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Abstract

In order to improve the performance of Hadoop on open-source cloud computing platform, a per-
formance configuration optimization method based on genetic simulated annealing algorithm is
proposed. Based on genetic algorithm, the configuration scheme is selected, crossed and mutated
as chromosome. Combined with the principle of simulated annealing, the survival rate of new
chromosome and the number of iterations of the whole algorithm are controlled to find the op-
timal scheme of system configuration. According to the genetic simulated annealing algorithm, the
overall performance is better, and the optimization speed is faster in the long-term optimization.
It can be used to solve the problem of finding the approximate optimal allocation scheme of the
system through random search in the global space. Experimental results show that this method
can effectively improve the efficiency of finding the optimal configuration. The proposed configu-
ration method improves the operation speed, makes full use of resources and increases the
throughput of the system.
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ETL Tools BI Reporting RDBMS
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Figure 1. Hadoop platform architecture
1. Hadoop F& 544

Hadoop HJ#% 0 J& HDFS 434 RS- 474 A1 MapReduce AN FRHESE . 3 /> 3= B AR 48 F i 75
Hadoop B A AT # & UAMG. Atk s . SRR & s, hoh, Hadoop i&fu4% HBase. Pig. Hive. Sqoop.
Zookeeper Al Avro. X% T H R A Hadoop REWS 5 1l I EHE I RSk AT B Ac e, ONTE I B A
TR EA S RS THEBAL, SRR RGNS BB G LR A TIRERI T & .

3. Ba5rEk
3.1. Hadoop 1 gE4EL

7E Hadoop R4 H, RANIFTA B EAZEIE SENCE 5CHT . f#H Hadoop B, FH A2 ot &
ARG AENRIRBA RN RE TR T RWA T ZN, RIREEITHER, FiER RS AR
e, WA T ORETE EHAT A S B . W SRR AR G 1 RS BROIC B T A R B
W fit. ik, @iEuFFEe E i sk ool R g AR B A+ AR r & .

B T2 Hadoop 240 14 fig (1) 3 L0 B @ 1t S H 2 TR 20RO R, R 1 1 28 T BB AR K Bk
FIPERER A V. IR, FBREBI RGP N HRET IR RN, BT 1 HEN AR BN, NE
N ARG HEAE R Ak, 2RIl SR b BCERTR “RINEET BERACREE RS
3.2. Hadoop BeEB M T REEERF

Hadoop 2 %424 3 % 1 HDFS (4 2 481 MapReduce T80 R8) DA K BRI B S -4 . 78 Hadoop
SR, FEEE MO EEAR 34, 28 core-default.xml, hdfs-default.xml £l mapred-default.xml.
XL JE L E L E AN RGNIEE. AR ARGNEBIAEE R RTIR T, o] LA Rk 5 5 A
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Table 1. Hadoop basic configuration properties
%< 1. Hadoop EAELE B4

B E REREME BLH
core-site.xml fs.default.name Address of hdfs
hadoop.tmp.dir Storage folder of hdfs
hdfs-site.xml dfs.replication Backups of the data in hdfs
dfs.http.address http accessing address of dfs
mapred-default.xml mapred.job.tracker Address of jobtracker
Table 2. Main configuration attributes affecting Hadoop performance
5z 2. M Hadoop MaER T ERLER M
[=wais A=A L
core-site.xml io.file.buffer.size {3 G2 i X R HE PP SCAR IR R AN
io.compression.codecs Bl H 47 i
hdfs-site.xml dfs.block.size SR HR R RN
dfs.namenode.handler.count namenode T2 FE I FH I 2R 4

dfs.heartbeat.interval
mapred-default.xml mapred.reduce.tasks
mapred.compress.map.output
io.sort.factor

io.sort.mb

PP ORI L
AR TAE 1 reduce 3
map i H 0 e 7 R4
SR I B IR R A
SCHEHE RIS i XA R

ML E Hadoop Z400} 147 Hadoop PEREVADLIIMEET &, B RZEH B2 LR 5 SR A, SRR
RAFEFUSAEARFENSHRE. LR, EHTNSEE S R EA IR ERNEIZ R, B E N
BUERIX LS R IR, CRFFEARMA T . Uhah, NS BEAEAENHATHEL FigfT, XX
BEER TOREIREER, DRI RR LA RT 55 1 75 AR B 1 1 B RS0 B ST 25 (1 = 08T -

VB REHE 2 ir-F & 113K, MapReduce 1A E K202 7], Hadoop MIECE J& AT 180 1,
BT O B & M DU E X TR AT XML R se . Hodh g 70 24800 miE e, BB

F& MapReduce 1 Mk 255 (1) 18 #E 3R BT 2 B [4], %< 3 J2 520 Haddoop PE /g

LA P e D 451 2 i 1P P 0 B R Y 52

Table 3. Some properties and default values that affect Hadoop performance

Fz 3. %MW Hadoop M EERIER 7> B HEFNBRIAE

R 73 T B R PEANER B 7R 1

REREME BRIME

dfs. datanode. handler.count 3
dfs. replication. min 1

dfs. namenode. handler. count 10
io. sort. factor 10

io. sort. mb 100

io.sort. record. percent 0.05

io.sort.spill.percent 0.80
mapred. job. tracker. handler. count 10
mapred. map.tasks 2
mapred. reduce. tasks 1
mapred. reduce. parallel. copies 5

AT LA A9
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B> Map/Reduce 155 #{F8—A BIRERRIZAT, I H 2 MESRIFATAL IR . AT
K%, M FBERES IR ARGEMBARIERE. WRKWMERES KR, 4RO R F 2P 3%
SRR B4 RS VR . 1A 11 B AN YEURTY map/reduce (155, PG B R M2 18] AR B2 A Re i
BRI LR FI ], RGEMEREIA B R i

HEE FEKELI MR JHZR TR AR E, XHERKIN A HACRAE % . — BRI
PN AR K, BUA I ERA AR, HEIFRRLRE. Kk, HE—FErrbc & iERR
ARG I TERE R T LB o

FEAE I B URE P S I AR 2 R U AT A 55 R A AR R RO R, Bl R &5 R TR B AR e RO P
BB AR . A RSB TAEX B A BIR A AR oK, AR SCPR BRI HERE P (28R, AT
VAR KR B S HOHE IR R LI R . & 4 FIH 28 Hadoop S 4 1 ZEHEMNAAR 7

Table 4. Hadoop partial basic test program
3% 4. Hadoopde Zp o MR IEF

HEERT TR
DFSCIOTest paiit=vllel
dfsthroughput HDFS ({77 &
testfilesystem SRS DA
testmapredsort Map Reduce % £

Gridmix SR RE

MRBench B Ok 2R B A AT BE

NNBench IR A

AT VYA FE 7 7E hadoop 2223 H s R 1) hadoop -* -test.jar H1 . iXS8FE 1] LAR 25 55 h DL AR i A i3k
A7 . Gridmix 5t 7E Hadoop 222 H 3%~ i) src/benchmarks / H 561, 52 4§ PUANIR AR FE A EE , Gridmix
4L, T DL webdataScan, javaSort £l streamSort SRR ¥ SEBRAERE R TAE f13k. MRBench [H] i) Mk 55 54 1)
SEPEFNR B R B, F A OC R BRI AT E A& . NNBench H-T-ll namenode 414k, &
FEIR A FIBIR T —% Hadoop 3 7EIIREME HiBench. £ 5 & %I FH 1 1943 7 A0 HiBench H L4 4%
JRRFHE.

Table 5. HiBench test case and its resource characteristics
%% 5. HiBench JUik A 5150 E B0 B IRIFE

N HEERF BHRARE
Micro benchmarks Sort Intensive 1/0, middle CPU
Word count Intensive CPU, networkand light I/O
Tera sort Map and Shufflfle stage is intensive CPU
Web search Nutch indexing Map stage is intensive CPU
Reduce stage is intensive 1/0
Page rank Intensive CPU
Machine learning Bayesian Intensive 1/0
Classifification The first job is intensive CPU
K-means clustering Center point intensive CPU

Clustering is intensive 1/0
HDFS Enhanced DFSIO Intensive 1/0
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BEAIIE KL (GA) R — P B AL Bk S K BAA 4 A R RE A . BRSNS — /MR
PR AL TR LI R DT, W T30, (A5 RN JRAIES], BB K ENA[6] 2 —Ful s
R 2 P [ AGR KR BRI B RE, A SRR R, ik, R0 T4 & e HAEHIR
KB I TBALAE IR K FEIE[9], A% DR K S0 — bk T 45 R AR > 2R PR A SRR SVA 7] A A%
FENIESE, (EPATIRAARAE A IR PR KR8]0 S5 X P ENE, AT DA s A MR 2R e T,
AU ERIEAL, PRI EAR T R AR o (5500 e S A Mk Ly R A (8L, R R B 2R e DU AR 9] -

AR AL IR K SR B R AR RE BT, AERIIRAL DA B 2 SRR s, T DU R A
4 J) 2 6] B I AL 2R 4R R SR B e D 20 L U5 S8 3R — 2 i L LA R iR % Hadoop Tt & )
DAL IR AEAEAIR KB

VEANS 2R 2R A R PEPIAGRIRE, YLl A s g hs ik, AR SE AL B I EE I (Min, Max) ,
BHEALAE B 5 PRE 2 Min +(Max — Min) * Random( ) ;

Mo SRR TAE MBSy < (04) . fi e AMA, MARAEREER Pi= 1,
Z fi
25 Pk <y <SPk, i Bk
k=0 k=0

AE N AR SEER AR, AFPEE PR SR DL — B E A X [10], K et ARBEAL 73 R 22 4,
PR Pe 828, Gethik A it AR TS Gk B, Gt RBENL i, BHaE 2 Mg
1, B AEER Pe BATAS XRAE, etk (a,b )il RS TR E O I ik (a,b )

a=(1-a)a+pB*b b =(1-p)b+axa @)

AT, 0<a,B<ly<l. W a'(b)<Min, H4a’(b')=Min. WRa'(b’)>Max, a’'(h’)=Max™&
¢'=c+k*(Max—c)*y0>05
¢'=c+k*(c—Min)*y0<0.5 ’

v

Fo BERIRAZUL Pm MR BEAT, M o AR RIEE R C’ { FEA

Aot ke(0], M0 RO MIIBEHLEL

4. SKEAMGRIH

A SELS FEAE A Hadoop-0.20.2 ~F- &, 4% 17 A9 mil. B15 fICE W T : 2.2 GHz x 2 CPU, 512 MB
WAF, 40 GB #LHi%E, RedHatLinuxAS4.0 #:1E & %t. L+ WordCount fENEMERE Y, I HAA TAE
FIR/NZ 0.6 G SLEGfl H 2 Hadoop ERIA % A J7 1% TextinputFormat, map [ % A AN
<LongWritable, Text>, #ith ¥ key (252 Text, il value H2EA4J2 IntWritable. map J5 15X A 1)
ITUAZS K N B T V1 73, AR5 48 F OutputCollect &4 it .

Reduce 25LL map (% AENHIN, Rk Reduce Hf AR & <Text, Intwritable>, ‘&% S8R 2
<Text,IntWritable>. Reduce ZEtHESEH reduce J5i%, TEASLEGH, reduce BRECKE RN key {EAE M
1) key 18, SRIEHEIREF LA value EINEER, 1E A 1.

GeneName, GeneRange FiI GeneType — ™ SCAF B2 75 54T Fe B Ja 11 1 1) P A0 £ AR % € A BRI )
SRTEACKT A o 3 RO B R 1, SR VEE VG A E MR A, i X =N 0, AR R
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B A B IS AT (R 2R, SRR T DUORIE B AR A B R T R« TE RGIERAEE B R R (8] A
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Figure 2. Algorithm optimization when the tasksize is 1.2 g

E 2 HESKNAL2GHREEMRKL

N T BAER AT R BEA € MRUENE, FFRE G IRE TF. R RE RS RT 8 MR KIS
BEATSESG . fERERE TR T, BATSTESIFCRISITIE. Wk 6 Prn, FEREHEN 24.1%,
FORBCE T R LLHIER Mz g 2. [, XA AR B A R0 RC B R BRI [R5 48 = L7 2 M
IR, Bk 1 HC B 5 S R AR HAE 1.

Table 6. Compare the best configuration and default configuration under different working conditions
6. KRARTERS THREREMBRAERE

BATI EI(ms) P E BRARLE HFRE (%)
Operationl 73564 108107 31.9
Operation 2 83083 103638 19.8
Operation 3 76713 104069 26.3
Operation 4 75360 97941 23.1
Operation 5 80454 104800 23.2
Operation 6 80004 107720 25.7
Operation 7 76296 97320 21.6
Operation 8 74454 93383 20.3

Average 77491 102122.3 24.1

I3 Bt A% AR K AR 2L 8L Hadoop A Gt i) e UHC B VX — k5, SEAR 45 SRR WIS Hh I e B 52

T ERIEEATEE, e M T B, N T RS A,
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5.1. IMEMW S ERELE
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(e B SR A KBUR L. (A, B S P BA I SRR A, BATTAT AR SR A 2 388 A EADUR K SE X
AR RIS 2R, AT DO 2087 N e R B A A . BRI, XM RS A FIEE. B, AFE
R T AR O AR RGHER, KRG aEdEM i EIL.

Table 7. Comparison between genetic simulated annealing algorithm and chaos particle swarm optimization algorithm
= 7. BERMBRNEESRIEN FREEANLLER
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T RS 7 R
Bl rik wPE, X, BR Ry AT
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RBE AAAIAAL a2 &
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i Py, WY DA B A TR BT X R E S RV PR RE AL . SEER A5 SRR IR S ]
PATEARKFESE 2R Hadoop ZR 4511 AE SRR .
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Web2.0 AR — 37 HIKIN P T e BT X D0 5, PR A% R 3k L S AT B <5
KE NS ZAN R, X7 BT R SR RO 5 B ARAE RS . BRI O 28 g fu Ak
B, SO AR U5 17 e AEITHIE 157 & LX) Hadoop MTERESR T 1 — M LA 5% A SCHfi
B TAERSE: NSRS AIRHIE 2 Hadoop R4 HE 45 SO tH A R HOR . 5 18 RS B X
Hadoop B AAPERERIEMA, 10T FAR NI HR H B A ARAUOR KB AR IR 7 LA SR PR R Seiic LA
Worik, HETUL RS TS T ARG 0 Ed N R
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