BRI AR 2017 4 5527 & 554 1].295 ~302

doi;10.3772/j. issn. 1002-0470. 2017. 04. 001

T [ % F R 2R 55 B9 MapReduce & 8 i E & AR

MEHD

(o E A R AR R BT E LR B
(FEBFRAY i 100049)

Jb 3% 100190)

fli % #af MapReduce R ILAH Z KA S A P 3T L R P 8y 5L b5 7K R
FoRELI AT IR Ty B AL, R E T — & T & #1047 % & (HEL) 8 MapReduce % 2
i L 5——HEI Scheduler, % & 3% # 1 2 7 BB 1E L AT E & 0k Ao AT LA, 5
2| & P4 VR T R A (B R AL AL, I LLAE Mk SEBT R slot By R 8] 4R O AE Ak o R B
TRE W EATVE, P 28 A S0 R R i /D 36 F R LR R A TR 2 B A L
SR RE W, PATE S ATILH G2 FR M RAEE L R F R, R A EHPEEE

7%= HEI Scheduler ¢ 4% # 2% 3 45 55 1F W B9 AR AT B
XeHkin] MapReduce %5, % H FIIF, WEH &k, FLHATEERE

0 3 =7

BB & A ol 1 B JIE fry 8 H0E 5X3
Koo WA RSB 5, R0 R T & 1 [
Vi AR b B TR 7 58, S T L K B
A BTG SR , Google VLIS B T 18] ] I ek 5047 Aok 3
f¥) MapReduce'"' 4 #2457 . MapReduce J2: ¥ 5t 442
Kb AT S5 — A BR AR D ) S R A A, 55 T
A 2 RIS, DT e 30 T 98 i e A B
AR A Wi 8 45, Hadoop'® fE 24 MapReduce il
Google I 255 (GFS) ™ WTF RS E T Z T T
Tl A RIS 4U8, Horf MapReduce Ml 4 18 55
MR — A S BT, 4 56 28 B0 0 Ah T F) 5
G &

AT FE PR B O il N A 3 5, B
TR I, s IR A R AT 55, B4 P AL 1
AR AR B W S B T A £ B AL S

WA T2 X — R AE, I FAR R 2R R A VR A
RGP TG AL A BTR TR, PR, ] et Al
VRS LR A B A O R R, A A A
) —A~

AR SCER N R B SR A TE A 1R B SR S
b BT PR I5 5 #1745 BB (historical execu-
tion information, HEI) {f) MapReduce 4 B {F I 7 Ji2
SR RS A WSO AN S BT B T R VB 1 7 s R
FTH5 BAT RN FH P AL 58 IR 55 5K BE S ) A5 £ 1) — R
T, DA A A A o S A T 080 B0 1) S AU U
B, IR 1A% Ak HEA T S 28 I BR ik =2 40, LTI
ST AE B AR , 8 2 2 AT 45 P AL VR B IR
7 FVREAE , SRR M R R Al ) R T RERE 0, i
5 TR VR 1) ASLEE 43 0 4% 9 U, S 2 ol SR T R Sy
FCBE &3, S g R W, 32 H T 1) 2 H P IR 85%
) MapReduce S 18 B 5432 , BEAS AT 20k 45 0
SETEVE D ) B AR T i), 2 R AR TR T 36

O  EZERH ST (2012BAH46B03 ) | [H 5 B SRFL 2 1 4 (61402473 ), 1 & 3 (2013ZX01039-002-001-001 ) A1 e [F A} B 56 5 % T

(XDA06030200) % B35 H .

@ 85,1986 4EA: AR WFSE 7 1) VR BR A EGE S AR BE R A, E-mail ; chenzhongtao@ ncic. ac. cn

(WeH B 3 :2016-05-11)

— 295 —



FEROREIR 2017 44 H 5527 % 454 1)

1 X ITHE

1.1 MapReduce 425

Vi —h A B 20000 1 DT AT SRR A Y, Ma-
pReduce DU RLEFRG AT J@VE AT FHYE 2580 15
B 7 AR BT B R S, o H iR
DI i B G A FRAR R 22— MapReduce & 245 7Y
Hi Map FI Reduce W~Fr BL2H . Map BBt 217
TR A G 0 L, X A BB (R o)) 3EAT
AbBE, A2 R TR S5 AR List(ky v, ) 5 1T Reduce i B
D42 BE TP S, R RUIE HEAT U 29 A 3, 4k v ) 25
SRR Fe, P AH DG 1Y v T) 45 SR ICHE i B3 %o 7 1)
Reduce #4740 B, & R e 28 45 2R list (ky ,vy) Hii i o
BB P ] IR R

Map(k, ,v,) — List(k,,v,) ()

Reduce(k, ,List(v,)) — List(ky,v;)
1.2 MapReduce {E\AEE %

£ Hadoop MapReduce Hv, /E gt ARl BRI
(JobTracker) >R —JHEERY . THIXS Z2 FH PP 435, Job-
Tracker 23R 4f 58 G B¢ & 1Y I8 B 4% & H P 40 T ¢
I3, PRIEAE ML 19 04T . BT, Hadoop MapReduce %2
RER IR A 3 A LA O JB2 33— FIFO i 2 5.
W A JE (Fair Scheduler ) #3577 | fig 1 U8 J&
(Capacity Scheduler) 595", I K 7E 1t 3 it ZE AR 3
FER LA A LAY IR EE L . T kA T
38T

(1) FIFO i i 53k i fie 1] B3 B WL MapReduce
R BB A L BB 5 B — A RS v 4
WS AZ 1Y S8 Jm WU e AR P AT . FIFO 3 B2 5300k
SRR B, IR BEFEE /0N, BEAE DRAIEAE Ml 4% RE B [R] 05
AT, {H FIFO JABEZE 5y Hh Bl o SRR B UL,
T AT 55 WO BHLZE , DTS /N D A AR A5 AN 31 P 3 )
W 37, 717 — PR A 90 T /NP 347 S PR R

(2) Fair Scheduler 2% Facebook 2, H#n
SEAR AR 1T BB B8 231 b e = S SR 1 3T 5 B
77 ; Fair Scheduler 8 B 2 B4~ P 240 5 57—~ B
AV , A AR AT fe /N AL = BT IR, AR AR
R GTIR LU A 7 A e 2 R 4l 1]

— 296 —

PR B YR U/ N T /N SR SE VRPN, 55 DR Y VB ]
AR T 5N 63T 245 4 R 1 T P AL 70 1, 75 1%
FHL P 40053 U B 0 5 25 13 B T e, P LA
I OB T M9 YR 5 . Fair Scheduler
B YA T R P P REAS 23 - 3K ISR U8
SRTTE L T A P 20 T F P (R s
TR R AR IR 22 5.

(3) Capacity Scheduler 5535 H ik fE /A TR Y, &
1 ARSI 2R, AN B T T — 2 OV 5 5%
SFHEE R, Capacity Scheduler 73454~ BA B 43 52
OB PO E AL F25 RPIRAS AR (BN S2 6
A S A A IR Y U LA B A 9 01 5 U
SRS, AW B PR 4L 19 T J@ BA S . Capacity Sched-
uler B3840 T 7] — FL P (96l 2 o S VR U6 A s
W, 3t ELAB S AT O A B4 2T APl (ER 2t ok
AR R SYE A 2 A 1 S e R

16 F3k 3 RPBLAC B SR SR |- S TR
JURI R I R0

(4) £ Fair Scheduler 236 19 L5l I, Isrand 2
DR T Quiency JAJE 887, 78 (A 4 BE T A A
ST B (A MO 1 SRl 1, 7550 20 - 1 V4L
&,

(5) 3 T A S P 35 3 i R
PRl JELRE R B L Wolf 2 At T — T R 2 e
B 4 T SR T S X U B MO AT O
1k, 7R A B AT Y UM

(6) TDWS™ 43 I8 . 45 2K T4 22 45 W8 U543 o 3
A IR R G H 1R, FE4L 2 3 R Y B AT
THL.

(7) B A5 1R 2 Hofth 6 T MapReduce 4 BET: 45 17
FERFSEI TAE " 10 M 2 R 45 3R e 24 5 A
T B2 YR UL A TRV FE AT AL

g5 LR, R TAT (1 8 2 e SR b 1
ST LRI IERO & LAY A T — & A, (F2
HRTEAT 90507 1A% T P 2L s R B 1] 9 B
1, JeH R A — I B Py, S — B YRR AL
PRV S A PG O, 3 O TR e A A HL. BR
e A T T R U 1A o, B e
R ZUH Y slot $g ok fi &, 3K % 1A [



R B « 1 15 22 F P PR35 19 MapReduce SR B I5AT 5T

PRV 2R Y S SR A 22 53

2 W ® %A F 35 80 MapReduce 5
P EH %

BR T, BUA I8 32 00 R 25 18 & T P 2 8
P SR RS Ak, AL T8 X 4 52 A A Ml 2 2 3
TN 3, A LA slot 11 550 8 & AE A b 5% 15 1)
A SO0, B304 422 Rl A S B B Y R 28 2
PEATIX AR IR, 28 5 1 L R0 BE AN 2 P-4 DL Y
Mo ASCHE Y BT I S AT AE B (HET) J3Hr i
MapReduce HEHE I8 B2 505, 348 70 B SR 1 b AN ) )
PSR B s AT AR R, LR B T A~ H
[ :

(1) R 2025 P 42 5l i R, L B
LR PR SR A L 5

(2) - BNAS W] = 32 52 W 1l A ASULEL, B8 e
AR TR A Al 5 AR TR R
2.1 ElBUTERE

BE, A T A 7 A $E MapReduce 7R
AIPRATIE B, FATECIT T MapReduce S HEAE L 0FT
FREEE RS, WA 1 iR, ZRGE R TR
A Hadoop , A5 2%t Hadoop F SAUHS AT, H
A2 A Hadoop £ G2 Y IZ AT i LA Sh Y 52
XA GEIIRE N R T Al O PRAT £ B AT AR
FIAEAE ISR AR B AR R IR 55 o 3 X AT
{5 BT 0T, REAE S 4 M 1 i H #0455 myas 474k
M, VL K MapReduce £EFERYfEFRIRIT , & MapReduce
EREA LI BRI AR

Hodoop#E#E ::> BARMENL ST
J
LEVAEPES ki 615)
KERFE %
\ 4
MySQL
| Job | ‘ Task Jobconf : Rt
R E AR

1 MapReduce EFEWHITEERERETE

TP 1 ] 20, ARl AT A5 B W il R T
Hadoop ' JobTracker ¥iij (14 W 4% 28 #2 % AL 4=
LAY Jobeonf il JobHistory SCAF#EA T i B > 58 W, i
Je XA 2 B A5 B IR TR A TR B 47 A 2 RH 1 Y
MySQL %dfs ek, TERCHE e b i B el =5k 3k, 43
54 Job &, Task Lk K Jobconf 36, iX #E K0 5% T
VR B HEAE B LA R s A7 {5 5L, P AT LA A7 i
TE MySQL i ¥l A7 2030, 7 VR b AT 10 140
TR IR AR IR A B TR AT o AT AR B
THREP 4 K12 479 MapReduce 1Mk &5 LA K A
I Task $ii #RAR PE K, {13 MySQL JIk 55 %% 9 17
fift 13k K, PR 22 496 25 AR Ry R 2 DR A7 T
MySQL Hdli 2 i4 1y s 45 R I #8 21 Hive £E 7 i)
T AAEE AR AR 73BT 9 S5 A 2530
2.2 ELHITERSH
TEARM TR B M ad A vh , A SCE LT — 28
ghr, R PEAL MapReduce £EHE )iz 17k 00, I R
LR B Rk A SR AR .t T [ 2E 2
Vel b Task B AT IF [E]AS [R], B4 4> Task {5 #EHY
THEGEIRANIA] , PR A A SC b AR i A 3 9 iir A7
Task JHAETHEGEIR Z AR A2 A Ml 1Y B8 55 oK £
AAAUAE FH 7 slot %t L 3RAE
H Task JHAERYTHRBTIR R, 7] LIRS
R, = Ny, X Top, (2)
Horf R, FRE i A Task JHAERTTSLGEIR, V., TR
55 i A~ Task (7 FHEY slot B, T, F/RE @ 4> Task
HBATIE . T3 RGP 44> Task AT &
F— slot, B NS, = 1, MRS S i 4> Task (13t
SECGE YA FH NG 00 A5 AT LA FH A T Bt ] A A £
R = Touy = This = Taun (3)
Hop T, 3355 i A Task JATIFERIGET 2], Th,,, %
IR A Task PATASHAETZ1 . PRI, B 1yt
BRI O R BDAZAE AL 55 () if A Task
THAERY AU Z AN, W] LARIR
leal = z Ri = 2 TiOt:up = 2 Ti'inish - Ti-mn
(4)
Wt BRI, AT M B2 H R e
B AT 55 B9 TH B R R BB A RH B Y AT N
[F1) , AT EEC At 1 B A v 25 Al FLSE A B U 5
— 297 —



FEROREIR 2017 44 H 5527 % 454 1)

23 X A Map Taske 1) b BEE I 5 DL 4k 34
I E AT 2 — 20 9 0 A, oA 1A B, Map Task f9 £k
A IRF 1) 5 HL Pk B 25040 A JTE B9 5 AR X
JE 1 Map BB AL BVE e /Y. £ Map By Bedb
PR 322 RSO 1 07 8 25 T SRR BEOK L R A
W T EAATHR W B, TR e T A
SEGEIRIF AR RS R AMIA Map Task (97158 B
THAE.

J T A AR Map Task B9$AT1ERE, FoAT51
AR PRI AR B S, BVAR L Task 76
Aab PREAAS, KR A i 4 BRI AR I T SR B R, B
Task (1% 507 B BRI AR & 7] L3RR

R;
D, =ﬁ (5)

o D, R i Task B ROECR VTR RER , R, %
IR Task WRERIHHFEVE, M, 4555 i 4 Task
b SR B

HRAE(4) {11 0 B30 2l 1 8403 B
VU RE L, T LA P L AT Task (04150 1]
BRI Task ARBRAGHCHRR A LA , 1D

R 3R X0
average z M 2 I i

Ho Dy 278 FEAE MY 1 PR EICHE B U590 #E i,
Ry FNIZAEA T ITA Task SATHRBTIR, M #Fm
AR Task Kb 3 A4 E H

1t MapReduce H1, Task 43> Map Task F1 Re-
duce Task W2, 31 H /1 Aif SC50 7 7] %1, Map Task 32
BN TN TR LA B A T A 3R BE S A, AN
FETERE TR A1 B2, Map Task (4047 ] 5
HAE 3R AR 1 B A 9 OC & BRI AR 48 =X (6)
AT DL, AR R -

(6)

E ijcu-a
D‘M"P — Z ;'PMP <7>

average

AT S T FARIZAEA H AT Map Task f53h
FIHIEL 2, P 327 Map B Bty HDFS rhisz B i
Bl
TUEEAE 72 Map B BE a6 2 10 3155 5 08T DL 3%
RN
Ry, = Diitage x P’ (8)
— 298 —

Hrt Ry, FRFAEAMAE Map B Bes B2 00 1153 5 5
i, P IR Map B Bofrab BE A A 5

PAESEMCT AT Map Task % 501 46 5 79 7 4
ARG E

XF T Reduce Task , i T~ & BT 8] H 54 4t
B B HE e FECE 5 = oM i, B 0, IR &R
i Reduce Task 13 I A 5 EEUE A s PE 1)
JEOU) PR Reduce Task (1) %54 $ir B 7] 52 0 2% 45
SEMARAL K, I AN RB S8 i S BRI R, L
BRI S R — R B A, DS Reduce
T AR CER S5 Ta] , R[] 4 0 A — 2 5 508 &
S HBIE R .

2t LA 43T, R T G b I A M 8 A T
], AT (4) , &R A Reduce Task 973
AT B T A Al 15 LS R R o, B

ce Treduce — Z Tvl()cup-reduce (9)
verage average L

Hirp R:i‘::;e Z%7~ Reduce Task S IHFETTRE IR &,
1T %R Reduce Task ) F 45 HUAT A 1,
D T TN Reduce Task # (B[], L
27~ Reduce Task 745,

VEN A5 B 40 BT 200 R P J2 10 < 5 X 5
AL ) 3 B LA S BRI B 5215 R 20 AT o

XFF BN B 70 A, AR T M A 2 R S8
MEMAY Jobeonf F1 JobHistory SCA4: Y f#Afr 5 i T 4
ABIMN R ERZ )G o B i 20 iz el
PIPATIR B AT HE— 2D Ab B, b e AR 5 A 15 R
£ 45 Task 9 TF4A I 8] F1 25 AN ] | Task iy A i
DA K Task AYPATHY 0, HAARLL BRIAERE (ni&l 2 frzs )
wr

(1) B SEAE Task 2 4% B2 45 b % 5L ) B A7
Task , fU+E BT #) Map Task 1 Reduce Task,

) #HE(2) (3 (5) X (9) 15 2z AE
5 Task JHAEAY B PR L 45 Map Task 19 507 2046 TH
FETTUR &, LA S Reduce Task ff)F- 3573155 9% U5 114 #E
i, IR AT B A B Al A BRI Task R, LIRS
SR N R B AR

(3) %535 M 9 BT AT Task AYTHEH S22 )5,
T Map Task F 807 80408 14 FE 5% U5 5 O 2406,



R B « 1 15 22 F P PR35 19 MapReduce SR B I5AT 5T

SRIEHE AT Map Task (14 5o B 32 14 56 % 8 i
(AR , P 5 i 22 i 2o 1L 1) Taske, 3 JHC T 7 119
AT RIFRIC O PTREAYIE 9 5 AL B 2B (E

(4) MeHa= (7) 76 2% BRAS I L Y 207 i3l 78 #E
PR B (R Task AUTEOC T, 7158 24 HY
Map S0 B8 53 BT IR AR B, T2 (R P IR X AR A
HZAEM SR ) Map 14 b B 2 0 A7 4 4, () ) A
P (4) AR LT 2 A R BT

ETask TR EIZ ML
X LF Task

!
HHEEHRFD,,
HE AL TN B
v

8 tHMap Task TSR TRIEFE
EXEDRENRHEZE

WREERT
BE =

A

FRIC I Task FTAE T /=
A RERE R

7|

A

EHAR R Task, FFHHH

BlEALDYS, FIR RS
LR

B2 BMELSHHITREZ

X TAEREREARAE L 32 325 B 4307, 23— K
8 BT #8 ) Hadoop BERFH 5 #5470 H it
BT .

(1) $e B8 [ SR/ INEE R P A6Vl ) B 38 it 47
Giit, A =X (4) #4524 52 I ARl 75
BRI AT R &, F AR i P A R A AR
(AT Task BYPHA 7B (1) 22

(2) k%t =R FRHATEAE , FRENAH R (1) Task,
IHEITA Task AT R]Z A, B2 P 4%/
A LA TR R UR

2.3 @ % AP RER MapReduce 285 E H %

ZERE XA b T P AR ) B A HEA T ) 1]
AR BRI 3BT e B, AR Th R Al 18y 5 T 55
VY S 52 A7 B S 14 /N Esf AR, B[] — S P 42 RIS I
XF LG, B/ INEHE A VR i Bl RS BUER A AN ] L (H
SR HRZIAIXNS L, 229K b [a]— P AR ) /)
F 4R S 8 R Ml B RS R BE AR A [R] . 7E B Y
MapReduce S B335 KO A Hh 27345 X 3%
—E BRI R R BRI Z AT, 7RI Y I
S AL 5 T slot B R RAE 157 %
T K, JRRCR 2 s & AR 5 ISR 3R B
25 TEEREh 2 R & T slot Hoi b B 5
FABF RS, s 3L A7 slot 3 2, (A A4 Task
e A TRIJEE A9 9 00 10 B, X S 00 BT 1 ) J3E 0k
PIAREARIF2RAE

FET LA B RER AR TEAE  7 T e 22 P AR
IEET D L AT 15 BB MapReduce SEHE I8 B2 12
ISR AR A 2% FH P 2R 4 52 g IR, e s st e
H L /INI A B R SR R A SRR AR /N Y TR
AN o O [ L = Y (SR [ 3 s U R = R
I AR XA TR VR LA 5 8 Task A0 T 47 s 2E
FE53 0T, LAAR R Task SZBR 45 H slot #4 BF [8] £ g &
fiE, 7155 Task 5 B 49315 BEUR, 22 S s /b
M SEBRHAEEIRTT SK o e ML b, SR FH AP [R]
B4 17 2E L H Map Task F1 Reduce Task [
SEBTUR G IR A, S A e TR B R A T AR
frbs.

D3 A7 B (HET) 8 B 5.3 LA Fair Scheduler
SR AL, SRR EC A AP BRANT

(1) B 7 25 BE 5 1) e /N ot P At = i

BN Ty, A D SR B0, SR SC B IRt
PR/INIF R A g s BT IR, 23 iR I B R
b B TR U e 24 H B R A5 A B U
) 5/ N ZEGER B minshare

(2) BERFRI AR BEIR T

VR AT 3k A oy, B — 2 Job 1 3R 4% 75 oK ¢
PEAk P AR 23 AL, 23 0l 02 Map Task 1 B840 £ 48
THI T U5 AR 5 3fe LARR A0 31 i Bcdie 2, LA S Reduce

— 299 —



FEROREIR 2017 44 H 5527 % 454 1)

Task AY-F-X 153 5 P 0F #E 4 3fe LAFF IS 1T B9 Reduce
Task [R%CE, IR AIN RIS BTsk o T 8 F  2H
TR A SRR BT 23 0 25 T P AL Ak PR 6
BRI AT P 2 R A BRSO TR A R B L
e LLGERERI AR T 3 PO B A

EAOE SRR RN L N R o ST T W EH S
ShZS MR AR P 2 B e/ NI, OF BLAE TSR
AR AR BT, DI RL AP & B BT A Task 75
BRI B IR 22 MR R AR AL X T B AR
AU b slot B 3R AE o X APy vk B 4%
TSR , RE % B 25 R AE A ML % T 58 IR A S PR

3 IR E N

3.1 EEREEBMEBITER

Ve AT 15 B8 F 53 A 2 58 MRDoctor LK
HEL 4R T 2013 AR 78 [ P9 58 B il |
2k, o MRDoctor 3 4524 P B AL 1 (5 4 ) 76l
PATE B A RS , X 2 H P 3R5E T MapRe-
duce EREZTPIRBLIEATIZ W RIS HT, © 280 FH P
R PR Pl 55 7] R 1) B 22 F- Bt . FIIF MRDoctor
RGP AR R A R Ge i, ok 25 P 4
FEVESR AT AR, DT £ BRI AR BT B B IR 2 it T
TRUF B . BRIz &k HET 378 B2 34 09 4 Y, A %4
MR TR FH AR AR A i W A BE A SE AR FH R 4
T AR YRR S T ]
3.2 {EArAbERMEBERTEL

RS- 15 1 20 5 IR S5 2R 2%, IR 55 # B 4hy 1
AN S PO AN 2. 2GHz A% CPU,32GB Y17 Fi
ITB (fifig s, 1B T EE RSN Red Hat
6.2, NFZMA S 2. 6. 32, 15w [ 38 & T JK W B 3%
Hrr, 1 675 5iE4 Hadoop £EHE Y master 5 55, H:
K19 B AV NEHR T . LT IBATHY Java 3R
1k 1.7.0, @ FH % Hadoop BRASH 0.20. 2, 445
JEECE 8 AR

A A SR R 5 P P A 4R 58 B B A
e Al 1 58 LA [R] F) 7 1 36 IEAS SCHE Y 1) HET

— 300 —

JAEAR AR . Horp, T S S ARl 26 2 O
i slot %t/ {H Map 1 Reduce i 1] slot (i [a]
Kol , X AR RE MR Bt HET 3] B2 380 AE T34
b B SE PR BT IR AT R L RIAE A, PR Fair Schedu-
ler o EESVE AT LB, B52R AN1AT 3 7R

1800
1600 4| —e—FAIR
1400
1200
1000
800
600
400
200

AT 18] (s)

12 4 8 16
e

3 ARAMESERRERTEE

HI 45 SR TR Bt VR S 3 i, HET 4 i 53
AR T8 S [R] 3 L Fair Scheduler 539240, 3X /2
AR HEZE S5, HED 38 B 503 2 AR 2 A ol 28 7Y
B P B HATAE B RAG ALY slot 1 (5 RIS [H]
W IS Al 9 S5 B 11 B8 B R oK B i — 2P
B GERMN 12 o5 R G TR, CRAIE T AH R 1)
YEMEFER A 43 L. 17 Fair Scheduler 5835 By T LA
Vb it Y slot B > X VR Ml B 9% 15 55 SR 26 A7 47 15,
PRI 23 e 25 2 Ak P B /> i A 7 B AR

R 1R A I A R g B g TR s
BRI S PO R S S BRI A X L, SRR R
HEPRIEERE IS T A AT 55, 04 HEL 38 2 5
A1 Fair Scheduler 5535 1) 52 A [ 96 5 ith 1) f /N 3
LR i [ R A 9 R ) S PR SR R 3l e i
GEURL I B AR ) 75 2R LB FAIR 8 BE 2%
Xz AR A A, g 1 BTN
JO7 s ) A DA M 11 41 52 B 35 — A~ Map TG S04 7 1)
1]



R B « 1 15 22 F P PR35 19 MapReduce SR B I5AT 5T

F1 ElEFRRSEX T EEEREIS L

HEI FAIR
BEIR IS B IR ( slot Ki) 104 76
SFRFE SR (slot B 130 130
A () 3 6

I 2SR T, HET 3 B2 458 0 A5 o7 FH s 1) A
{ERYTHARD, i BT o e 1 3 22 R BRI
VENV I SE PRSI TR K, PRI HET 8 32 5312 R % 50 4
M RAEHT P B SEBR S oK, 18 2 48 JELAR ML AT B TR Y
H o

TR 22 ] B0 058 08 1 S A8 R 0 1 42 1 Ay gk
i, AR SR R AN L AR SCER T — R T
P 24047 1 B A9 MapReduce HEFFIR 5% 3
SR T 5 B Ao B pIL ], 5 20 45 4
DR SR BT 1] 22 Ak iy KL, I AN R A b x5
TR SR AL, 328 T 20 25 1 o 9 V50t 1) e /N =2
GEURA L AR AR S IR B RO AU SRR A5 2R %
WA AR SCER H B PAT 1 8 20 M HIL A B 68 B M ff 3t 3%
IRAEN 0 A NbE S P B T 7 K R ) S W
i) MapReduce £ 1 8] 15 59 04 BE A8 A 2503t 4 J AR
b B RE A TRAT I ] o A R A 3k — 20 4 Ak 2 B0 Y
JE , JIRIE KB IR A 38 5 5L PR G &, [
PRI B/ NI IR 7 S SR BT IR Y LU (E
AR LR RIS AT R AR

S 3k

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

[ 2] Bialecki A,Cafarella M. Hadoop:A Framework for Run-
ning Applications on Large Clusters Built of Commodity
Hardware, http://lucene. apache. org/hadoop; Apache,
2008

[ 3] Ghemawat S, Gobioff H, Leung S. File and storage sys-
tems: The Google file system. In: Proceedings of the
ACM Symposium on Operating Systems Principles, Bolton
Landing, USA, 2003, 37.29-43

[ 4] ZEddr, (@, THS. MapReduce 47 2 2 4551 fF
FLER. AR, 2011, 39(11) ;2635-2642

[ 5] Zaharia M, Borthakur D, Sarma J S, et al. Job schedu-
ling for multi-user MapReduce clusters: Technical Re-
port. EECS Department, University of California, Berke-
ley, USA, 2009

[ 6] Isard M, Prabhakaran V, Curr B, et al. Quincy: fair
scheduling for distributed computing clusters. In: Pro-
ceedings of the ACM Symposium on Operating Systems
Principles 2009, Big Sky, USA, 2009. 261-276

[ 7] WolfJ, Rajan D, Hildrum K, et al. FLEX; a slot alloca-
tion scheduling optimizer for MapReduce workloads. In:
Proceedings of the 11th International Conference on Mid-
dleware, Bangalore, India, 2010. 1-20

[ 8] Zhao Y R, Wang W P, Meng D, et al. TDWS: A Job
Scheduling Algorithm Based on MapReduce. In: Pro-
ceedings of the IEEE, International Conference on Net-
working, Architecture and Storage, Xiamen, China,
2012. 313-319

[ 9] Tian C, Zhou H, He Y, et al. A dynamic MapReduce
scheduler for heterogeneous workloads. In: Proceedings
of the 8th International Conference on Grid and Coopera-
tive Computing, Lanzhou, China, 2009. 218-224

[10] Kc K, Anyanwu K. Scheduling Hadoop jobs to meet
deadlines. In: Proceedings of the 2nd IEEE International
Conference on Cloud Computing Technology and Science,
Indianapolis, USA, 2010. 388-392

[11] Tian F, Chen K. Towards optimal resource provisioning
for running MapReduce programs in public clouds. In:
Proceedings of the International Conference on Cloud
Computing, Washington DC, USA, 2011. 155-162

[12] Sandholm T, Lai K. MapReduce optimization using regu-
lated dynamic prioritization. Acm Sigmetrics Performance

Evaluation Review, 2009, 37(1) :299-310

— 301 —



FEROREIR 2017 44 H 5527 % 454 1)

Research on a job scheduling algorithm for

multi user MapReduce clusters

Chen Zhongtao
( Center of Computer Application Research, Institute of Computering Technology,
Chinese Academy of Sciences, Beijing 100190)
(University of Chinese Academy of Sciences, Beijing 100049 )
Abstract

To solve the problem that the existing MapReduce scheduling strategy cannot realize dynamic resource alloca-
tion according to user’ s actual resource demand in a multi-user environment, an algorithm for MapReduce clusters
scheduling based on historical execution information ( HEI) , called the HEI scheduler, was proposed. The algo-
rithm obtains the rules of the variation of each user group’s resource demand with time by establishing the mecha-
nism for collection and analysis of cluster operation’ s execution information, and uses operation”’ s actual slot occu-
pying time to measure the occupied resource of operation to dynamically determine the minimum shared resource
and weights of cluster remaining resource distribution. The experimental result indicates that the proposed execution
information analysis mechanism can describe the resource demand of operation exactly. The MapReduce cluster
scheduling algorithm based on historical execution information can effectively reduce the overall operation execution
time.

Key words: MapReduce cluster, multi-user environment, scheduling algorithm, job implementation informa-

tion collection
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