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Abstract: The existing MapReduce scheduling mechanism that used in heterogeneous environment may lead to the migration
of data between compute nodes, and manage system resource allocation difficulty. This paper proposed a dynamic task schedu-
ling mechanism to improve these problems. First, this mechanism distributed data in proportion according to the computing
capacity of each node. Then it estimated MapReduce job completion time in heterogeneous environment by using resource pre-
diction model,and calculated task slot requirements based on its completion time. The experiment results show that this mecha-
nism can improve the proportion of task data locality, and dynamically allocate resources in order to ensure the job is comple-

ted in the the specified time. It is demonstrated that this task scheduling mechanism is effective and feasible.

Key words:

0 3l

il

Fiti LN o3 2T BB R B &, R 22 Y 4y 7 if
24 MapReduce £ AR 2 5 8 B9 - PR SZ B8 Hadoop >R 4b B
ML K50 3 o 4 G A RO 2 48 4 T B R

MapReduce" ™ i i Google 24wl # H, &4 H BT AR fi
ey A AR R %’?‘Jﬁtfﬂl‘ﬂm)ﬁf(m THRR . Hadoop*

A RB A A KA BE AT 20 A AL B B AE S, S T
Google f] MapReduce I FIHESL , T AE 0 10 R FHAR 4051
S22/ INH) T AR BLTT , 415 2 BT R B A T P (AT o)1 a5 1
A7,

FE SR Hadoop £ FF v 45 AN BIL A8 1) 40CHE 4 T 2 2 AN [
(0, R 2 U B S T o 1 a5 2 ARG e Y i o
P A B SEAEAEIEAS R S B . O TR P SE AT 5, B
TR S PR B TE AR b ABRAT 55 B, S REFA BRI I 457 e
I T 3R Ak TR B 30T i A A A B R o T R Y A R
TR RS B A B B T 7 A 4 s ) T e TG I B 11, 33X

B4R 2013-01-31;

ﬂfgfﬂ'ﬁ]—jl\ 46]‘;:]]( 1988- ) B

&E HHE: 2013-03-14

MapReduce; scheduling algorithm; resource prediction; data placement; heterogeneous environment

SRR BUR S BOME AT, BExdx — R, HATE N4
[ZY R0 o o XCHR[7]HEH SAMR ( self-adaptive MapRe-
duce ) FAE: 55 T B2 SR M, B A5 AR S5 Dl s BT R
SAMR RESh AR T e 18 B AL 55 FEAT & 0 43 A 46 o I A T I

], {EJ2 SAMR TEPAT #0031 55 I, 7F B0 5 I8 S A R 05 F 4
a0 a3 Am o), SCHk([ 8 142 Hi Y LATE (longest approximate time

to end) JARESVA S 1B T RGEH) A, I i A T T A AT 55
AR AR IR [ IS PR T e M A 554 b 8 A 55, i R ] LAY i‘i
4578 MapReduce fF0 75 57 44 BR85 H S00ET B A D T 18], {H 2
WBA 7 R A ) SCHk[ 9 ]ﬁﬁ?%?aﬁlw
Bt 7 A5 (1 MapReduce {55 98 B2 50, 12 98 B2 50 2 15 450
FME 55 B SESR , A5 7000 75 S8 AR e P Xl 1 o A i O T 2E AT
SFIRRE (R BB 5 B M IR N i S IR B O ST
(10 48ty —Fof B0 AT 55 AT 9 S0 A% F 15, 5 AR 408 A 55 o) A
[E) B AT MapReduce {1 55 B REF1 0 122 AT 55 141 8 B I 70 Pie
(77 1 ARAZTT R AE R A PR BT T SEBLRG , A 5 I8 R il
B, SSCERL 10 AR T Y BE I A SCHR (11 ~ 13 ], AT

HETHE: BEaAA3L 4587 A (60673061,60873074)
5 E AR AL BB AR A, £ BB T 6 A =it 5 (354679194@ qq. com) ;

ZA=% (1956-) , 8 ,#3% , %+, 25

AT AABINREG AZ LR L EL(1981-), F 905 &, 22T A ZHAEFEEL 4.



% 11 37

T A, 5 — A+ M IRIL T 49 3k T MapReduce 42457 & 5 AL

- 3371 -

A T 25 VB S PRIEE S il RO I3 e A IR, DY e A
REAR Kt fl L B2 A 5538 175 D0 A 3 e 46 368 19 4 55 )
JETREMS

BT BRSBTS , AR SCHE 5 BB i A P LA E R
H T R T R DRI U vk 1 S A A 55 PR BRI

1 MapReduce ##& st I 4151

1.1 MapReduce 7143

MapReduce'* & Google #& ) FH 5H i £k 43 £ 3 2 4t (1) 45 72
B S RATE TR T — DR TSR, IR B R 4t
FEZEAYSELAH T . MapReduce 3@ 3 ] F7 2 X ) map Fl reduce
P SO B AT A B . Map 56 %k 32 0 0 i A B0 80 ke S5
— 4L A A X (key, value ) |, 3 32 reduce pRE AL B Hb ]
FREAMS R R R (K, V) .

MapReduce ffll ATt JEAE map B BESEHUH J 4
N, F Ry HAEAR R A SRET , SR J5 AT M 28 LAY map
BRI, A L7 A 1) ) 25 RAF A T T s B X, Y
22 Wi X PR I UK 28 o 25 SRS AR G B, RS AR
ZHT L TR reduce 1T 45 (19 B K 500 R 4 AH TR 5CH 1)
43X 7E shuffle&sort BB, reduce {55442 S ¢ AR IGHE 1T HT-
TP YRS A%38K (1 map BB i ™ £ I AESC . SREiti
map {55 145 A RECR R T & H4RAE , HR L& 91 B 1
H—A> reduce 1155 (15 ABE . 7E reduce By BEHRAT P A &
S reduce PREL, FEH A PR M RAL R, Db R
W 1 R,

input data

(Coutput data ] (Coutput data ] (_output data J
1 MapReduceFdigab#iid 72
1.2 Hadoop #1 Hadoop ##E 51 & 5 B&

Hadoop“: JEFET MapReduce B TFIRSEFLIRA . Hadoop HE
ZRAAEPIA TR O3 « B IS 5T s 4 MapReduce £ 1 i 77
At LI 3 AT S E &R 5 HDFS Bk, e T3k A A
AR =

MapReduce &4k 322 iy I 2835 S L, — > F 755 5 job-
Tracker F1Z4> TAEYT & taskTracker, JobTracker £ ZE A1 Ttk
& PR R, FAEAE LR Z3 P AP AT 45 28 84, B map £
%5l reduce f1:55 , TERNAT: 55 19150 h VR M 9 T5C 8 SO A
NS TE , SR G AT 55 43 L 45 TAF 15 54 taskTracker,, Task-
Tracker 1157 5 L M P AT map & reduce {T- 55 , taskTracker HJ{T:
FHATHIC (slot) HBEIHAT — 4> map B} reduce fF: 55, Task-
Tracker 22 %€ i 1] jobTracker Y AT 55 $0AT 1% Ot o U0 IR task-
Tracker A4 55 PUAT B TC A AT 554007 , W jobTracker 23R 45
ERBEAE RIS .

7 HDFS' ™ e G SRR B A #1527 nameNode, 1ff
BT SR EARAT O A 55 FR A dataNode, 24 ] F7 [1] nameNode
RALAE At 1 >R BT, nameNode 22 FR 8 2 1) 55 9 I R w0 B0 4

TAETESEREN I Z 4> dataNode I, HDFS 7 5k 35 17 U538 B
PR RS ESF SR D 118 S A2 0B B 1) 224 R0 A [ )77 5 7 A
B S — A BE DL v LA 10 37 a5 o B mT AR PR 7 A5 1
map 1155 R A i 52 U , T 224 A% 3t 15 o5 R0 e 2 R
FA 550 )3 328 % St ity 1 st 0 AR S B (R SR M AU %
A B A S SR FH Az s 1 S B AL B 28 1) O Tk T B 2 S BB
P AE ARSI R B PERE I 2% o 224 AL L 68 it HL AR (7 R R
BT ORI, W3 2 I A B B 3 B IS 20 22 P IS )
FEE, Rl BE AR UE T & 2 [ SR A -1 .

2 ARREEREIT

2.1 BRMEHPHENESR

7 Hadoop F R JBCE T H 2 40 F P 1 i A 80808 50 43 Ay
[ R/ N B B /3 A dataNode I 7E W41 Hadoop £
o RO R AT R B I RIS S SRR, O A 4
BER A AT A T RN B AR SO 2 T4 0
TIEERE ) B O 1% o Ky V0 e Y R IR Y AR
%5y il 58 22 (B B, AN SRAPAEAE B S SR U R
AR 50l AL 380 9 35 A L , D054 A% sl ik agk v DA K b AR
TCRR AT A2 45 A a5 SRR 0 i 2 Sk A AN S LT
AE TRV PR (1] P 58 B A B3 oAb

TEF P BB A TS Z R, T B A AR P A5
AN REAR AL PR . Sl A SO A T AR ok
SR SRR A A B A R . T RRR ) R
AL BB SCHCH T (g e 1]

EX 1 95 MIHERE D) P AT RR N
Pl:% I<i<n (1)

Ho: B R i i P BEE RN T 3R 13 i 403 B fi )
BF ] s AR T S AL

B RTHRRE S 0 2 & R AR Bk SE AL, B
AN SFA SRR N AT R, TR AT 5P 4 il Bl s A7 A
[F] (%) MapReduce fEV. J, BRI 4E 715 o5 A0 H AR 1) 450 14 X
Pt s SRS B B AT VR 0 58 BB (B A 75 355 o T
A PEEE I/ ARTA] , 33 20 (1) S0RT LUK S 35075 3 154
TR P

T TR U B G0 ] 3 T S TSR RE R R AT B A
BV P ARy D AEERF A AR A A B .Co T
SRR LA BB TR S, FTLIREI T S AB.C
WITHERESIE R Py Py F1 Peo D, AR A LBHRED,
Dy J5 B EEEE, D, TR C BB, S TS
AT RBRAR A PR BT [ 3R B 3 5, T AR B DA 4

PyxD, =Py xDy=P,xD, (2)

Horr, D,+Dy+D;=D (3)

il RTS8 2 R AT A5 2 0 7E A& AT A B EUE
D,.D, # D,
2.2 HRWNAGE

FE 2. 15 R A 58 5 SO B RR 7 0 Bl i vk T
DM A5 s AL BRAS Hb B 1Y e T 2K 30 244687 , At T LLIE B
b TINS5 AL PR T A b 1) e U ] o PR E B0 5 B 1Y
FEAl b, A9 B BEUR W0 U vk AR T B0 MapReduce £E Ak
149 58 BB ) L B 4 S B8 U 1 A B A3 o



- 3372 -

WA N R A R

30 &

B

{41 MapReduce b J #1464 R N A~ map (T 45 F1 N* 4
reduce 45, 3F1EH S” A map £ 45047 878 (map slot) 1 S®
A reduce {155 04T BT (reduce slot) ARTEHZTT, T I E T
AT 45 RAE T RO MVl T (4 52 JU 1] o 3 4T 45 R
M EEAS DR

a) N N A~ map {145 AT Bk B NV AR 55 &
N <2 xS" g2 NY—ax N" (0. 1<a<1.0) , 750 NY—S",

b) BEE reduce {155 HIRFENFN NS, & N < S" 84
NN I NG—S*,

o) FESEREPAB TR J A9 RAEAT 55 343 B3 s A4 map
1155 i WsE st i) T (0) it 8ol K/ DY (i) Fdg A~ reduce
1145 j 1£ shuffle&sort [y BE A 5E S 1] T° (7) LA B AE reduce By B
952 B IE] T () A Al /s D" (j) o

d) FIFHIC S M BUE 8 3T, reduce {155 45 B B 0% A B0 K
INFRSE BT ] (R eR AR OC R, A0 s

T (j) (DR () , T (j) g (DX (j))

JH TR SR B, (R BT LIAR B reduce 455 1 °F 2% A
g KN Dy Ry
N x 35 DR ()

N:‘l’ x NE

e) T RAEAT 55 75 45 By Be i1 ¥ 58 It o]« T «—E (T
(i) (Ty #mFTA T (i) WFmEE]) , T «—f(Dy) , T«
g(Dg) .

B TR J 3817 shuffle&sort (155 — KBRS map B B
VER BB, A SCE X reduce T 55 1 shuffle&sort 55 — Y 5
VR SERR T T3

Df;«—

‘ ‘ ‘ ‘ Y % Dt
N <S" B4 Ty Ty W25 T 2/{ N :

} SM X Dh’ } M SM X DH
T;“/{ m EJ | Tls‘*{ NiH E} + Tg - Txgo

},%IS/A

N S‘I NM
) B J 75 map F reduce [ BE -1 52 ]
M,VNiMMR,VNiR_ S NiRR
Tuvg'\'{ SM}TE 7Td\'g~‘: SR I}TE "{ SR }TE
A RS TAE S R ERAT, W LR RIAE L T 7R map B
Bt shuffle&sort [ B (1955 — K BRAE T reduce B BLAYF- 34 58 BT
153 50K Toy T7 N T o BEANENL J S0 58 U] AT 22y
T =T + Th, + T} (4)
TSR map/reduce 55 (N, N*) FIAEAE S BCAO VR (8"
S KFIRAE 178 U ), B 45K (4) AT R
ngz{lsvfﬂT}f{]g—ﬂ(T%Tz)+T-,*'—T-;; (5)
A PN A 5 SR I T IR P9 56 A A 95 285K, JUJabh 23
FR DR LR PERE L. 45 %€ MapReduce fE01 J Al AR #i4E D,
W5 B3 IE 22 A map/reduce {5500 T I LT I AF L A RE T
R HAERS IR 7 N S8 I PERE T oK o 1 deilad A=K (5)
GE

AJ B‘/
STJFST:C/ (6)
Hor A, =N" x Ty B, =N“x (T{ + ) M €, =T, - (T} -

Tp) o
S TR S5 R 20 (6) 2755 map il reduce £E55
AT HOEA RIS A T HUE 24 S 0 S* 2 R/ MR,

SERIE B 94T 55 PAAT HOC I BT IR A R fee i o o T S ki
BORRUT R«

ol ‘ A, B
F(SM SR) =S¥ 4 SR EEP’ST]”?;:C’

FI LS B H SBT3 BB (. ) BB /IME
o S B JBC/A /B

Cl Cl
2.3 ETF deadline BEh&PEE %

T AT S A A R e Y T SRR A B T T A
BRI 7 2 53 H7 , AT HE L T deadline 1) ) 25 I8 BE 50k
AR J BRI AS I, R4 2.2 5 g (7) KAt AR T
TEFE T deadline g T A 5¢ BT i 19 $hAT B8 B0 19 e /ME
minM Fl minR, #5 i minM Al minR 5 CE], W F B J
2ia AR T e gBm  HEEAR L RS A B i TET . Y R AT
A2 W BT, 38471 BA S 3 — AR, R AR E
SEIRA map 55/ T A3 FC 25 Vb B B8 U8 minM D) RS 2l —A>
HTH map A£55 . M EDAH —A> map {E: 55 AT 5E BT, A RE
) reduce [E%5. R, SREEAT2S IO VEINT . AF AL E 5
JEH reduce AT 557N T 43 BE 28V A B 8 minR, WU 5l — A~
B reduce 1155 o Fcfe iR MEKEEE S AT 55 BAS1 . HE T dead-
line Yy 25 BE 52 1) OO AR AR SR

1 M«freeMapSlots

2 R <« freeReduceSlots

3 JobQueue 2 4Hi{E M FA S

4 TaskQueue. initialize ( )

//TaskQueue J& 53 BLAE 55 I AFI 25

5 4IET deadline Jy T AR j S 52T

6 MRIEK(7)IHFAE § 89 map FI reduce T 55 AT HIT R /IME
minM ] minR

7 1E JobQueue HARYE (minM, minR) BRI HTHERP

8 repeat

9 fetch first Job j from JobQueue

10 if RunningMapTasks; <minM and M. size > 0

11 Task t«—job. obtainNewMapTask ( )

12 TaskQueue. add(t)

13 M. size — -

14 end if

15 if FinishedMapTasks; > 0 and R. size >0 and RunningReduces; <
minR then

16 Task t«—job. obtainNewReduceTask( )

17 TaskQueue. add(t)

18 R. size — -

19 end if

20 until endOfQueue( ) or (M. size ==0 or R,size ==0)
21 return TaskQueue

(7)

3 IWAERSMRESNT

AT TE i LI SR B0 AR SCHE A LT deadline B B AR
BB, 3 Hadoop IUA BB AT PEREXT Lo A SCE L TR
SRRV A SCIE A SRR o AESEE 1 o S
A5 S50 R B AR H AL T HRAE 55 LU i), T AR S5 2 R U BE 256
HAEAL AT RN TE IR A3 BOA Ol o SEI6 FRBE R th L A 10 a5
ZH LAY Hadoop 227, TEAERFH, Hadoop JiRA Ry 0. 21, ffi Iy
FER SN Ubuntu R4, EREP R =AW A BN S
JEDURZ Intel i3 CPU, 3247 3. 07 GHz, N 4 GB, PLEE%k 2 14>,
B 2595 S 2 DU#% Intel i3 CPU, 32451 2. 7 GHz, 17 4 GB, HL#R %L
2 4~ C 235 S AU Intel i3 CPU, F45 2 GHz, Nf£ 2 GB, #
B A AR EASAANER 1 R



T A, 5 — A+ M IRIL T 49 3k T MapReduce 42457 & 5 AL

- 3373 -

11 H
#F 1 Hadoop FEREREMIL 3R
R CPU MAF Bl
A 4-core 3.07 GHz 4 GB 2
B 4-core 2.7 GHz 4 GB 2
C 2-core 2 GHz 2 GB 1
3.1 HIEARHE

BT mOH AR BB R SR T AU/ B A v e
5 AR 5 22 [ A R 1T A%, DT 42 1 57 s B A s Pk
R 5285 158 332 1T WordCount 1 Sort Ji7 F 2 77 2k 36 UE %
PIA I, . SEE0 A3 AP , — A A I 179 s G Re 0 Y A afs
JUCE J7 ¥ (deadline ) , 55 — 20 i FH RGN 19 5406 i O 12
(FIFO) , {Fig4T WordCount F1 Sort SZLGH , 1 453 HDFS th iy
AR RN BB A 32 MB .64 MB 128 MB #1256 MB, 4k
JRTEATRIEBAES R NI T , 4352 A7 PA AT 10 1k,
FIr G map 4155 AR BT 7 F ORS00 LR 4S
e 2 3 FR .

OFIFO Edeadline OFIFO Edeadline

= 1 = 1
5 0.8 g F0.8
= 0.6 ; = 0.6
£0.4 § 204
20.2 ; 0.2
s 0 6 z 0

32 64 128 25
block size/MB

K42 WordCounth F Fmap K13 SorthY JH rmapfT-45 (1)
55 I HHE A H 1 L 451 H5HE A i 1 L g3

1R 2 F7, 24 WordCount i FH HH s K /N K 256 MB I},
Deadline £t FIFO [ map 1T 55 £ 35 4 Hb % Eb 91 2 55 K 24
23.5% , HAhEHEE /NN 32 MB .64 MB 128 MB BJ{&E L T
AR 14.3% 17.5% F1 15. 1% , 7E18 3 H1, Sort Jif FH H 19
BB F /N K 32 MB .64 MB 128 MB.256 MB I}, deadline [,
FIFO ) map {T: 55 £ 4 4 i PE LE 5 42 15 53 312 6. 6% (4. 8%
5.6%F7.6% ,

3.2 MapReduce {EMHITIE R

TESES 2 v, 1 Y628 WordCount i JT 1) 1 1 552 36 i 441
P FE B 53 500 A (R 94T 55 58 )T TE) 55K, SE g v A R I I %
TR AR R EA R . S IR AT HERR B 4 s il
AR Y SE SO0, 25 R ANIE 4 PR [l 4 4 s e sp ARl A
TR R G sh A HON B E L FOAE S5 AT SR O Y B, S50
AN S R 6 FR o

& 4 FIRPIA WordCount VRV By 58 AR . EAL jobl 7E
0 sEFEE2Z, H o8 iU [ AR A 240 s, R jobl F57E D1(240 )
WIEL. [FIFEVED job2 J27E 40 s 3242, H 58 B 1] HA B
120 s, R job2 F5fE D2(160 s) N5 i, TEVRILIRZT) , B T
AP R T £ B BUE AL FEPATHTA 30 s BYIER
Rl jobl 7E 0 s 8585 , RGi < B Sh#AT HATL 55 7E 40 s B,
FEb. job2 $23Z, R G IHF A 23 57 BT job2, (RN B @b 75 45 3|
jobl A — AT 55 25 W A $AT . 2 job2 FFLRMATHT, &
GE oW AR AL PR (A5 B R AN 1T job2 1 52 MU ], SR IS FR
Sres iR L INE >k 43 Be AT ISR 45 job2, FEIE 5 AT LU
B, RGN T HRIEBINAE M HEsf M, B S — BRI A 1L
BRI, HEWENL 58 . T jobl il job2 HHETE AL RE (T
() 39 R 1A 8

Bl 5 FR AR 1 55 AT B ITIY 43 BU IS Bl . 7% jobl
FRACHT , A B A ST A B IR 43 AL S jobl , F FHUATHAT 55 .

block size/MB

24 job2 #2232 )5 , B F job2 [T I EARR L jobl fET IR /N, Ui
B job2 Lt jobl $HA 5 & BIALFR , job2 K5 275 E| Lb jobl B 211
TWERPATIESS . REAEME AT R P SRSV i T T
TEOLHAT A PR RR AT TT , 7 job2 58 )8 , jobl RAHZIFR 43 Y
PRI TIIAS S P TE I8 . X U AR SCHE HS 1 1R B O 1k g
NS R BRI AT B A 38 M AT 55 PR TR T
10 T 4 ] =
%0 8

|-

50 100 150 200 250

N

oo
SOoOO
running tasks
N

4

percent completed
(=)
=}

104 D2 DI
0 50 100 150 200 250 0
elapsed time/s elapsed time/s

K4 ARk ATEER 5 ARl job 1 HAFT HBTIR T RL T O

: ﬂml

N

running tasks
s

N4

0 50 100 150 200 250

elapsed time/s

6l job2btd THRYE AL B
4 HERIE

RS T B ERE T MapReduce ¥ B #1256 F 508 5

FE RIS R TN £ K G TR RS, 23 BT 1 I X sk 2 ] e ) BF 5 7

2, IR A I B AN AL AR SO H B — b e o)

BRI A T E R Zh 25 VR FE AL o AL B9 B8 AR T e o

I8 T SR RS B R AU A 253 E R )R, AR R

R TPRLEERUE 55384715 00 , A Sh 638 AL 55 R BE SR m . i

I SLE T LUE AR T 25T deadline 93254 HE 31

REAE A AU 32 2 map T 55 AR08 A o BE 491, ] IR RE 05 AR 45

FH P P RE 25K S 25 73 FC B U A6 I 1) 3 R A 58 BT 55

SE 3k

[1] BRYANT R E. Data intensive supercomputing: the case for DISC,
CMU technical report CMU-CS-07-128 [ R ]. Pittsburgh ; Department
of Computer Science, Carnegie Mellon University,2007.

[2] PAVLO A,PAULSON E,RASIN A et al. A comparison of approaches to
large-scale data analysis[ C]//Proc of SIGMOD International Conference
on Management of Data. New York : ACM Press,2009:165- 178.

[3] DEAN J, GHEMAWAT S. MapReduce: simplified data processing on
large clusters[ C]//Proc of the 6th Conference on Operating Systems De-
sign & Implementation. Berkeley : USENIX Association ,2004 ;137-150.

[4] Apache Hadoop[ EB/OL]. [ 2009-03-06 |. http://hadoop. apache.
org/.

(5] Fskix, Bk, 23, 5. MapReduce J A7 BMUA HLx & []].
¥ F £ 4R,2011,39(11) :2635-2642.

[6] RAO B T,SRIDEVEI N V,REDDY V K, et al. Performance issues of
heterogeneous Hadoop clusters in cloud computing[ J ]. Global Jour-
nal Computer Science & Technology,2011,11(8) :81-87.

[7] s, FEWR. FHIRBET B & it MapReduce 3 [ J]. 3+ A
A5 A4,2009,31 (A1) :168-171,175.

[8] ZAHARIA M, KONWINSKI A, JOSEPH A D, et al. Improving
MapReduce performance in heterogeneous environments[ C]//Proc of
the 8th USENIX Conference on Operating Systems Design and Imple-
mentation. Berkeley ; USENIX Association,2008 :29-42.

(F#4 3379 ®)



% 11 29

1BEE 4 P 2 KA B g T )38 e ALR /] 4732 % 5]

- 3379 -

/N3 69 378 979 NG H) |, BRARI 7 ik A HoAt i A7 Kl SR AT G
Fisty. WA A RO T, RIABG 2R HAGRCR HE TR
JEI R I IE S o BRI o] LR AR R 3 ~ 15 £, F
S b AR AL 10 7 rand10m10x K4k b, R R
NBETE 20M ms {1 BRI 1] A 58 AT 550 TR AR B A iR
RIABG X F R B IR 2 HAT 7 8 nl I Pk 1 3 51 05 ik, U
TE AR E R A v A SUA S
FRA3 KEIA B 1 foh 2 VD K

e deg F T ]/ ms A ]/ ms ECIPNIN

RIABG RIABG DFS RIABG

2 128796 187.2 577.6 100 M

rand10m 5 226671 5823.9 90505 100 M
10 407158 1415296. 1 - (t) 100 M

rand100m 1169601 258.2 762.7 800 M
1084848 20467 131306 400 M

4 ZERIE

AT —Fh iR L IR 2R 51 J5 28 RIABG, 2 T REHLZ

DX FRICBRIE , AT AR S fifp e R 70 [ 8 9 v 14 T 25 1 [l AL

RIABG A Skl 57 I ] 52 A HE AN 2R 51 R/ 28 ) 52 2%

S, [ I B A I [ T LA A 8 1) 742 BB 0 2 0 A e e

A SEEGUERT A TR AL R ST, ik 26 CAFAE B R 51 7 A #R

ANEGRIFIY R, RIABG L6 T A7 26 19 BT A 7 2 1 MERE AR

4, 2 TARRHE RIABG 4 23l &5 &

B2k

[1] AGRAWAL R,BORGIDA A,JAGADISH H V. Efficient management
of transitive relationships in large data and knowledge bases[ J]. ACM
SIGMOD Record,1989,18(2) :253-262.

[2] JAGADISH H V. A compression technique to materialize transitive
closure[ J]. ACM Trans on Database Systems, 1990,15(4):
558-598.

[3] CHEN Yang-jun, CHEN Yi-bin. An efficient algorithm for answering
graph reachability queries [ C ]//Proc of the 24th International
Conference on Data Engineering. 2008 :893-902.

[4] JIN Ruo-ming, XIANG Yang, RUAN Ning, et al. Efficient answering
reachability queries on very large directed graphs[ C]//Proc of ACM
SIGMOD International Conference on Management of Data. New York :
ACM Press,2008 :595-608.

[5] SCHENKEL R, THEOBALD A, WEIKUM G. HOPI: an efficient con-
nection index for complex XML document collections[ C]//Proc of In-
ternational Conference on Extending Database Technology. 2004 ;237-
255.

[6] CHENG Jie-feng, YU J X, LIN Xue-min, et al. Fast computing

reachability labelings for large graphs with high compression rate
[ C]//Proc of the 11th International Conference on Extending Data-
base Technology : Advances in Database Technology. New York: ACM
Press, 2008 :193-204.

[7] KROMMIDAS I,ZAROLIAGIS C. An experimental study of algorithms
for fully dynamic transitive closure[ J]. Journal of Experimental Al-
gorithmics,2008,12(16) :544-555.

[8] WANG Hai-xun, HE Hao, YANG Jun,et al. Dual labeling: answering
graph reachability queries in constant time[ C ]//Proc of the 22nd In-
ternational Conference on Data Engineering. 2006 :75.

[9] CHEN Yang-jun. General spanning trees and reachability query
evaluation[ C]//Proc of the 2nd Canadian Conference on Computer
Science and Software Engineering. New York : ACM Press,2009 ;243-
252.

[10] BOUROS P, SKIADOPOULOS S, DALAMAGAS T, et al. Evaluating
reachability queries over path collections[ C]//Proc of SSDBM. 2009 .
4-6.

[11] JIN Ruo-ming,XIANG Yang, RUAN Ning,et al. 3-HOP: a high-com-
pression indexing scheme for reachability query[ C]//Proc of ACM
SIGMOD International Conference on Management of Data. New York :
ACM Press,2009 :813-826.

[12] COHEN E,HALPERIN E,KAPLAN H, et al. Reachability and dis-
tance queries via 2-HOP labels[ J ]. SIAM Journal of Computing,
2003,32(5) :1335-1355.

[13] SCHENKEL R, THEOBALD A, WEIKUM G. Efficient creation and
incremental maintenance of the HOPI index for complex XML docu-
ment collections [ C]//Proc of the 21st International Conference on
Data Engineering. Washington DC: IEEE Computer Society, 2005 ;
360-371.

[14] RODITTY L,ZWICK U. A fully dynamic reachability algorithm for di-
rected graphs with an almost linear update time[ C]//Proc of the 36th
Annual ACM Symposium on Theory of Computing. 2004 ;184-191.

[15] DEMETRESCU C,ITALIANO G. Dynamic shortest paths and transi-

[

tive closure ; algorithmic techniques and data structures[ J]. Journal
of Discrete Algorithms,2006,4(3) :353-383.

BRAMANDIA R,CHOI B,NG W K. On incremental maintenance of
2-HOP labeling of graphs[ C]//Proc of the 17th International Confe-
rence on World Wide Web. 2008 :845-854.

[17] HE Hao, WANG Hai-xun, YANG Jun,et al. Compact reachability la-
beling for graph-structured data[ C]//Proc of the 14th ACM Interna-
tional Conference on Information and Knowledge Management. New
York ; ACM Press,2005 :594-601.

TRISSL S,LESER U. Fast and practical indexing and querying of very
large graphs[ C]//Proc of ACM SIGMOD International Conference on
Management of Data. New York : ACM Press,2007 :594-601.

(16

—

[18

[

(k3% 3373 W)

[9] GUO Lei-tao,SUN Hong-wei, LUO Zhi-guo. A data distribution aware
task scheduling strategy for MapReduce system[ C]//Proc of the 1st
International Conference on Cloud Computing. 2009 :694-699.

[10] POLO J,CARRERA D,BECERRA Y, et al. Performance-driven task
co-scheduling for MapReduce environments [ C]//Proc of the 12th
IEEE/IFIP  Network Operations and Management Symposium.
Piscataway ;: IEEE Press,2010:373-380.

[11] KC K, ANYANWU K. Scheduling Hadoop jobs to meet deadlines
[ C]//Proc of the 2nd IEEE International Conference on Cloud Com-
puting Technology and Science. 2010 ;388-392.

[12] VERMA A,CHERKASOVA L, CAMPBELL R. Resource provisioning

framework for MapReduce jobs with performance goals[ C]//Lecture
Notes in Computer Science, vol 7049. Berlin: Springer-Verlag,2011 ;
165-186.

[13] WOLF J, RAJAN D, HILDRUM K, et al. FLFX: a slot allocation
scheduling optimizer for MapReduce workloads[ C]//Proc of the 11th
ACM/IFIP/USENIX Conference on Middleware. Berlin ; Springer-Ver-
lag,2010:1-20.

[14] x| ms. 5= 8 Hadoop

F Tk s paAE 2011,

BORTHAKUR D. The Hadoop distributed file system : architecture and

design[ EB/OL]. (2011). http://hadoop. apache. org/hdfs/docs/

current/hdfs_design. html.

Failaf =itz M] bw. b

[15

[



