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Abstract  As the size of networks grows larger, traditional community discovery algorithms cannot
effectively and efficiently process the large-scale network data. Based on the Spark distributed
graph computing model, this study proposes a parallel algorithm for discovering communities in
large-scale complex networks, called DBCS (Discovering Big Community on Spark). The
proposed approach employs the basic idea of clustering method beyond modularity, which first

calculates the increment of the modularity between the node pairs, and then iteratively finds the

Wk H B :2015-05-24 s 7E 2R H W H 91 : 2015-11-06. A PR 15 2 16 5 B R BF 5 5 42 (61100045, 61165013) | i 55 2 KL - = Bk s % TR
3£:4:(20110184120008) L2 H # A SCH SR HF 58 MK 3 4 (15YTAZHO58) L # E 38 A SCH & Bl 2 05 55 7 4 3 42 (14YJCZHO046) , 1y )1
BEE TR E (14ZB0458) FIRL T+ 51 5 80 BE £ B AL H1L) V4 /o A% T 4 52 30 %8 F OB (GXSCITP201407) BE ). 57 2%, 55,1981
AL HE L R E T AL S (CCP) @ 4 5y, EE W50 1 O KB AL 38 45 88 2 % G2 450405 J%E . E-mail: sjqiao@ cuit. edu. cn.
%1991 AFAE W, FENI R R MG KRB B RGEAE R L, 1984 F A T YR S BEHETE O 1 B A W
#. E-mail; hannan@cuit. edu. cn. /N6, J3, 1968 4F A4 1, o2, BRSO N E M 4. TTER, I, 1964 4F 4+ oz, £ 3
WIS o B R 12 9. EEE AN ), 1946 4 B+, o, 1+ 2k S0, 35 BE0F 5 43008 M9 2



688

it am Al i

AL
-

maximum modularity increment among all the node pairs. Lastly, it merges the node pairs, and
updates the modularity increment of the remaining nodes, in order to identify the communities in
large-scale complex networks. Extensive experiments are conducted on several real and synthetic
network datasets and the results demonstrate that DBCS can effectively deal with the problem of
partitioning the large-scale networks that does not make sense for traditional algorithms. In
particular, it only takes about four minutes to handle more than one million nodes for community
discovery. In addition, the time cost is reduced to 1/20 of the parallel algorithm based on

Hadoop. The accuracy is improved by 7. 4% when compared to traditional community discovery
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algorithms.
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T<EXV;

FOR (each triplet ¢ in T)
IF (getArtr(1) ==MQ)
MC <—insert(t) ;

END IF
END FOR
FOR C(each triplet ¢ in MC)
10. (i,7) < getAttr(1) ;

11. IF (i or jEC) THEN

© (e ~3 (=2} (@21 =

= w =

© (e ~J (=2} wl

12. k< CHFRIALIX ¢ ALK 1 g s

13. Cr<insert(i,j);
14. ELSE

15. n<ntl;

16. C,<insert(i,j);
17. END IF

18. END FOR

RV S (ORI

(D WK G Rl e B9 AQ {H M4 & B 2
M T R MQUES 1 47) , Ff H dig KA Bl i 4t
MQ " HE BV ITA 1 S G 2175

() KIGHESR EMBGLES VNE RRR
T, HEW N t=(s,scodode s AQ) o s NIRRT EF 5,
d 3 AT S se Tl de A3 B TR SR H B
FFE X5 (5 347D 5

G ELRES TH AQFTMQMILRTES
MC (5 4~847);

(D) ¥ T LA I nFE X AT R 3, 1 e 3R 30 ¢
T SR se AE B SR de s 3X P E 23 )
REEYFHESIFRFE X G 10159 Rk 8y 24
J& T C R REAS AL D, TR IO A B A DXORE @ AT
IR G 11~13 47) B W5 208 7 F B A
Ty — A B XS R a1 15~16 17)
B2 AR IX C.

3.3.3 XA ETH

MR G I 5 SR A S R RO AR
W 1,78 Map i 25 I RAE XM g 5 ¢ TR A
XS B 7 4 X7 5. 78 Reduce K Bir A7 — i H.
A AR TR) A DX 5100 53— i A DX 5 A [ 9 30 1)
AQ AR, 98 J5 4 5 25 JF WAL X 5 1) i a (%)
V7R IR JSE 5T A XA 1o L

BiE3. X EIFHER.

WA ZAEIFMAEXES Conlt a

Wl EHERN G ERE I E a

1. T<VXE;

2. FOR C(each triplet ¢ in E)

3. IF (getArtr(t) € C) THEN

4 XY <2 4% t.sc Flt.de F B 5 AL X 5 5 BB

HIX AT G IR X PSR 5

S. FOR (each node 7 in X and each node j in Y)
6. IF G A j A 1A% THEN

7. AQxy<AQxy +AQ;; ;

8. ELSE

9. AQxy<AQxy —2Xa, X a, s

10. END IF

11. END FOR
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13- ENDFOR C {5 S L 5 ST A A RIS FIAFA COf 3~
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o RGP 10~12 7).
17.  ENDIF XA A& Ej’(gﬁ\n (rp)
18. END FOR 3.3.5 AL

XA S EF WAL 3 Fin . REL TN .

(D ERRGTAESV 5LES E WH KRR
BMTEE 1A 885 . & 1= (soseodode, AQ) H
sc Al de X R BT AL X5 5 DA RGP A A X
AT IR TS EE X YOG 4171

) MIFEXDOXT X X 5 Y pikIX
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AR SR A B Ak X 1) A e (55 14~18 47) 5 fe & fi
R R G fE i a.
3.3.4  FhIX Kk BLAh A R

A X R A R 2 T R B 4 P i T AR B
P (R AQ HE B W BUHR) W B - AR B W IR Y AR
B LR e AT 8 i AL DO 5 i B Y A i
GER R V= (old,cld) . H ,old FRT S H5, cld
FORMXP S RIENTT LU E TR E X, Bk 4
o AL DR 4 5 SR AR A AR L AN SR 4 TR,

Bk 4 X R GA AL

A R G

Wil bR AEA C

1. FORC(each v=(vld,cld) in &)

2 IF(clde C) THEN
3. g<getNode(C,cld) ;
4

c<insert(g,vld);

o. C<insert(cld,c);

6. ELSE

7. C=<add(cld,vid);

8. END IF

9. END FOR

10. FOR(each community ¢ in C)
11, HiH e

12. END FOR
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BT EAAGHR, B ER T RS AT o WAL
AL e CNM B g 40 2k A G IR 4L X 1) 7
B R sl /N T B AR



3 3 Tr DA GE . KMUBEIT IR M 2541 X IR A7 R 58 vk 695

it 1. DBCS ByEM IR W B R R G
P AL B IR 52 2% BE O OCCdm ) n) AR B
Y4356 2 AE I o AL D, WS K () 52 2% B
O(4m~+n—zx) Xn/x).
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A B I A X Ak PR RS & 2% I 451711 5 5 fig
REEAPN R ET
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AR A X Z 8] 30 1 B0 78 Spark 48 53X A4~
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P e 3 T 52 2% 0 468 0 — W g 199 2%, R 0 L I
A R A, 25 48 J50dk oK R e A 8 s 25 8 A5l
PR WAFIT B K. 1 Spark &8 . ¥4 Sl 52 fr
TE N A7 BB 2 T0 T A7 it 3% FF DR B304k &5 48 iy A 3
N T A R A TR AR E
AT J e RO/ 1 A7 T 8.
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4.1 HiELEHE

T AR AR ST B OR RS A A% W 2% A X AT Kk
IS A SO A B R RE L SR 3 R B 4R
(1) N TRE DL B9 R 52 2% 0 2% B 4k 4 i T LER
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3AFLIHURAEY s (3) B F/NBLARE B9 4 23 X 45 4K
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A L 4 o [) It 23 A B 22 00 I A X A5 44 B
I FLA 50 v ) S BN 6 AT AP ke A 36 A X PR ] 5
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WREH Con s S RAE XA AL Cr s BT LAY
MO, TZ AT NE A XA O, LR G
SR s B IBE T 0~ 1, 1208 K 3R 19 26 4
DX 25 R AN B SR A SR S AR R 1 RO H 23
1 J7 .10 73,50 J3 A1 100 J7 [ RHEAR R 2% &, X
B A g I T AN DX I 5 Y R R H AR 1000~
10000 Z[a]. % 2 %5t 52 56 o B F 2040 46 19 3 40

g8
F 2 LWHEEMIE
Ca) {5 25 190 46 B9 4
2R =% A E 7 1 S OE B (2E/V)
Alw 10000 77334 0.3 15. 4468
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B v s e T TIE g
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5, Scala & —F 2 X HFEIEF LI T Java
FIRYTET [ X 52 2 A 1 o 82X G 7R 1Y 2% P RR . Spark
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T B IAT 3 U IR SR T 2 1.
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DBCS Bk s A7 S8 LA 1 (DBCS- ) , 7 Hadoopf-
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4.2 HEREZMERESH
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scale networks, which only takes about four minutes to

process more than one million nodes.



