M o LA (938 17 I 1) A &5 ok
% ego-Facebook il 4 (8 J7 4c11)i8 47 I 6] &y SCA(1243ms), SCA+(823ms), HL 3R 15 % 4 FF R 2K 417 A,
Flickr(230 Jj 4k34)ia47 I 18] 4 SCA(120575ms),SCA+(96295ms), 3k 152825 5 109 /;1fij Skitter(1100 J7



FRE FERBAEMBEENAR KX RILERILE 849

410)IB84T I A SCA(586605ms),SCA+(540183ms), JE3K 75 B¢ 190 080 AN LRI 4 FTLAH -
SCA 5 SCA+E ST A 4L LIz AT R X L, SCA+AH YT SCA 17734 20%IK 8% 48 Tt
(2) 5 e=0.4,1=3,4,5,7E £ P4 ego-Facebook iz1T SCA 5 SCA+ELIE 45 K&l 5(a) F7n:SCA 43 il h
1326ms,1243ms,1216ms;SCA+4) 5l & 917ms,823ms,807ms;
(3) /N He=0.4,1=3,4,5 A H 4 Flickr 1247 SCA 5 SCA+H%, 45 A1 5(b)FTz~:SCA 435l N
128459ms,120575ms,122893ms;SCA+43 7] 4 100342ms,96295ms,96174ms;
(4) 5 ELe=0.4,u=3,4,57E H ¥ & Skitter 1247 SCA 1 SCA+HL, 45 BAnE 5(c) i x:SCA 435l N
585608ms,586605ms,598531ms;SCA+43- %l & 545608ms,540183ms,558531ms
(5) 43 iHLe=0.3,0.4,0.5, =4 75 # 4 ego-Facebook 1217 SCA 5 SCA+H %, 45 R 4n & 5(d)fr7=:SCA 4
7k 1325ms,1243ms,1176ms;SCA+43 5 4 958ms,823ms,798ms;
(6) 4riHL&=0.3,0.4,0.5,1=4 fEHHu 4 Flickr 21T SCA 5 SCA+H L 4R Wil 5(e)FT7R:SCA 45K
128432ms,120575ms,117864ms;SCA+73 5| 24 97986ms,96295ms,95813ms;
(7) % 5HLe=0.3,0.4,0.5, =4 {E ¥4l 4E Skitter 3217 SCA Y SCA+5%: 45 A& 5(F)Fi7~:SCA 454
554973ms,586605ms,591069ms; SCA+4} | & 541756ms,540183ms,538389ms.
MSEEG (2)~ 5256 (7) T LA H A4S 3SR I, SCA 5 SCA+FLIL s i k.
M 4 g5 587 LUG i 7E ego-Facebook |+, SCA+EREA 615 5 0 B B X 2 K12 SCA+AHLL SCA 2Dl [ T
24 32%11) 7 [, 7E Skitter ', SCAHXEETH T 8.6% 172804, 1% 52 [K] Sy Wy P 5032 3k 77 (1) -7 22 ) HORH [R) (A7 7% ]
A TR A GG 25 TR AR BT ). SCA+ I Pk REAR 3K B T80 T 4%.00 719 s o 840 1M Flickr | SCA+
17 1 BB S 20 SR B T 2 0] 5 M B A% O T UK BT A
M 5(a). Bl 5(d) T LR HAE AR R elE 8 . U pff 5 IR Fe B E - U el L, SCA+S SCA AL,
SRR T AT 30%. 3K & BRI 2k 70 500 AR ) 15 00, i 26 23 W) DG V28 i R A DX R IS A 1k 7 2% 1] PR BT A R A
MEZEHLK, FAE A2 T 8.
T 5(h). Bl 5(e) 4 BT /3 A TT UG Y, BRI AT IR FRAR B A & IR Tl e o R SR 2R 5 R i B
TS I BB AT IN 8], S 2 4 A T ).
MK 5(c). Bl 5(f)TLUE HUTEIR Rl . SUB pf B DL R B R FFEE 8 SCA+E) SCA AL, 48Tt
AT 109%.3% 485 5 52560 (1) 1 45 TR A R BHR 4R b Bk &4 28 MV ERAS A A2 JC TSI B0, 9T LA
B R AL 2 ) 6 BY b S A R AR T A T A A I A% 0 S BT A L

6 LB

N T B UEAS SCHR S AT R S A BT R A BE B AN 2 4 1A [A) SRS P IR OSSR AR A
BEABAF 128 B A A AR 70 I SR A2 4T SCA+ IR IR R AT A ST 1A (45 1 3725) LA S 3 FEAS 15 1
PITAE ) 8522 TR SRR A A2 1

S Bt A O 28 1A 7 i M AR A B A A A B, B D SO 3 KV I 120G, i 9 A H SR A AT
B (AN A A B ), S 3 ANYERE AL A OC R L (B Bl LT ) L DL (A T IR Sk B X)) B (B8
Bl HLTE 5 A UG T ) AR AR 2O 175 00, AT SCAR S Sl AR s 3 /N4 B R 3k 7 A3 () IR 2R (B 5 4 3725), 5] 6~ &)
8 [, P 6~ 8 v BR 244 SR v AN [ 4 JBE 1K) 2R 2 AN [ U 1) s 27 10, ) 6 0 SRR IR 45 R PR AL 1R 4
DAL 2 b (W71 50 3934). 2 (8 (115 AN DUAE 2 SR IR A 2 b (W11 5l 3917 4741 7()). 41
W AR T 4, 4. =4EISRIS(I ki 3725, 70 474 T4 6(a). &1 7(a). K 8 ).

S o3 M &5 RAE W] T L BT AT PR IE AR IR AR — e SRR G b AP IR 2 AR (1 ni 3725) AL H.
EPIRAY FI N PNSIEI S ANE /S ARSI ERESURRE Sl it 2 SN PNSE (SO E 5 N ER R e i VN
B T A+ SRR A WS 32 5K AR 2 UG TR MU HEAT R 4SRRI P R AR B R N
OEESSS S A ETEPoE
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Fig.6 Clusters in 1st-demention
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Fig.7 Clusters in 2nd-demention
K7 ek

Fig.8 Clusters in 3rd-demention

8 = YERSRCHE UL+ I+ 1)

N T B M AR WIS A IR A P, AR SR U LAY AR R R (1 R 2578,2970,3710) FEAS #E4T
I BB R A = YR SRR AR, W 9(a)~ & 9(c) BT,

FETE 9(a)H FIRE AT ki 2578 ey i 2 7 il A8 — 4l BRSO 85 G AR IR s KR A b 1 [ 2 W] LA 1) oK
BT T R HL A =4S AR H T 2566 k) 2578 U RESRE (SR KK BE) WA 5 HA Y RUAFAE I 2.

9(b) FEBL AL FEAAY 50 2970 [ —4EIRK,2970 24— MBI A 7] AR A AR, = 4E RS rh S 4 445 i
Aoy v A g SRR P A SRR RNAE R0 2970 O 5 545, 53 Ah, SCREAE AR A 28 5K, JE A T L > 2.

9(c)HH AUFEAS 1Y 11 3710 D o oIk 55 B3, R LAAE B R A S Wl AT 2 AL I N B 2 A B %
NI 5L 34T0 Sy SUEC A, A2 SRR U 3710 A AZ L AH R SRR R I JE JLACRE, I PR 5236 i P 1) ol £
G 3710 15 H A REAE A My LTI Y I56 28 (S BEAE A1 ). 4 3710 91E52,9 /N I A AR FH AL BEE A 1y WL T (5 56 o 4 v
(K9 L THT BB 3R e ZEAE A Hb).
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S 7 Bt 45 SR AT DAUE W] 5% SCA AR B SEAR A8 I AR 42 4 v 1 IE A 1k 55 mT AT 4
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Fig.9 Clusters of nodes 2578, 2970, 3710 in 3rd-demention

9 4 2578,2970,3710 [ =4 %%
7 RERKRFKBIIE

AT S TR IR AL G 5 40 B R FETE RIS AT AT R R BB R 3R T AR AR AT R R B B2 4 S
PN AE UL IERE b v R T T S5 RIS 1 A M R A SCASIL e R ) by R4E R m i &R
WA A S TR SRR B T T T 28 T SR SIS I B A U 9 0 DAIE W, £ MR SRtk b 3 ek 328 7 22 ) B R 5 (o 3
K0T S BTk 6T SCA BEATHERELAL $E 7 B ib ik SCA+, SZI6 NS 1E W T S92 160 TE 1 Pk A g 47 LUK
SCA+7EMEfE LAY SCA MR TH 5 B

2 PR T S50 B (R AN 58 4 1 8 43 ID6 R S 0 U AR A RS TP A I ke, AT A B K B TR A T B
Pt SR HEAT IR . T 5 % 2 P22 A 0 A A8 B v B B9 506 R 5 N B £ I B0He 45 B SR AT
ek, eI AN ILTT N (] (R RRA) b i (5 b AR IX) A5 0 I IR 3%, ] LUK A28 56 SRk — 20 (1) W . o %,
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