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Abstract  Along with the emergence of big data, cloud storage and computing technology lately
has been developing rapidly. Graph data is an important and pervasive type of big data, which
find a wide spectrum of applications, including bio-informatics, social networks, chem-informatics,
etc. Massive graph computation, as a typical representative of big data analytics and application,
is becoming an important part of workloads on the cloud. Currently, scalable graph computation
mainly resorts to high performance computing solutions, which requires high performance all-to-
all collective communication over torus or mesh networks. However, implementing these torus or
mesh-based algorithms on commodity clusters and cloud computing infrastructures may result in
high latency, due to inefficient network communication. Thus, this requires those cloud-based
platforms and systems to be of good scale-out capabilities. However, the vertex degree skewness

and lack of locality on massive graphs further challenge the design of a highly scalable system. To

Wk B4 :2015-09-21 s 7E L H AR 3BT < 2016-05-08. A PRSI 2| [ 58 F AR B 27 B 4 (61402494, 61402498) (i m 4 F SR B} 2% ££ 42 (2015]J4009)
EOh. X B, 55,1986 AEAR B PRI, T B TE S AL 2 (CCF) 23 Bt 2 SR 50 T 1)y RN 8 205 4248 8 BE 5 4R 43 B %% . E-mail.
xiangzhao@nudt. edu. cn. 28 {8, 53,1994 44 W WF58 AL EBWFSE 7 o8 KBRS AT, i1, 5. 1984 44 A @B s 61, 2%
WESE 7 0] S O A 5 4007 IRATH S5 B IR . 1968 4R A4 1 4, 08, 1 A T 0 32 B AP o0 4003 1 R R BN A B AR it



224 it "

Hl

AL
-

i 2017 4F

resolve the issues, we exploit a commodity cluster-oriented programming model for scalable graph

computation. Focusing on scale-out capability, we propose a novel separator-combiner BSP-based

graph computation method, which provides native load-balancing and low communication over-

head. Thus, larger graphs can be addressed by adding more computing nodes. Finally, on a

general testing benchmark for big graph data, extensive experiments confirm the effectiveness

and efficiency of the proposed model and method. The results demonstrate that the proposed

revised BSP-based massive graph computation model provides better scale-out capability, in

comparison with the classic vertex-centric BSP-based graph computation model and other major

massive graph commutating systems.
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17 4 NH B R3S e

TR 2 WG R T C i Ja o
B i e 38 5 W ed geCom pute O REL
Xof 32 AT AN TS IR SR L I 0 5 e 7 AR R T R
A T B H Y TS B S 4 A #% (post-combiner)
HIF. Za G I B9 B & I H R TS SO T
— N A

TEME AL 3 HPIEG IR, T0 3 B F1“ D 1) 5 i HE 5
WU HEAT 1 ST, L B — %6 SSSP BiE Y e i Hif
T TR

BRI AT R AT LA 3T SC-BSP
BT F) 3155 T3 1% 000 P T 9 4 L i 2L 5 48 X B T
YEH WHRITH B AT & IR > 7 A& Z 1Al
F18 36805 T 5 ) I R O 20 8 b AN ) H AR AR
T 5L 24 7 b 4 R B 22 AR B AR EE, DTG Ak
TR I M BT F L AT VC-BSP KR
PR WGk R R G G 43 B 4 A8 T B s B E
A7 VR BETC L DR O AE 4 A T B2 5 TR RE T A R
B SOPKEAESS 5 WA S S b i — A ik
kg,

SC-BSP K& 153 458 0 v, 32 % 4 FiT T 20 9
UG B A T R 2 T R E . B
B A S 25 R ULHT 2 B A 5 T RSk THEE
ANBIOS 0 TR 22 H0W T 2R G P RE Ak B S A s 4
UG X T R Z 80 HBOAE W] DU /ME R Ge
F18y 1) 245 368 5 R AL

TEE R, O A A OGR4 A T TS RE Hhoxd
BRI AT AR W 25 AR R (E R SR A e e —
SR [ 880 D0 A 5 A G BT 355 SC b BT R AR R R 7 125 1Y
DUHRTE T R GE b 32 Hh — 5 56 T T B8 B0 K I8 O
FEVESE T vk R IR 2 S 80K 4 Dy T A 18 T TR X A
S 25 A% WAL A 7 RT L A R AT R BT
E Ok i A B

4 %=

BRI Y fe 2 H b R AE 38 T R BBl — A4
S o Ay H R & RUORTP I RRETI RS, £ T

ot R B A, AR SOl 25 1 Bk T SC-BSP gAY 3 B AE
ZRITEAN AP A48 I8 48R 1 152 3 AT DL 2 B AH G 1Y
Beih H AR 5 ©. X B R 23 I T LA IE Y
[1n) A«

(D A7 MR 5. 0 2% 25 W Bl A7 B E 2 A 1
Y 1 2 A sC A7 . P SCRY R0 R E00RE T
3B TARE B o0 A AN A BUARAE TR/ 5 20 8
fr S AR B-RE RG] B AN, 0 SR EB
X — AR b0 B A TSR/ 5 20 5 i 26 4T 3
Iy s SR R P AT DAAE A BB AE 28 N it — 2T &
“DAE Ayt (graph-centric) " &y

(2) J& oy &5 dw. Jo 43 B A I FR AT Y 52 B 07
% O TAEZE#ET RG] AA R & A A A
553 B A s VOB 43 B 48 K AUAH Separator Type &
L C LR T H TAE O 8 w5 BB A 1970 B
WRRMET R A TAEE. BIER . Y R 5 b LA
4 BRGSO Y A T RE A B B 2
M AR b7 3 (D R R 51 RO 2 B Z BRI
AR RS AT S R 2 dE B PR B AT S B R e
KT A 2 5k

(3) B, R o3 (R4 4 55 1% v] REw B ARG %
PRAT 1 v S o 1 1 S5 4 (graph mutation). H
Hil > SEBLRY FR G0 0] LA SCHR AT R A 7 42 181 9 b B B #
YE. BN, Vertex 28 7 §F setVertexValue (), add-
Vertex (), removeVertex (), addEdge () ¥l remov-
eEdge() % R % T 18 20T G0 F0 30 A5 B s T8 B
EdgeHandler 28 424t setEdgeValue ()% R %K.

(4) 7k A fE 4 (persistent storage). H \j,» R 7E
B A Vi R 56 05 (checkpoints) 4b 15 W) R #8545 7K
ORAEAE VA AR S 1 1 4 S 3 A AR
Xl iy B ks =X © @ g ks T i P 4R E L H
AT A R 30 ) 45 SR 3% 3 4 55 L 2 1 [ RS
A i AR 75 08 1 BE B A A R DAl A A TR
F18 B K5, DT 2R 3 15 4% I 2R T PRAN 22 5 A5
BB A N AF b I 0 A 2 i I T N A Y
Kol O 55 R 2wy 1 A A I 25 Al 4 21k AR
Oy WA Ay B A s 4 S B s L
R Rl o s L < =W AT DR B R T = L )
T R 25 R A

(5) FHE S5 . I}y SC-BSP # R & g 7 1E
2 BSP Z b, JIr A4S 4 5 Z HLHI#E 5 VC-BSP
FERIZEAPL, B FE F #5565 45 (checkpoints) B HL . AR P

@ https://site. google. com/xzhaounsw/sc-bsp. pdf
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P EoE a2 C e g dT C N2 Z 5
AT R s B AR TR I BE G 50 kAL A8 ) B s N 2%
FER I BB E BUK A U R G b DLAS 2R WO 52
. HAT A SO 2R 58K ) ISR AS 2R 80
Hadoop 43 i 2% 3 4 & 4t (Hadoop Distributed File
System, HDFS) , B SC {4 N 258 9 52 il 2 2 A 1550
BT IURAEAE S LA 3R 5 2R G0 0 2 (R ] S 1 RN 2
Rk
5 % I§

AT S o ok R AN R A A AL
TER BRI 4 L 7. 156, P 7 R py e gk
5P SC-BSP #2171 5 VC-BSP £ 8 1Y ¥ fiE.
X FLLL SSSP i A i Ay 5] i A7 i 4k . AR —
T &l i (graph traversal) 285 1, SSSP 5 ¥ i1 —
AN SRR A ) 2% 58 A R SR Y BIYH B i 8
WK R G K B WA L B 5 Bl G D B0 3G i
b R, SSSP ARV S T T DN R 46 0 % Bl 2 8 4k
AT 5 AR A . A AT R S
BHARLIZ R AGHSIES THAMR. K5,
WHI AT GraphLab™ R S8 iE47 T 4 ] bb 4% -
T AT SC-BSP # AL R 485 GraphLab & 4t 75 [F]
LA AT PageRank 553k J7 TH /) 2% 5. PageRank
SRR — R iy W R B AR AR 2 K BT Ak B
F G807 T B I8 SCH B 22 YOe iR #1231 L
B 53T,

SEWE T AN E 128 A Y B S 0 B E 0
HDFES £ 5, 5.5 P45 19 P 3 S O S Intel Xeon
E5530 2. 4GHz [y b s kb BE 2% . 24 GB P AE A 4 A
500 GB [ A0 5. 7 BRINS B E P TAREH A
s 512, . B & W BEAL & 5 4T 4 > SSSP
LS.

K BROABC B e M BB 50K 4 Graph
5009 Z MK AR A T —4 Kronecker 4 i #5577~
A R DR 0 A R TR 2. 2 A R AL 10 {24
00 By e R TH At s 2 3 5 4.

Apache Giraph® J& —4 L) Java 185 FF RS20
4L T VC-BSP LAY i1 R K 5 R 0 5 (R AR Al 1
F A Hadoop.Netty fl Giraph VAN &R G i 7E =,
[ RER ] Java 25 #2385 5S¢ 8L T 46T SC-BSP A
MR BT RS TR, LRl sk 1Y 2 & T SC-BSP
I VC-BSP #5575 B A 28 58 #4 ME RE L 1T A BE A
T T SRR 5 B Dy 7 07 8 3R L PR R AT SO . 3

i “SC-BSP” F1“ VC-BSP” 43 51| 45 1% 5£ F 4 1 K &
TH AR S B ) R G
5.1 KT REaE

EERES 3 SalEilr Ei SN EN NP S
JRTE T A OC LI 45 SRR /RAE IR 5 . Biril R AT K
SEYTTERE T R AR A R G N AR B AT 4R
Tt R G kb P R P 45 R 1. B S 45 T 3 Fb
ARVBCE TAE# i & . Bl SC-BSP #l VC-BSP #
T 2 G543 BIAE 32,128 1 512 S TAEH b REMS b 78
I 28 114 e RS LA B ).

3.0
SC-BSP
9.5 =] VC-BsP 4
S 20k
o
ing
15+
®
% 1.07
& 1.0+
_0.53
0.5
0.13 0.13
32 128
TAEESE/ A

K5 KT RAE ) e A

Wk AL, SC-BSP 1 VC-BSP #4143t T 32 4
TAE# BA TAEEIA 4GB WA FIA 32 4~ TAE
HSC-BSP 7] LA #4955 3k 5 045 i &1 5 A L
ZF,VCBSP HEeb B & 22 1 L5301 W 4.
) U 7R W SR 32 X4 GB i XN A7
SC-BSP #fl k. VC-BSP 0] ) A 3 57 A HILBE (1) ) 4%, 31X
Fi b BEARASE 1 1) P 34 IE A2 U8 1 L A ) B 4
HAR.

2 B K RE B T % M A TS R 1004 1
MR, VC-BSP Hy F LT 5 A vt 1) b 75 28
JT A ARAEAE B TAEH B A7 A5 i SC-BSP %
J& 53 B A A R 0 0 25 A% o XRE e K BT A I i
U AR AR FA S 2 2 a0 F A L DR TRk
JERCTO T AE AR Y T2k 35 2 7 3R Y H 1.

SR o 30 B0 A 2 R R R e A AT LA
AbFREE KR R B VC-BSP T 5 K B 550 T0 A5 31
FEBAS TAE 103 2 W AF . AS g AL 31 0 R i 18
U B 0 o A R SR AR B AR R B
Pl 297 VC-BSP 4b P HE RS N 2% 1 g 1. PRI

@ The graph 500 list: http://www. graph500. org/
@  Apache Giraph: http://giraph. apache. org/
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VC-BSP fig i ib 3 fe K BB (1 30 BOR BE Rl & R 48
Hh AR B 0 BG4 b g S . SC-BSP
FERGIN T AE 2 £5it fe o B AT Ak 30 5T KA 1A 5 22 34 o )
512 4~ TAE# i}, SC-BSP R 4b 3 40 & &5 ik 21 12
ESUNIIPNER

5.2 a5z B 8]

YL 75 5% Z 500 O B[] S 6 25 R0 4 e ]
A5 BN R 55 G B 52 B JH A6 19 B[] (wall-clock
time). [&] 6 2 7 A 3R G5 A8 0 L IR b R S5 g 4
F BB DAL & i Bok i . i T VC-BSP A
REAL PR F It 1. 3 AZ 4 I IR ] 6 rp iy 5K
B2t R HE S B 1. 3 42 5 1k W B[R] 1 RE. AE 52
55 AT 59 R 2 P LB BT R R G SRR O T
PR R4 i o Ry I E] L 5 B SC-BSP 7 i [A] 14 RE
FEEIT VC-BSP.

60

SC-BSP
50r|CJ VC-BSP

I 7
Lol [

| /
A9\

0.01 003 0.06 013 026 052 1.07 2.14
BIRLBEC T T3 4634

Bl 6 B i S 5% 45 R
5.3 B
SRIG » LLAEAS TAE & 7= 28 B9 24978 B ROk i
HARGWEEITR. B 7H#R T ARG K
INCA ) W 4% 1 B %) F 45 S

120

SC-BSP
100H [ vC-BSP -

80 5 -

= 60 .
27.1

i s B
. 10.6 - -
. 7.0

£5 0l | MH 2l 138

0.01 0.03 0.06 0.13 0.26 052 1.07 2.14

BEIRUBEC 1 3 234D
B 7RI B S g g R

S50 N W TS T8 7 T 25 B 0T R IR 40
i, L R A A /N Y B O 2 . SC-BSP
BRI 4 3 #5% 7 AE T B B0 5 VC-BSP AL 1)
T4 BB AH 2 5 (2 5 43 85 e W R b s 2 H e 32 K
ToUAS ™ AR 1 T 5 B A Dy I if SC-BSP B H

BG4y B A (0 S R T L) B T A 8 T R
Y AR S O B A A A — A db AR o ik
FTAabH.

TE TR DA A 3 A 1 DO 2 e, 21 o 28 RIASE 3 R, T
Z W S B O 0 RO TS L 8 SC-
BSP A1, 530 B 380 30 AN 2 P A AN TS B
UL, & M VC-BSP #6581 2 [6] 76 38 {5 785 5 1 1) 22
P i 5 ) % A P 8 0 i ) AR KL g AR UL B
£ SC-BSP 7 v, 3 B 85 i 14 fin 9 e #4028 T
LK.
5.4 3BhZ& SC-BSP

M ARXT RN Ay K R T AEF AT R g R A
ER PR R AS. A B T — AR R sh S itk
R W SR a0 5 Bl A BRIV AR 1A A RS D g 2 5 it
S AR BB, TR A S b O AR S T
YEF R Z W B o B A TAEH 2 |7 %&b,
HIL, 5 3 T A E AR 16 > TA/EH 4
5 10. 7T L2 B 3 e 512 A TAE s A &
21 A5 B AT AR A3 L 512 A TAE#H (e K T
3 B R BR D

Pl 8 4t A T ) g [ i ] R ASE A b ) A, 52
B 25 B R S TEARRXT BN IR L B & SC-BSP A L
FEA Y SC-BSP 0] Ly /> 2 £ 3/4 1 [ 1) 6], £
15T RG] RE 5 24 P REAS TG K i 3l
75 SC-BSP # W% 5 SC-BSP f 22 Il 1% #7 46 /). H R
PRS2 43 BE K o A & 1 A 0 27 S L B A
S, I LR i R B[] F 5 1Y) 32 5 Ao

" Y/ sc-BSP
50H 1 2h#&SC-BSP i
, 40k 2 |
= 7
£ 300 2
2 2 ;
= 20k 7 /
10— H ;
v
77 %l_l %H H % 7
0.03 0.6 0.3 026 052 107 2.14

P QEWAE SUD)
K8 ZhAs W B R

P, Zhas SC-BSP 3 i 3= 202 0 #5/ B R 2%
T BET A LA G AN 6 22 14 T35 B R] O 4 5 12 KL
BE 2% b JF A5 20 3 & SC-BSP S wlt BE K15
N R GIERE.
5.5 SBEHBEFHE

X — 2 5 g g B E A [ AY I
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{H— s — TR R0 B A 08 2 )5 20 S i
P B BE XA E I A AR . B9 Hh 2 T B LR
Wit 32 495 1 1A A 1 i

T T T T

. —a— TAEFH—64

N

T B HUE/MB
&
T
|

Lo i
1 1 1 1 1 1 1
16 32 64 128 256 512 1024
S e

B9 g B I 5 I (5 e 45

SLEG R W Y B T DA SR, RS
rh IR SRR S B /. DR AT A R R IR S T R
g8 TAE# B AR BN BE s 498 P o] DUAR A
AR R 25 S R0 8 LSRR Y 2
Tk RE.

/NG GE I B 5 AL, KWL T SC-BSP
RISEIL Y R Gt L T VC-BSP #ERISZ LA R 48 B,
ALK RERE 7. Al DL R 47 Ak 3 R DA R
AT EY K EL P, Ik S SC-BSP 5 B AH 32 T VC-
BCP 5 A4 87 5 F] T 41 42 W) 2% 4 B R RE A ) 2%, It
Hb, SC-BSP A& Bl ] DL 52 3 AE JIr A7 28 Pregel & 48
(Pregel-like systems) Z | & F+ R G &R 1 BE.

AR, AT LT BSP (1 B AR —FE , SC-
BSP 5 RUAS G 28 Hh Ab P 3E T % $2 (Join-based) 1Y
TR DEBC A 3L 55 s AR AE A SR 3 2D AT R X
5 T B B A
5.6 5 GraphLab g3tk

AR S B A IR A S A 1 R A ) 2%
F LR SC-BSP 5 B X VC-BSP #5 & i fit % i
FOHHT A — RN KRB RE R G IFAELL VC-
BSP i+ 5B 8 Ry A 15 it 2R W
GraphLab il GraphX %:.

Hoi, GraphLab B 24t 1% 113 T GAS(Gather-
Apply-Scatter) P ALY, A AT [F] 25 A1 57 40 1155 W
Fp A% .. GraphX N [6] B 3% 37 Pregel #1 GraphlLab
PP P& 3 55 0 HE 22 Cabstraction) . H 32 2 ) #
FEF T Spark J47F & 0y A ME. © A 05 IE
Bl GraphX 7£ & it 5 77 1 09 4 fig A~ & GraphLab.
PRI o HG R I 7 S5 30 %o e AT 9 =2 Ah. AT 4 TR
Fe L SC-BSP #7852 B 22 48 5 [F) 28 AT B R
GraphLab &4 1F 21T PageRank B 102 7.

PageRank B3k J& Google H1F M 01 HEJ7 i) — Ff
S LA SEUAEL 2 B T B Y ) T 2 o 2 At
W0 T ST 32 4. S R R ORI LA AR R AR R
#5700, 85, B SURAE — 45 8 M 4% T b — > Bifi
WL H T — L AT RE LA 0. 85 A4 HE 2 17 15 1% T A5 Y
A —FI 1] R JE T LT RE LA 0. 15 [ HE 3% Bl B Bk 5%
FAF—T0 A5

PageRank 57k () 32 SLRF f 02, T A TS AR50 1
PAT I R R AR RIS Cactive) IR — X 31 F
TR Y SSSP 433k T st i J2: F I %7 5 (vote to halv),
B2 FH R BT B A R B IR I
HAH B AL B R R A R . R, B REHE
IR 2R G0 () WF 5% &R 45 3R F1 S B T PageRank
SEVE. T Y S5 99 38 o $ T PageRank Bk 45 R
SC-BSP #l GraphLab f£ $047 T0 i 48 55 1 BR— K57
R R

TS BT TR e IR ] b ) S g 25 2R L A
K10 it 7R, W23 PageRank 1E S —Fh i M 5 5%
PSR P R GE R I R R i P AT AR AR B R
31 FR G o, I ] H e, SC-BSP 7 BT A HURE 1 1]
EFEII T GraphLab, |fif GraphLab % A/ GAS
BRI, [A] FEAR 4 b AL . PageRank 33 28 T i 42 R 1%
BRI . MAE N BGE R 2. 14 B B K HLBE M 4% I,
SC-BSP frd= n 48 g 15 (8] 2k 4120 s, 17 GraphLab N
T E AT 5000 s BR ] s SC-BSP BE $2 A3 1. 2
e PERR SR FE. Rtk T hiA Dy 7E [ A T A Ak #
RE 1WA DL T, SC-BSP H 28 B 416 11 ) [7] 55 36, 42 {1t
CIRERDNEDRELN S

5000

SC-BSP _
4000 | (L] GraphLab i}
7
= 3000 - /
: %
L% 2000 - / é
I
1500 |- . / 1
17
0 Gﬂ(_] %2[_] E% ,/ ’/ //
0.03 006 013 026 052 107 2.14
[ Qe WE SUD)

B 10w g Esf a4

SR 38 45 T8 07 T8« [ RE AT LR B A R SR
A AR B 4 A5 i BV E AT 8. B 1L T
AR GEXT LAY LR AE R R A R R U AE
%5 /ININS S P A3 A T B 7 T ) 3R B SAR 2 L L
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B 2EIRAR/IN. AT LLE ) GAS A X T R GLi A5 i
FEXS R M B B R E (5 Ak, SC-
BSP AL EF X T 8L 28 A 6 2% 35 M Oy T i 4 o )
Bk 7. SC-BSP 1 fir & M 2% LB A BT AL T
XFF, B M GraphLab Z [i] i 22 FE Bl % ) 45 AL 19
B ORI AR A SN R Y BN AR B 2. 14 B I i
KAl k%) 8. 5 MB.

40

SC-BSP
[ GraphLab

w
[l

7

%
n
N

0.03 0.6 013 026 052 107 2.14
SR QE DA SUD)

F1L AR T HE N LA

B/ MB
Do
[l
T

[l
T

I 3, SC-BSP J& % F Apache Giraph JF 37
HSZ B & B J2E Java 4215 5 5 i GraphLab
(PRI H e 2R C+ + i FE s By . B H & G
TR AT R T Java 155 9 AY GraphLab F 45,
UL, 1 R P B 22 5t m] BB RN 4 A S IS 5 AR B 1
ROR2E T KR CE BT 58 4 A 45 31 K Bl T H A
RIS |

6 LZHitMMEE—FHTITIHE

B E T BB = SRR S AT R
SR T UL NS = v T = (DN S P LB
B8 AE B m) AT R M T T I 1 B R Pk R S R G X
Se R e, ST — AL T B AR 4L 4R 1) SC-BSP
RIETHAAR R, SC-BSP # 5Y i #% .0 J& 76 BSP (19 3f
BHESL R 51 20 3 0 AL A 25 00 M 2, % T &) 4 1)
AR PR AT A B4y BC R A B SR JE L 3L T BT BE T 0
R 3HE T — Fh iR K B AR L SSSP R ik 1 1%
TEa R RS BN . e A R R TR B i s
G, gk R 6 W T 4R R PR AR R A RE RN KO B
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PRI PR AIE 45 & SC-BSP #5€ RU3E F 4k 5 it 4, 38 7] LA
FAIR) — i g 2 18 5 2 BLAL 6 GraphLab 78 4 /9 K ]
HHARG HERREEE S ASRENET URR R
AL 1 P RE 22 S, DA T 368 SRS A 1Y B B R AR 4

it

B O RME LT REEASAR R
BT RZ AR Z LA B, B B R A X AT R R
B & 48 xf Apache Giraph ## Graphlab 48 % 52 3%
AR 4 TR

& % x Wt

[1] Yu Ge, Gu Yu., Bao Yu-Bin, Wang Zhi-Gang. Large scale
graph data processing on cloud computing environments.
Chinese Journal of Computers, 2011, 34(10): 1753-1767(in
Chinese)

(T, g, ER, EENL 2R T A MR BN
A B AR, TSR, 2011, 34(10) . 1753-1767)

[2] Malewicz G, Austern M H, Bik A J] C, et al. Pregel: A
system for large-scale graph processing//Proceedings of the
2010 ACM SIGMOD International Conference on Management
of data. Indianapolis, USA, 2010; 135-146

[3] Valiant L G. A bridging model for parallel computation.
Communications of the ACM, 1990, 33(8). 103-111

[4] Broder A Z, Kumar R, Maghoul F, et al. Graph structure in
the web. Computer Networks, 2000, 33(1-6): 309-320

[5] Faloutsos M, Faloutsos P, Faloutsos C. On power-law
relationships of the internet topology//Proceedings of the
Conference on Applications, Technologies, Architectures,
and Protocols for Computer Communication. Cambridge,
USA, 1999. 251-262

[6] Checconi F, Petrini F. Massive data analytics: The graph
500 on IBM blue gene/q. IBM Journal of Research and
Development, 2013, 57(1/2): 10



234 07 W A /[ R S 4 2017 4
[7] Yoo A, Chow E, Henderson K W, et al. A scalable distributed [19] Lee K, Liu L. Efficient data partitioning model for heteroge-

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

parallel breadth-first search algorithm on BlueGene/L//
Proceedings of the 2005 ACM/IEEE Conference on Super-
computing. Seattle, USA, 2005 25

Chan E, Heimlich M, Purkayastha A, Geijn R van de.
Collective communication: Theory, practice, and experience.
Concurrency and Computation: Practice and Experience,
2007, 9(13): 1749-1783

Pjesivac-Grbovic J, Angskun T, Bosilca G, et al. Performance
analysis of MPI collective operations. Cluster Computing,
2007, 10(2): 127-143

Gonzalez ] E, Low Y, Gu H, et al. Powergraph: Distributed
graph-parallel computation on natural graphs//Proceedings
of the 10th USENIX Conference on Operating Systems
Design and Implementation. Hollywood, USA, 2012: 17-30
Batarfi O, Shawi R, Fayoumi A, et al. Large scale graph
processing systems: survey and an experimental evaluation.
Cluster Computing, 2015, 18(3): 1189-1213

Lu Y, Cheng J, Yan D, Wu H.

Large-scale distributed

graph computing An experimental evaluation.
Proceedings of the VLDB Endowment, 2014, 8(3): 281-292

Han M, Daudjee K, Ammar K, et al.

systems:

An experimental
comparison of pregel-like graph processing systems. Proceedings
of the VLDB Endowment, 2014, 7(12).: 1047-1058

Gregor D, Lumsdaine A. Lifting sequential graph algorithms
for distributed-memory parallel computation//Proceedings of
the 20th Annual ACM SIGPLAN Conference on Object-
Oriented Programming, Systems, Languages. and Applications.
San Diego, USA, 2005: 423-437

Salihoglu S, Widom J. GPS: A graph processing system//
Proceedings of the 25th International Conference on Scientific
and Statistical Database Management. Baltimore, USA,
2013. 22, 1-12

Salihoglu S, Widom J. Optimizing graph algorithms on pregel-
like systems. Proceedings of the VLDB Endowment, 2014, 7
(7): 577-588

Tasci S, Demirbas M. Giraphx: Parallel yet serializable large-
scale graph processing//Proceedings of the 19th International
Conference on Parallel Processing. Aachen, Germany, 2013;
458-469

Tian Y, Balmin A, Corsten S A, et al.
vertex” to “think like a graph”. Proceedings of the VLDB
Endowment, 2013, 7(3): 193-204

From “think like a

ZHAO Xiang, born in 1986, Ph.D. ,
lecturer. His research interests include
graph data management and mining,

intelligence analytics, etc.

neous graphs in the cloud//Proceedings of the International
Conference on High Performance Computing. Networking,
Storage and Analysis. Denver, USA, 2013 46

[20] Low Y, Gonzalez J, Kyrola A, et al. Graphlab: A new
parallel framework for machine learning//Proceedings of the
26th Conference on Uncertainty in Artificial Intelligence.
Catalina Island, USA, 2010. 340-349

[21] Han M, Daudjee K. Giraph unchained: Barrierless asyn-

chronous parallel execution in pregel-like graph processing

systems. Proceedings of the VLDB Endowment, 2015,
8(9): 950-961

[22] Jing Nian-Qiang, Xue Ji-Long, Qu Zhi, et al. SpecGraph: A

distributed graph processing system for dynamic result based

concurrent speculative execution. Journal of Computer
Research and Development, 2014, 51(Supplment): 155-160
(in Chinese)
CRAETR, BEAkJE. H B 5. SpecGraph: HE T I3 & T8 ¥ 7
A S B AR RSB SE S k R, 2014, S1ATD .
155-160)

[23] Shao B, Wang H, Li Y. Trinity: A distributed graph engine

on a memory cloud//Proceedings of the 2013 ACM SIGMOD

International Conference on Management of Data. New
York, USA, 2013. 505-516

[24] Bronson N, Amsden Z, Cabrera G, et al. Tao: Facebook’s

distributed data store for the social graph//Proceedings of the

2013 USENIX Conference on Annual Technical Conference.

San Jose, USA, 2013: 49-60

Kang U, Tsourakakis C E, Faloutsos C. Pegasus: Mining

peta-scale graphs. Knowledge and Information Systems,
2011, 27(2): 303-325

[26] Shang H, Kitsuregawa M. Efficient breadth-first search on

large graphs with skewed degree distributions//Proceedings

of the 16th International Conference on Extending Database

Technology. Genoa, Italy, 2013. 311-322

Chakrabarti D, Zhan Y, Faloutsos C. R-mat: A recursive

model for graph mining//Proceedings of the 4th SIAM

[27]

International Conference on Data Mining. Lake Buena Vista,
USA, 2004 . 442-446
[28] Xin R, Gonzalez J, Franklin M, Stoica I. GraphX: A resilient
distributed graph system on Spark//Proceedings of the 1st
International Workshop Graph Data

Experiences and Systems. New York, USA, 2014 2

on Management

LI Bo, born in 1994, M. S. candidate. His research
interest lies in big data management and analytics.
SHANG Hai-Chuan, born in 1984, Ph.D.. associate
professor. His research interests include graph data manage-
ment and mining. parallel computing, etc.
XIAO Wei-Dong. born in 1968, Ph.D.., professor,
Ph. D. supervisor. His research interests include intelligence

analytics, social computing, etc.



1 B AL — Rk gAY LT BSP R K & A 235

Background

With the rapid proliferation of huge volume of data,
cloud storage and computing technology is developing in a
fast manner. Massive graph computation, among various
kinds of real big data, is a typical representative and impor-
tant part of workloads on the cloud. There are a number of
existing solution to processing large graphs, and representa-
tives systems are Pregel by Google, Trinity by Microsoft,
TAO by Facebook, Giraph, GraphX, PowerGraph, and
GiraphUC, etc.

Currently, scalable graph computation mainly resorts to
high performance computing solutions, which requires high
performance all-to-all collective communication over torus or
mesh networks. However, implementing these torus or
mesh-based algorithms on commodity clusters and cloud com-
puting infrastructures may result in high latency, due to
inefficient network communication. Besides, the vertex
degree skewness and lack of locality on massive graphs

further challenge the design of a highly scalable system.

To resolve the aforementioned issues, in this paper, we

exploit a commodity cluster-oriented programming model for
scalable graph computation. Focusing on scale-out capability,
we propose a novel separator-combiner BSP-based graph
computation method, which provides native load-balancing
and low communication overhead. Thus, larger graphs can
be addressed by adding more computing nodes. Finally,
extensive experimental results confirm the effectiveness and
efficiency of the method.

Potential applications of the proposed techniques include
social network analysis, entity-relation network manage-
ment, mining heterogeneous information network, etc.
Hence, this research is part of our ongoing projects in the
research center of big data and social computing at the
university.
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