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High efficiency large-scale graph data processing

mechanism in environment of Spark
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(School of Information Science & Engineering, Yunnan University, Kunming 650091, China)

Abstract: Due to the inefficiency problems in processing, storage and management framework of graph data, this paper pro-
posed a feasible processing mechanism of large-scale graph data. It first reviewed the advantages and shortages of existing
graph processing models and graph data storage frameworks. By analyzing the characteristics of distributed computing, it im-
plemented a new graph data framework including three main parts: segmentation algorithm of large-scale graph, caching and
optimization for data extraction, and combination mechanism of calculation and persistence layer. By applying Pagerank and
SSSP algorithm, it conducted experiments to compare the performance of the proposed framework, MapReduce and Spark with
HDEFS. Results show that the proposed framework is more 90 times faster than MapReduce, and 2 times faster than Spark with

HDEFS, and the proposed framework can satisfy the needs of high performance graph data processing.

Key words: graph computing; graph database; memory computing; Hadoop; Spark; PageRank

0 3|5

FAAS T RN LA TR R E5 ), TR R e 45 Ml 2l B 7
T, VRIS 45 A0 e B2 i S B A S e iy AR B g, 6 S LS
A v ) — a3 5 PR B 2 s S LA (R, R B3 BT 114
YBIFSE EA TR o BRSSO R A S
KA FH , 45 KB i SR B R T BRI PRIR > . 7
PRI BSCHE e A G K N B B A BTSSR 2 AL R R B AR T 3
TR Z MU B A R R S 3k 28 R 58 BT LA 4 o
T MapReduce BRI 42 A7 X OFAT AR FR AR 4577 LA J 3 T BSP
(bulk synchronous parallel computing model ) 5 54 (1) 4345 20 347
ARG X

MapReduce 15546 5 7 4040 42 0 AR S04 45U B A5
TARKM ST, A AT 2R . ZRRGRHA R
FEVEM ARG PR AR Y, St HERIROOR T |, X 2Tl
HRREZS 2 v 1) G A AR Th A B, (RS X A B 1 P AR
R, DA T 0 R 26 5 42 ) T o () 45 R A0 1 F O B A AR AR

YRS B H: 2016-01-01; f&[E AHA: 2016-03-07

L XA R A A IR AT A 2 B A o dn
PO 5 B AR S A4 s PageRank! ' | UC Berkeley AMPLab
7E 2009 442 111 Apache Spark ™ 345 8 [ {7 phe T 5k 2]
R, Spark B o3 A1 2N AE Al G o Al X EE SR (resilient
distributed datasets, RDD) "'*"*7 RDD 3% 5 K H L 43 A5 2538
SRR O H R B A B B i e i, B 3 3 25 i R T o 4
P O T O 2SR I RE 8 AR B & 4, RDD fu i
P AR S A TE N A b, AT AR R 4 v 17 A5 0 28
Ao {HZ Spark F4F A A HIL T i SEORE P 25 1 i dha % 45k oo 8k
PEAFA# , TEARETEAAA )2 DR 5 P B3I Y 45 ), 208 A A HE 2
WRANDERITE] . FIRFE TR R AR d 2w K 3
SRR (AR I B PE RE R I B2 R A1

SET BSP BRI o3 A AOFAT AL B R Ge v, B HA AR
AL Google F) Pregel R4, Pregel R4 JE H i K HILA ]
SEVR R G RN R G, B T BRI 23 TR R AR
il AR PR T AR MR TT S o B2 Pregel R5E
JIe Ak B AR M S AR B — , R BE S U g [ B 4l 20

HEEWH: BRARKXAFZALTT B (61170222)

EER N AR (1991-), 5, =@ b A, MEF LA, L7 a4 BRIESH F S bt 3T 2F(1985-), 5 , LA 4, 2R R
O HIE T AIEE A KRBT I s /0% (1984-) , 55, 5107 W AT 0 2, ERAT 05 61 B S AT Ao i b 3T 5 K K (1965-) ,
B GRAMH) , #I,F, ZRHTLH @A &b AT S K A% 78 447 (xjzhang@ ynu. edu. cn).



% 12 9

W R W, 5. —#P Spark ZR3E T 49 & 2L R K HUEL B B A 3 AL

- 3731 -

X 6 2 R A R RS B 2 . 45 Apache 1993 —ANTF
P H Hama' 2 — 420 A 4L B R G5, Hama 7] L5
HDFS'" 5236 i 45 4 | i3 BEAT B T 50808 10 35 A Ak, DR 3E JLAF
Hama 75 R 40 B8 p 5 A58 04 5 I PE . A1, Hama 458K & —
B AL b BE 2 Gt , 1 R P B Ak B o 17 A R TR AR B

Spark Graph X" 4 Jy —Fh 43 A X, P 77 36 52 PR b FRAE 2
7E FNRAERE ESCBL T IRIR A7 X TR E 8
AR 1Ak B RUAR A s 4 TG £ 9 R A, 2
F9 1 45 H O f7 B, DT A A BB 7 TG A 3 T AR KR TR, R
Graph X 7] DL $E AL 7 22 Ff B B4 301 o {FL Graph X 4%
ACHL 6 A 52 BUAE T 9 A 9 & R f G — A5 B, B4R Graph
X AEAFA#IZ 3 HE 40 A XS0 R 4 (HDFS) Fiiy A 38 NoSQL %
P HBase' ™! {H I H FTIE A S H7 R B %, L& TR R
B LB 5 F 9 T X A AL B0 2 , T B A SR L 22 R 45 o
B R . AR R A2 B U — B ANk
IS PR ALk PR 0L B 4

KB BB AR L T 2 IR R I 1 A R 58,
AR R GE AN Wi R a) Lk GFS'”) HDFS {84 11 40 i 2
SCIEZR D) LA Neodj ™ MySQL WAt 940 i 24 . 0l
SRR AEAEAE 530 XS R e b, TR RS SRt B8 A Ak
Pt AERAE DL R 755 A N Hb A UBR AR B =, (e HAE 2 2R
P BB S B A . ARG SR 6 R BV F B
K R P e ) B R e (L 2 e RS 5 52 ek Fy 4
i, 56 R B E R R A AU SR, LU 46 i, R
R 16 2 B PR 7 e R TUAY I , ELS REI 4525
P S, R A RO R e 2 2 A1 5 R A, 4
X2 ] P A 9 52 2 5 2 LA B 3h 24 AL B 1)L, A R IF 5
T [ P B 2R (graph database ) 2, B B 51 A0 % 1 5
1] ) P 7E 56 2R HEATAE A 45 IR S, O FLRE WS 5 550 v 1
B = I 52 2 5 ZR A THRAE 24 o 7 T s 00 R iy
T, P ALk BT A 2 B T 7 TR < ) 0 4 55 1
KR A AL BRE Jy | F550 — A BLAT Ao 1A B HLAR) 5 b) 0 o i ke
LA P B AS BRI BT, 77 JR P B5CH 2  20R AR  7v m
BT TS E] A R e

2 ET Spark ) A ML E R IEIESE

AR SCHR A 119 7 A PR B3 HE SRS 2 o g R MR ] Sl 45
YRR APL ik A3 SU77 i IFAT IR 2R MR R &
B, ATt PP BE G PRI AR A S B B BE TR o DR AN 22
FIEIRIZMTEB . T LB H A AR SCE A4~ 2R )
PEFTIIAT | BITET AT FAE RN P i A7 e
2.1 B REESHNITE

P 73 14 T ] B AN SR AR A A7 A RT3 Y R 2 IR
ARG S AR BRI BAHERA BRI o DA o T2 308 ek 2 T g
BB T R L SR ST i R £, AT PR A
We SR o UL P SR AR BE BRI 0 S T30 191
R 73 T UG AF- Bk 73 FUS Ak oo e 1R R T
1A AV T RE R P30 3 D7 1 53 500

a) [ D)3 1 2 4 IR A A 0 R A7 300 2, JE TR AT RE Y
STH A EVEE AT R SR A5 5 2 ] A A
Mo ZITIEEREG AR T EZ 2 AT A R A A

A, AP B 2 [B] A ZS RO 2R
b)) P B DI) s 2 e T e THLA R0 2, (0 300 ) AT RE 35 50 1Y
OIAR BRI A o %07 T Ll MEAEA# T S TR

(a) Y034k (b) I REE
E1 Ewilas S5 R sn@e oy B riE)

P 43 B0 A SR T B S o P o ) B — IR 5 R A A, 3
Xof 43 A7 AT 0 AR T >R B PR, 75 R AR XE 1 14 5 b
S I FLL bash BRSO FER05 4 L6 19 K 40 b
Ak 2, NI 719 S Z Rl 4. o1 — i, o T4
AT FRGU A PR RN RO B 43 B R i 1
R B YRR AR AN . O T A DR S R, A SR T —
Ak 10 22 B MU 11 3 3 ) vk R i = AN 0
SRS R Y 35 o) BESL AT RCEE R VR BE AR G R B D)
B R E B T 0 F 185 o) a2 A4 3, IR 5082 1 [
2T R W AR,

BT ERENTRE L R

G A n AN R 22,002, |

step T B S K N ARRYN AL, B0 x, 4RIl 1o B A~ S ARl
fRA step 2;

step 2 : 478 — 1T 8 2, ARIEN ko ANAIZ SR AE AR 3 2 B AR
nj

(a) WPERAT BR FARIYABIE AL, WA 11,2, nf AT RC
/AR FIARICIEXHZ SRR ICE & step 2, W, BUKE &1 «; 10T
AR s R0

(b)if 155 o FUFRIC K W62 k> 1, R B35 sgehnic o b 947
LA step 2;

i A5 x IARIC kW2 k=1, WSEZ L,

B2 KRB EEGE TA A T E

step 1: ] S SRFR G P il F4E o RaRFRIMAE, Kb i=
1,2, ,n, i cw FoRIGH TAESR . PIIRILIRE S = {x),25, 7,5, 1,C
=, HHaw=0;

Step 2 : PefFdR KA BE Y -39 5V Ry 43 1 SR 4 B IR Y
Hgx ety AR ¢, TAEFHEDEIRM S h#EA TR . BEAMi
B9 B ER K E b H K9 pointer i =1;

Step 3:k=k-1;

Step 4 :7E ¢, A A F ST £ 5L X TR A x, 3
BT . x, = parent (x;) ] | BT wt( T, 1) WAFEFE
15 GHEATHES ), 2Z 57 ) P (W g — 0 8 g, R T ]
i

lwt ( T[xp]) —wt(T[x"])/ngl > lwt(T[x, ] )/l (1)

2GR T ] 7R e, = Ty IR =i+ 1, NI
WTAE T4 e, A1 PR =, B0 T, ), WS, FOFTAT 2715 AR
JECL) BN e, HINER », ROPRA 535 5, 304 «, A ¢, B
step 4 FLRITA AR B9 A2 s AR .

Step 5 FRFIFTA K BESETF b B IFF19 5, FReax St 745 sS0m A
FTAELE ¢, s

Step 6: IR k=0, H S =0, WEIKE G BYFTA T R R G RN
BT FIAEA LR, B E S step 3 ~6,

CEN VIS e

Step 1:i=1;

Step 2 : % FEIF C; HAT AT g gk F, @7 AR XA H, , [FEE3)
itk M=

Step 3 : %1 FH F; AYBESKBRAR AT LAR B, 823 Jnax 45 B 42 i DT
it Mo FEIAT step 3 HITE F; (4 Fr A 15 SRR U1, %% 1) step 4,
AW AR L o ARG SE R G Y = Ly ULy ULy iR M 35220 Y, 15 5]
RS BT 1 A S, PR step 1 HIR RS

Step 4:4 i =i+ 1, 412R i = ng, WX A3 Fpdi DB EE LKL, 45 0 Bk
#| step 2,

AR AR F & COR U I 5 88 0 F, = (F) UAdj(Y,


Administrator
Note
算法1中 step1 step2 算法2中 step1

其中step赢首字母大写


- 3732 -

it E R AR

%33 %

CHRZC =C-A(Y,CHMU=UUY BB bk,

AR T 32 501 10 L33 AE 547 Google ) Pregel
Apache [ Giraph™! | ) % GraphLab'"! | F 1 Pregel 1 Giraph
HREELT BSP B, BSP BIBUSTIL T ML, i T A it
BRIE T R A , BE 2EAT 2 /Y Barrier, HAR BSP
S AR B (ERAE— 2ol O T Hos SRR IR . BN AAAE— 1
2R BENT , BT LAREAS R0 0 2 B ) Ik T AR I e 2 AR,
BUANE ARSI, I —Jr T, IRt S AR 22 1 6 R AR IR
IR, VTS AN 2 AR A 50, R, BSP /Y AAR 42
WA 2AR ¢ . Spark Graph X R T —Fh 545 0L i o T
4> JR) 1 Barrier,

AR Spark Graph X A4 I&1158 51 % . Spark Graph X
EHTNEN AR BT B HELE , Spark Graph X #E37 7E Spark
Core Z bR PRI A3 0 &1 42 418 55 0 IR A 17 0 i 10, KR
Mo T P o R Bl A PR 5 5K o P O3 A I 2
W B o3 AT B T I TR
2.2 THEISEHBRENRRSSE

TETCHHE 3 25 HE 1 $ B b 5 B i A 0 B R
P, A 5 TT 48 o 7EM Z AT W55 T ##% Spark Graph X
SE TR P o XTI AR AR, AR b p A R« R B AL AR
iy FRYAR, B Coey sy ) B (g s 0, — AR 1 AT LABA E
— A RHME—{LE . Graph X 5 R AR ML AR,
Graph X HH g T5 s A DA S b AR e — A X 4, A — E SR T —
HEALBRFRTR o E Graph X P ] P i Graph Xof 4% HEfEAT 4
YE, B & T (edge) AT L (vertices ) PR BT A 14 4L
YRR Y A R R AL R, EE S Ver-
texRDD SR J5 AR K JZ P 28300 W B4 , #4247 1647 Ak 3 A= A
tuple, B[l (sreld, dstld) .

LRI U, TR REAS 1 [ L B4 B A T A TR $ A9 1
IR , 3 U SR TR 11 S B 1 B MR i Sk LA P 44
WAEGAF R G o AR OC R LI R SCIF Xy R T A —
A1 LA SR LR

— LSBT E AR R MR AR R B R AY, m HL
WA Z AR FR . [RIRE P R R0 SCR 2 an it
(EIE A A P PRI B e AN o B 2 i SR MR35 . AR
TESRAT Z G0 HPR A TP 1 s R A 06 R A I fige R 28 1 P 11y
id JE M LA SR A0 A R, TS [+ Y 56 28 DAAS [ 4 S
X3, WAL 2 P o

ID: 1
name: userl

article author
target: 0

userID friend

userl user2 1 user2 i
Aok Hokk Rk Ak
ko *kk ko Ekk
Ak wokk Hokk Ak

ID: 1
articleName: title
context; ***
target: 0

B2 HEC S ER R R A R R TR

FEBRE— UM A TR, 25 T S8 g n] i — L
BN HZ T AL B RS o 3K 28 R AN T B R B S A7 3C
PE R BT LAAS SCAE Y G B P I T — 4 target J@ 1, 24
LR P SRR AR 5 S8 TR I s S P B 1 AR AT
RAGEBEA GBI s FEE g 00 AR L BE LA J& P i 8 4

LB BT AL WA T RGEREEITE, W 3 B
update:
set target=1

key-value

Tachyon

user article

update:
EET

set target=0

B3 BRI S EBERE

AL FE Neodj 15 Ry e Kl M AE A2 2 0 1 PRIE N2
e A A AR MRL N o Neod J2 138 W RIUASE A T EL G ) i D 44
A R SR R, 5 R RN TGO, B AL A B A A
{H I B X ST FLA% A Spark Graph X rhitF0fg i ok
PN E RHYIT S : —J7 Tl 2 5 B AR R R B R (5 10
37 TR 1) 70 K08 of 4 22 141 7 22 K4 1) OGM. (object
graph mapping) S FEAE NAFHHIET , & FEUEREINAE R BT
FAERER A LB NAFIF S

I T RIR IV, JF 50 5 I8 A MR A
ICTE P A 10 J T, BORAS B T 4041 =1 e e T 1 i
PRI G S50 E#RIEAT 701, Neodj R 51 HLTH 43 P
Fera) RAMALSER RG], N4 1 2R b) [a] i A] 4l
JHRAL 1 Lucene 251, TE2 OB =L RG], IR R 51 4
HAHERTHERS T4 o 1 A P

FRLRE LT, WFE A JZ (Neodj) BN A7 fifs (4317 XN 17 3C
FZR4¢ Tachyon ) BB IBUSCR K AT RE 2R IR B R 31
SRR, PRI TE 120 it b B U AN 6 S 1 LA A LA BT
PR 1R o D T IR 2 I K A7 2 B0 4 R Rl 12 1
SR E] 4 5 R AEAT 4B AGENE 2 oA O H R R . TR AR
Ji, BIRGIAGAFIR R 2 IR N AF B TF 8, (B 20 A s A
SO ZRGE (Tachyon ) BRIV BEAE 158719 0 B B 0 Tig 384 40, 3
FEREA AP ZR AN 2 DB S 250 e ) DR MRE e e 368 80 kU 3
[F]Hf HDFS 1 Tachyon 1 Hp [A] AR PRIIE T 28 47 )2 9 A2 0 1o
FEUK A TR 3 45 40 Ko i R O R vh A T e P ad BB AL
il , LASHE G AN L B9 s A PERERA N A o BV A 5
AR 4 Pt AN 2 0 B A R ) S A 2 WO 5 R s,
EFR AR RGP, TS 1 Hs ok e B A
RGFRREFHRA R, W) PR UE G A2 Th ) B 454 55
22 v AL Y P B A — B, R A RB A DR T Bl R
AR AL 3 o B MEZR I RCR
2.3 HEREH

HESR Y =2 A 4 Bion . DUZ B UOR i 2 i) i
R IR BRSSP KA E e . T2 i —A4
Name Server fll—~> Application Server {4 Ji{,, Name Server [ffj []
17 AR A EIR S5 o Application Server Ui S I P #248
AT IR 2 B H A 4y Query Manager 40 PR (8] 4b HE 45
HAt A 225845 Name Server P[RSR,

BB A 3 2 B S ZRAR 2 ST 7F Spark Core I, 045 T 1Y
AN PR PR AL AR Y 55 o 5 =2 W R B AF At 2, B
e it rii .

1) Query Manager 1 i AMELRAG B — > 5 55019 15 7]
PERE, FFAJE T ZERENE BBV HJZ ViAo Query Manager [



%12

¥R W, 4 —Fb Spark IRIE T 49 32k & K HLAL 1B A HE AL 22 A0

- 3733 -

T ELE RN R RS I 5 55 A B SR, iR ZR TR S i Ak,
PN GAF RS Tachyon, 24— A0 X H LG , 28T
LR LA key-value BEAELXT A9 TE 20RF 45 R 1121 Neodj FERFH

2)Job Manager Job Manager 11 3¢ 8 >4 4ii 24 & 11 5B AE 22
FR AT 55 VAT B2 3 X 8 > Spark I AT HEAT A B, O T RIESS 1Y
BAR G AR 2 e T B A TT A7 2 58 Tachyon £| HDFS {94k
e AR

3) Computing Manager ~Computing Manager J& 11 3¢ [ 43 4
AL BRAYE BAR o TG — R 5] APL R )AL T P B4 i
o BAMEHSHE A Spark Graph X Z |, 1fi Spark Graph X
ALy & — A A AL PHESE , 56T Spark - 5 $2 4L 17X 141 )
TR FEEIZ IR 17 1 2 R0 10 R s 68 17 TP X M
AEPOBLTIOEES

Computing Manager 5 22K HT 77 48 58 B9 53575 B 5 3 HE 28
PR B X SR RIE AT AR 55 o 7ENKE] Job Manager [ #EAF 1
RIS, 22 NG 47 & 4t (Tachyon) Hh B $ 4, 4@ 52 5] Spark
Graph X ¥4 O 1 i SR 1 6] 9 308 A5 DL e A R G2 /0
FEE, TR P R4S R B A B R SRR RN R R &
(Tachyon) H1, )5 1 Query Manager b BB (19 3L 1]
ZER LB &9 Partition Manager i
FTIE 538 BT 1B 2w A 3k BUAR B A9 9 s b AT 0
ML RGN AS [ 9% & i ], Partition Manager 22 5% ff] LRU &
125 HDFS B HL b Bl St

Name Server Application

4) Partition Manager

Partition Compute
Manager Manager Job
Manager
’ Graph X ‘
’ Spark Core ‘

Tachyon H Query Manger

O > ——— ————
Graph Data
Store Layer | HDFS || HDFS || HDFS Neo4j || Neo4j || Neodj

K4 HEZSEH

TEAR SC TR E S Hheof 45+ B0 An T 2080 8 % A 43 1 X
BT A TE . TS RTERFAZ (Neod)) i 222 47 )2 ( Tach-
yon) H ASCHRSR T 43 A 2 IR P2 AN oA XA PR A S A
RGL, A Manager [ R LAEARIE T 2 A0 A 03T B AESE
HITTH R RER & o TR TE RE DA G o0 AR AT SR HE R v S A
B R 5 P R A A6 0 TR0 [ L, S AR Rk D SRR A T 1Y
IFrA]

Graph Data
Processing Layer

3 kI

3.1 XWIRE

A SCAE— A/ N SR tp AT 520 oA i i i =
A Dell R-210 45 i i e = A9 s B TIASIBLAR 3% 42, JF
BB EAHE 22 A SSH JCB A% He . 1715 A i RS (4 I &
T :Intel® Xeon® E3-1220 CPU,4 #%, 345 3. 10 GHz; NTF N 4
GB i K/NA 1 TB, BRAFFLEANT 45/E R S K 64 fi Ubun-
tu 12.04.5 LTS;JDK fiAS A jdk1.7.0_71 (x64) ;Hadoop A

>4 Hadoop-2.2.0(x64) ;Neodj i ifiAs &y Community-2. 1. 5 ;Sca-
la 2/ Scala-2. 10. 4 RjiAs ; Spark B9 tAS A Spark-1.0.0,
3.2 KIHIER KWMA

SCHS BOHE 2 3k H SNAP ( Stanford Network Analysis Plat-
form) ™" o He # 75  (IDA, IDB) , 3275 T 41 IDA 45 i T 154
IDB, ASCiEE T Google-Web , Web-NotreDame #{l Web-Stanford
SHSREARE . R G T A SRR R B E B
HP P RERBRGRE TP ARFRENSE, THE
AR L T e R R R AR, 1Y R T 8 OC R ik
BE R, ZMIBEE RN TSI W% Ay S 2 AT 2 R = A TE
WECH o =03 808 Z 0 iy SR LU Dy 2 1 B A2
B, = MIEECHE R = A 53 R BE RS B B R i SR AR
HARFR BRI R RKEZ ., 90% A8 HZRFER 90% 1)k
FBARMRRE . X A E S S 2 Web-NotreDame 4§ 4
£ Web-Stanford %4648 191 sl BB #23. {HJ2 Web-Stan-
ford Hi4fa 5 vh BUHE =2 8] 1Y ¢ 2R B2 24 18 Ji 2L [t Web-NotreDame
AL R IRZE . Google-Web K 5 A I IF HA A K 4%
G/

T A SCREZRTE T 2 A 2 I TR RE A SCHEZE
£} MapReduce HEZEFILL HDFS S 74 2 1 Spark 22843 51 i
1T PageRank 9% 1 SSSP B35 5L B X [, PageRank 38135 i) 1%
FRUCKLA K™ He 1 v () 45 SR AR AR X 3 %, BT AL #% PageRank
SRR A M HESE A K B AL BRRE ) o T SSSP B i3
BB IREN AT ERAT , BT AR SSSP B0k S B8 HIE A7 A% )2 %o e B dl
ERETERE

SEEG T T SE K = A B S A B B HE SR B A A )R
(A SCHEZE Ny Neodj, HoA P MESE S HDFS) o O 1452 B3
20 1) S 25 BT AR UCR AN ) B i SR AE B ME SR R $hA T
SSSP $5:1: fil PageRank 53 7EAH BAERFRCR N R, 4>
SR E A AT 3 U, 2 BC AR R AT I ] d e BT E R
3.3 ZWHERRSH

SEEEE AR 5.6 R, B 5 R T =AM ERRAE T Pag-
eRank FEk I PIAT I 0] 6 45 B8 S8 B2 ALY 1B 00, IR S
AR B = A HESR A PR T IR 11 #6880 LA 8 o 2 30

MK
a8 Jasree g
= AR AE gl

‘Web-Stanf Web

BRR

Web-NoteeDame Web-Staaferd Google-Web b
Els pagenaﬁ%m%% FEl6 SSSPHZLELILLRE
(MapReduceZ5 R AW ARRHH)  (MapReduceh 5 IR AL i)

Web-NotreDame £} 55 F1 Web-Stanford %4 2 (197 s 50

HHEIT , {H S Web-Stanford Biffi 4 i 80 =22 10 1 5C 2R A2 2 2 2

b Web-NotreDame 5 HHAR 2 . D33k 19> H0H0E 4 1) 92 3 45 2R

FORF BB B 2 0] G 2R Y 5 AR B v, A SCHE R AE PHAT

Web-Stanford %4 48 115 i} 19 i [6] 4€ 2% 2 HL (AT Web-Notre-

Dame %415 £€ (14 i [8]) 48 2% &5 K6 10 s, 107 L) HDES Sy £74if )2

1) Spark HEZLA S ) T A4 40 s, F R A SOy 1B 43 158

EREAERE S 2= (1 1 70 IOAH X 2 5 1) 7 18] o 55038 1) g 2>

TR IR A E T4, LSRG s Z (A A 34T 5 AR X

i, X AR A2 UK AL . MapReduce HEZL7E X 4>

BAE4E b I (ARG 2 22 B3k TR 500 s, ik 22 T Ma-

pReduce ESRZNE A5 Y50 A 1 v o) 205 2R [ i %, 9 B0



- 3734 -

it E R AR

%33 %

HEZRAEEACTH B PEBER AR MIAS SCHEZR AT 2 246 T
WNAFHT S RHESE, B LIVERE 22 [ MapReduce HEZ2 R HHARZ
£4 LRBARERS R

15 Google Web ~ Web NotreDame ~ Web Stanford
R 875 713 325 729 281 903
BUE 5105 039 1497 134 2312 497
SERTRK AR 0.514 3 0.234 6 0.597 6
“FIRAH 13 391 903 8 910 005 11 329 473
1= f 5k 0.019 11 0.031 04 0.002 889
HZ 21 46 674
90% AL HAZ 8.1 9.4 9.7

Web-Stanford (i 4E Fl Google-Web %541 42 #B 2 $ic 4 2 ]
KA R IR i 45, 1B Google-Web % df £ 1) 17 5 Kt
BEH Web-Stanford E4ERIRZE . WX 4E FORA B
A B BRI A SCHERAEIAT Google-Web $4ii 4 I 4 11 (]
FEBR B LLINAT Web-Stanford £ 42 I fr) I [A]FE 21 w55 Hh A 30T 30
so 1M LA HDFS Sy 77fif)Z 14 Spark HESLLE AT 3 WA~ K dfs 4 it
I AIFE 2 2538 8] T 60 s, FEZ R AE T4 SCHESE R
T T AR U R GER X B AR AT , LA SRR K P 4
AR R P 1B o AETHIRTY R Z ] EAE A 2R/
1Ml MapReduce HEZETE M AECE 5 T I )4 9% 22 15 21 1 4%
3000 s, B EARUCEIE N MapReduce 22 7E K1 804
HITTH R RE AR I T N AT RAE L A M REERIR £

P 6 R/RTEAT SSSP S IE Iy, = ANHEZL A AT I 8] 4 25
(SRR E/ i NN U IS

[ 55 PageRank 330 5250 X L 28 0L, 4 84l 42 O Web-
NotreDame (45 £ Fl1 Web-Stanford %45 55 B}, 58 & S8 52 HH Y
TR R TR LR, A SCREZRTE I ER A2 H 00 AT e 1]
FEBR 22 LT A IR, 07 LA HDFS Sy £7£iff J2 1) Spark HE 22 7E 04T
Web-Stanford % & 52 B+ i B[R] VH #E 22 L 7E 344 T Web-NotreDame
B S B A I R S AE B DR 40 s, PO AR SCHESE b 9 176
J2 IR EE T (Neod)) , ITEEUE PR BA RAF AR 2H 2L, £F
AESSHE LSRG I B, B LA T 8080 22 0] 5¢ R B0 5= 2R 4 11
B A RIF RO ER B ERE . SR HDFS D742 ) Spark AE
DR R G5 AR B S 4 R T B BT 2484, B LT AL
FRAR AR . MapReduce HESETE 33 9 > B4 45 A AT #E I 22
HIE 1000 s, FEEFALE T I00 & A6 2 215 2 18U
B JE TP M S5 R R R AN T BRI &, 615
HEASHE LR R AR PERBAR AT

X F Web-Stanford {4z & il Google-Web $454E , i &
IR BE SR T A SCHE AL P A BUIE AR B PR T I TR #E 22
Heir 60 s, i A HDFS Sy A7 4i# )2 (Y Spark HEZLLE P di 46 L
IS FE 2K 100 s, TR RTE T A SCHEZRAEAFAitt 22 2R T 1Y
VTR 5040 P2 1 oy A 10, T L 1 3 T RA T R
B, 5 EBEE KRNI . T MapReduce HE 42 [ %5 141 400408 1) 1%
INTE PR i B4 | A BOR g

4 LERIE

AR X PR AL BRAE T 58 )2 R R 45 5 ORI T
(A1, £F Spark FREE N T — RO TR AL BEALE] . %
Z e — A B HES A — A [T A7 A HE SR LUK 8] 9 — 4
P BAE AT 2 AL o AR SCRIBCT A I A AL A DR A phe 8040 il 2

R B L S ACAL 10 Bt B A R AR . JF HLAE 0 A U

FE T X MapReduce HE4E R ] HDFS {8077 fit)2 (¥ Spark HE4E LA

LA SCHERRHEAT T PageRank FlI SSSP 3% , 5B 45 RAR WA SC

HEZRAE R B R i BAT RAF AORRE M A 8ot b 13k h

ATIE ] o AR SR AT LS8 BB %o A5 KB 1) TR TSR0 R A it 2

AE, HLBERE SR IT % A C BRI o IUHESRREAS I FHAEALE M

ZRATIA BRI 4 L S R v
AR TAE FEBOCTEHEAR B AR DI RE , LA S Anfef $2 74X 9 A

DL ORERy &9

S

[1] Salihoglu S, Widom J. GPS: a graph processing system [ C]//Proc
of the 25th International Conference on Scientific and Statistical Data-
base Management. New York: ACM Press,2013:1-22.

(2] BEF AER,FT, ¥ GFEHBETRLLI]. SRR
#F4%,2012,29(9) :3216-3220.

[3] #7a0, 2, hAh s REEARGER[T]. FHEME AR,
2014,31(6) :1612-1616.

[4] Dean J, Ghemawat S. MapReduce: simplified data processing on
large clusters [ J ]. Communications of the ACM, 2008,51 (1) :
107-113.

[5] LinJ, Schatz M. Design patterns for efficient graph algorithms in Map-
Reduce[ C]//Proc of the 8th Workshop on Mining and Learning with
Graphs. [S.1. ]:ACM, 2010: 78-85.

[6] Bu Yingbi, Howe B, Balazinska M, et al. Hal.oop: efficient iterative
data processing on large clusters [ J]. Proceedings of the VLDB
Endowment,2010,3(1-2) :285-296.

[7] HaLoop. [ EB/OL]. http://code. google. com/p/haloop/.

[8] Malewicz G, Austern M H, Bik A J C, et al. Pregel: a system for
large-scale graph processing| C]//Proc of the ACM SIGMOD Interna-
tional Conference on Management of Data. [S.1. ]:ACM,2010:135-
146.

[9] SeoS, Yoon EJ, Kim J, et al. Hama: an efficient matrix computa-

tion with the MapReduce framework [ C]//Proc of the 2nd IEEE In-

ternational Conference on Cloud Computing Technology and Science.

[S.1.]:IEEE,2010:721-726.

Valiant L. G. A bridging model for parallel computation[ J]. Commu-

nications of the ACM,1990,33(8) :103-111.

A, EAM. & T H %k 09 2 X X MapReduce 42 [J].

Hau e M ,2013,33(12) :3591-3595.

[12] ##E, 2 —F, 31 &. L T MapReduce 8910 P 3k HE2 H ok
[J]. 3 A m A ,2012,32(11) :2989-2993.

[13] Chebolu P, Melsted P. PageRank and the random surfer model[ C]//
Proc of the 19th Annual ACM-SIAM Symposium on Discrete Algo-

(10

—

[11

[

rithms. Society for Industrial and Applied Mathematics. 2008 ; 1010-
1018.

[14] Spark[ EB/OL]. http;//spark. apache. org.

[15] Zaharia M, Chowdhury M, Franklin M J, et al. Spark: cluster com-
puting with working sets[ C]//Proc of the 2nd USENIX Conference
on Hot Topics in Cloud Computing. 2010 10.

[16] Malewicz G, Austern M H, Bik A J C, et al. Pregel: a system for
large-scale graph processing[ C]//Proc of the ACM SIGMOD Interna-
tional Conference on Management of Data. [S.1. ];ACM,2010;135-
146.

[17] Hadoop file system[ EB/OL]. http ://hadoop. apache. org/.

[18] HBase[ EB/OL]. http://hbase. apache. org. (T#% )



E;‘%lZ,ﬁ)E] /[’Lﬁﬂﬁ % H‘ﬁ)\é]

TP FEARBE AR R AE A RS, o RIS, AN SCRAS SRS R 1
5 RSN S5 s O (LY s A 11 T AR S A, T ELIE AR A [ URFAE
o228 S R R A £ LA A X T o T 0SB B O BT
FRES DX TH] P, SN T 22 S5 3 S DA B3R

300 T 1000
2500 | 800 —
200 T 600
150) — ; —_—
IOO:BQ o=
500 200 I =
APSO RAPSO OL-PSO AIBBO APSO RAPSO OL-PSO AIBBO
(a) #2)F1 Triangle (b) 2 FF2 Triangle
250 + _ 3000 —
200 ! 1 T !
200
150 T
100 = ‘ 100 ‘
50 o - L
== 0 * =
APSO RAPSO OL-PSO AIBBO APSO RAPSO OL-PSO AIBBO
(c) B2FF3 Triangle (d) #2Fr4 Triangle
1000
800 -
600 Q
400 -+
200
0 e
APSO RAPSO OL-PSO AIBBO
(e) B JF5 Triangle

B4 1004 S5 F DOy i A R B A R gorT LR

[2]

[3]

[4]

[5]

(6]

(7]

(8]

[9]

[10

—

J A 04 B4R E K R AR B4 R - 3747 -
SE 3k
[1] Zhang Yan, Gong Dunwei. Evolutionary generation of test data for

paths coverage based on scarce data capturing[ J]. Chinese Journal
of Computers,2013,36(12) :2429-2440.

Shan Jinhui,
testing [ J ]. Acta Scientiarum Naturalium Universitatis Pekine-
nsis,2005,41(1) :134-145.

B AR, RW. AT EMRNRZE Z DKM AEAC A R
[EB/OL]. #4454 ,2016,27 (4) :a4.

T &, B, kS, F AT REEES 2 ik al XA A A
A m A &[] B4 F4R,2016, 27(4) :a5.

BEAAR, LK, M. BN 2 W %09 35128 20X B0 4
A& [EB/OL]. $k4%%r‘¢&,2016,27(4) :ad.

Mao Chengying, Xiao Lichuan, Yu Xinxin, et al. Adapting ant colony

Jiang Ying, Sun Ping. Research progress in software

optimization to generate test data for software structural testing|[ J ].
Swarm and Evolutionary Computation,2015,20.23-36.

Mansour N, Salame M. Data generation for path testing[ J]. Soft-
ware Quality Journal,2004,12(2) :121-136.

Dahiya S, Chhabra J, Kumar S. PSO based pseudo dynamic method
for automated test case generation using interpreter[ C]//Proc of the
2nd International Conference on Advances in Swarm Intelligence.
2011:147-156.

Tiwari S, Mishra K K, Misra A K. Test case generation for modified
code using a variant of particle swarm optimization ( PSO) algorithm
[ C]//Proc of the 10th IEEE International Conference on Information
Technology: New Generations. 2013 :363-368.

Jiang Shujuan, Shi Jiaojiao, Zhang Yanmei, et al. Automatic test data
generation based on reduced adaptive particle swarm optimization al-

gorithm[ J ]. Neurocomputing,2015,158:109-116.

[11] EaR, 245, #5&, 5. A T A S04 T Bl X A F
4 ZEFRiE ATy k)], 4R ,2016,27 (4) 123,
[12] Simon D, Omran M G H, Clerc M. Linearized biogeography-based
G N1 2 BA - E bR AR I AR 0 i A R, AR SO TS o optimization with re-initialization and local search [ J]. Information
R G ARG R =t T SO )]
T B R A e e LA
a5 R SRR Pk =05 AT T R P S8, AR SCAE R [14] Zhu Xiaomei, Yang Xianfeng. Software test data generation automati-
R ER TACHENA RN 45 TAERIE— 5058 E cally based on improved adaptive particle swarm optimizer[ C]//Proc
=2 HARESAE ni H fﬁﬂﬁi ﬁﬁl‘ﬂﬂﬂio of International Conference on Computational and Information
T s, B RS A B R A ARSI Seiences. [ $. 1. ]:IEEE 2010 :1300- 1303.
Y FIAT R B ) [15] EA%, 208, kM, 5. A T B & o8 T AR AL KR
) k)] @%%%§,2014,42( 12) :2345-2351.
(L% ) [S.1.]:ACM, 2010 42.
[19] Ghemawat S, Gobioff H, Leung S T. The Google file system[ C]// [25] Bi Tianshu, Ni Yixin, Shen C M, et al. An efficient graph partition
ACM SIGOPS Operating Systems Review. [S.1.]:ACM,2003:29- method for fault section estimation in large-scale power network[ C]//
43, Power Engineering Society Winter Meeting. [ S. 1. ]: IEEE, 2001 ;
[20] Neo4j[ EB/OL]. http://www. neodj. org/. 1335-1340.
[21] Seidman S B. Network structure and minimum degree[ J]. Social [26] Avery C. Giraph: large-scale graph processing infrastructure on Ha-
Networks, 1983 ,5(3) :269-287. doop[ C]//Proc of the Hadoop Summit. 2011.
[22] Angles R, Gutierrez C. Survey of graph database models [ J]. ACM [27] Low Y,Bickson D,Gonzalez J,et al. Distributed GraphLab: a frame-

Computing Surveys,2008,40(1) : Article No. 1.

[23] Angles R. A comparison of current graph database models[ C]//The
IEEE 28th International Conference on Data Engineering Workshops.
2012.171-177.

[24] Vicknair C, Macias M, Zhao Zhendong, et al. A comparison of a

graph database and a relational database: a data provenance perspec-

tive[ C]//Proc of the 48th Annual Southeast Regional Conference.

[28]

[29]

[30]

work for machine learning and data mining in the cloud [ J]. Pro-
ceedings of the VLDB Endowment,2012,5(8) .716-727.

Angles R, Gutierrez C. Survey of graph database models [ J]. ACM
Computing Surveys,2008,40(1) :1-6.

Renzo A R, Domingo G C. Survey of graph database models[ J].
ACM Computing Surveys,2009,41(1) : Article No. 1.

SNAP[ EB/OL]. http ; //snap. stanford. edu/.





