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Abstract In Hadoop system, the data locality is a critical factor impacting on performance of large-scale data analy-
sis applications. However, most of existing resources scheduling approaches to improving data locality study on the
traditional Hadoop cluster which is built using physical machines. These approaches are not effective in virtualized
Hadoop clusters because of two levels distribution of data: virtual machines and physical servers. In this paper, we
deploy virtualized Hadoop cluster in which computing node and storage node are placed in respective virtual ma-
chines to improve flexibility. Moreover, we propose a novel resource scheduling approach which aims to improve
data locality for virtualized Hadoop cluster through two key methods. One is adjusting the computational capability
of virtual machine acted as computing node whose input data stored in a virtual machine acted as storage node run-
ning in the same physical server, and the other is migrating the virtual machine acted as computing node to the phys-
ical server running virtual machine acted as storage node that holds a data replica needed by that node. Our experi-
ment results show that our approach improves performance of 86% typical MapReduce applications in HiBench
benchmark suite at varying degrees. Specially, in the case of running TeraSort application in the benchmark suite
processing 10GB input data, the job completion time in our approach is 33% shorter than that of traditional manner.
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& fidor > NM EDBRA
Marg Max — m*n IRFE g e v
S I — T TP
Cum Ava  mn 04K TATRAR—A NM AL

A R

A, JARE T —Fh NM BT AR R
FRME L G D SRS B
PRSI BEALE], T BN R IER &, R AREAE T
AR 18 B AN X TiRE kK
RO BAT 5%, FRATE HoR A 3] “ HLAEE A
1 SR 71 S 7 N L S SR B oo v s 2
FEAESS HIABATIN B, HIAT S5 AN 28 AT RS 22 1 4 4 51
51X S BT 55 1 AT IR AT AR

L1 NM AN RE i 4 g

#I\: Host Max, Task Req, Init Max, Curr_Max,
Curr_Ava;

il FRE MRS R TSR] LUESE AR 4R E 1E 1AL
1, Success;

@ ¥J4H Marg Max=Init Max-Curr Max;

@ FORi=0tom
®  IF Task Req<<Curr Ava [{Jf i 1T; THEN
@ HEZAE S B 1 ATH NM RS,
® Success=True;
©®
@

RETURN Success;
ENDIF
ENDFOR
O@IF Task Req>>(Curr_Ava+Marg Max)1 i G 1T
2 Al; THEN
©®  Success=False;
@  RETURN Success;
@ ELSE
@ FORj=0tom
@  IF Host Max=(Curr Ava+Marg Max)[¥] %
j #%; THEN
® VAEEEE AT NM BN, FEEEE AT
531t NM;
©® Success=True;

RETURN Success;
ENDIF
ENDFOR
BEHLIESE VM FEAELOT A 3 HoAtrE AL,
A G AL AT B R
FOR k=0 to m
IF Task Req<<Curr_Ava [J%f k 17; THEN
HBZAT S5 B kAT I NM BRI,
Success=True;
RETURN Success;
ENDIF
ENDFOR
Success=False;
RETURN Success;
@ ENDIF
4.2.2 HFp1E EHL IR LSRR
FEAESSIB AT B, HIAT S5 AT 2% I DU 1l H 44
ITREE GG AL DS, SRJE I RS P il e 25 il & 1)
HbrtE LA ZAGAT 553847 RN T T, L
REBTH 2 T8 ENLEIR A ARSCRE T — ik
T HHE R R AR 43 A A5 SN 25 8 4R 58 B TR T £
Hbnfa EHLILRESRNE, WAE 2.
Hik2. Hbpta ELIGEERE.
BN PATEARMITHHALSS, Straggler;
W EEBATZEARS K RS B,
Lserver;
© WIuEtL Lserver=null;
@ FKHGTHATS Straggler MRTIZATHITI M, il
A Stask;
@ fEHKIZEI (1) 75 Straggler 1] 5 AT
8], 1cN Tstraggler
@ ARV gt a5 SRR 9 H bR 1E AL 1%
FHIFR, 1N Cserver;
FOR EACH Cs & Cserver DO
IF Cs#Stask THEN
IF Tremain(Straggler, Cs) << Tstraggler
THEN
SN Cs 2 Lserver H7;
ENDIF
ENDIF
ENDFOR
IF Lserver=null THEN
SN Stask #| Lserver H7;
ENDIF
RETURN Lserver;

® 0 & O

@ Q09000 Y

Q ® O
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PRSI 2 vh, AN TR RS REAUML 2R A
I TR) T4, X A2 RN FE 2 IEA% RE AL IR IS TRD A AR X
TR A 247 ) Hadoop 11V 35 A& i T HeAs i

5 WSS

5.1 SKEIME

SECFEEH T A EN 2 B 64 £ 1) Intel
Xeon AL PEEE E5-2640 (6 Cores, 12 threads, 2.50GHz )+
64GB P47, 8 Bt 600GB fi#i#i[¥] ThinkServer RD630
R554%, FHEd TIRATHMUAE . RS54 R N X i
A~ 3.9.11 1) SUSE Linux Enterprise Server 11 #:1F %
GRRRAN 1.2.0 1 gemu-kvm B TFH. BLE 2
/> vCPU, 4GB WA7FHI1 20GB i #E AR I, FFzede
5P R 55 2 AH [ AR 1Y) Linux #R4E R4

AR B IE T HEE T 22 RN A
ft] Hadoop F4t, HrhitB7T sl MESUBLANAF (57 e
N30 10 &, ARG BB 7)32 1T RMATNN.
S I 211 Hadoop RGLARAN 2.4.1, i ZHUEH]
RGEIMA.

HAT, AR RERET KVM BT &
SEELR, R T HAR SRS AL LR B B e A
LITH IR R &, 11 Xen Al VMWare %%,
AT7 ZEHR AT MR T S5
5.2 MREDHN

FEASZE H, FATH A AR = A3 stk AT
T

& g8 & 7 2N BN FE 5 V2 (Traditional  De-
ployment with Default scheduling approach, TDD):1X /&
H A K07 240 4E Hadoop 57 FH 38115387 30 145 FH 7
i FBETT A I 1. fEZETh, Irf
Hadoop ALY x5 RIS 475 o 557 sONIAE A 15 )
At YARN BEJEUR 70800 TRIIE “ 18 FALEGE A
HPE

o3 85 3 & 5 20 BRI B U7 7% (Dispersal  De-
ployment with Default scheduling approach, DDD):#f
7 RS WK 2. 2% 5+, Hadoop R4t
AR SRS R M1 e 20 ) 2B A AN R R RE AL
FHAEH YARN BRIAF B2 I8 52 7V

o3 B 7 TUT A AH O R BE 5925 (Dispersal
Deployment with Locality-aware scheduling approach,
DDL): #ZE 7 A HE I WIS 2. Hadoop F4EHI
THECT N7 5070 0 BB B AE A R RSO, I
A A ST $2 B TV

AT HiBench® NN EM . ZBEME
&7 5 FANEZR AL Hadoop M TR : f 2 vt

HDFS F#EN K. Web 2 FEAENI HLES I H e
DUAKFNE A 73 B I K AT T o 7 A4S 2y
ff) MapReduce MFFEFF, 7E ik =HAERI 5
N RIMALIEAT 5 RFFICTFAEAL T8 R R] o XA
MapReduce B F R FIHASS RBEAT U0 T AL HE: AAS
SCHEH BRI 7% (DDL) BN 5 i [R] g 2
#HE, XF 53 AP A s iR s R AR AR, Wi 5 B
No

BTDD &DDD @DDL

%

s o

Bl 5 AR 5T AR AL FE ML 58 BT LA B

LS AT DU H I B L), ARSI
TR 7% (DDL) fEAFEIFEE B3Em T 86% )
MapReduce #2887 F 2 /5 PR RE . AT T
HiBench Z:#EMNAE AR 1 7 P8 B B AR P, 3R
IR EAE A 1) 6 PRI AR P EREA FARE Lk
eI ML Hadoop 2R 458 AR Mk 5€ ) 18] AT ik
b
5.2.1 PR

FEIX— R HEN A S HAE o, WordCount.
TeraGen 1 TeraSort /& T-P-ff Hadoop R4 ="
#f¥) MapReduce W HFET. 7ESLEGH, AT
T2 WordCount ZbFE 10GB % N B, X Se5 4 72
i Hadoop RAM/RNHIFET RandomTextWriter ZEhK
() o FE AR SCHRE H 1 B2 U5 I B 7 7%+ (DDL) , WordCount
AL 58 i Tl e A2 557720 (TDD) 4% T 29%.

BAEHE T FET TeraSort AbEE 10GB H%i N\ HHE,
A A R 2R R TeraGen A2 ). TeraGen
FEFALELS 96 /> Map 1155, ¥ Reduce 115%5. 1%
T 7 A8 = Fh K 37 55 A (0 A Mk 52 R e TR) 23
TeraSort F£7 .45 96 /> Map 1155 F1 48 /4~ Reduce 1T
%5, AR BRIRMEZTE (DDL) At 475 %

(TDD) HIFEML5E B M4 T 33%.
5.2.2 Web 8 2 AEN 1

2 5| #2J7 NutchIndex J& Nutch Tl H ) % 51 7 &
4, &/ MATH Apache R R 512, 7RI,
TAIRE T 100 FTAMITL, AL B 58 B (8] 72
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AR W SRR R vk R (DDL) LAk 45 7 vk
(TDD) %% T 23%.

TUTHI 43 2 F2 ¥ PageRank J2 1 F§ MapReduce HEZ4E
LI DT/ RS . iR, RATEE T 10 /5
AT, HHZFEFECEN 96 A~ Map {15541 48 4~
Reduce 1155, 2T AL 58 BT AI7E A SCHE H 1
CHRARE J7vkd (DDL) e ik (TDD) 4i% T
17%.

5.2.3 L2 2] L E A

DU 3 REERT K AR IR AN %
S FH PR AR B ARSI, K IE RIERAE
w775 = ol < BN | et N S T T e =
E A M 58 RIS T) 76 4 SCHR H 1) W% 3R U B2 7 v R
(DDL) HWAL4i 773 (TDD) #EK T 10%. BAEE K,
AR SCHRE ) R R B DT VA A LA 2 S B R R A
o R, ASCHEH 775 2 BE KRR
i) /O %427 MapReduce M, 11 DM 73 2R 57k
K SSE RIS HIR LA 25 51 B0 1 X 24 Bt A
ABRE, EX CPU THEHRIFEE RS, F—4, A
PRI FT LR L83 22 ST L1 MapReduce SEFR
(11 REALAL 7]

6 EERIE

N T $&E MapReduce N H 2 7 78 52 44 1)
Hadoop R IIMERE, BATKIIER “ 18 EHLEHE
A e—FE M. A0k, BATRH 5
#E 7 A E ML Y Hadoop 45, RITHE SN
AT R AR EEA R AL o AT T —
TR SRR B v, B R g R R ML Hadoop
F YIS R (5t A s e M DAL etk e . %007
RSP FHLE]: — R AT REAC B, @Rt
ST R ROML I T SRR A8 2 BB 2« 1E LA
A" CRAATSIBITMEL, BRI AT SRR
MUEIREBET 2 TH AT S5 “ 18 FAEAE A 17 3
MlHizT. S28eE W], 7E HiBench ZEUEMIRE:H,
ARSI T AR FIRERE L4655 T 86% (1 R H
TS5 5E RS 0] o 453, 7E TeraSort MR Z 51,
1 96 4~ Map E25 Al 48 4~ Reduce fE45%} 10GB [
B AT HE T, eAE 07 A0 T 33% 4T 55 52 it
[&] o

5 TAES T, BATRIRNBE T W 42 &
MapReduce SEILFIHL &2 > VLI MEGE, JF HIREA
SCPTR T A Spark M SHE LR b R T AT
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