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Abstract

Job schedulingin data grids mustconsidernot only computationloadsat ead grid nodebut
alsothedistributionsof datarequired by ead job. Furthermoe, recenttrendsin grid applications
emphasizdigh throughputmore than high performance In this paper we proposea centralized
schedulingschemewhich usesa sthedulingheuristiccalled Maximum ResiduaResourc MRR)
that targetshigh throughputfor datagrid applications.MRRtakesinto accountbothcomputation
timesanddataresoucesavailableat a sitewhenevaluatingthe siteasa candidatefor a givenjob.
It triesto minimizethenumberof job executionghatrequire remotedatatransfer meanwhilemain-
taining goodload balanceamonggrid sites.We haveanalyzedhe performancepotentialsof MRR,
and havedevelopeda simulatorto evaluateit with typical grid con gurations. Our resultsshow
that MRR brings signi cant performanceamprovementover existing online and batd heuristics
like MCT, Min-min and Max-min.

1 Intr oduction

Grid computings anemeging computingoaradigmwhereinauthorizediserscanaccessnduse
distributedcomputingresourcege.g CPU cyclesandlarge repositorief data)by submittingjobs
to thegrid andgettingresultsbackfrom thegrid. A grid is adistributedcollectionof computingand
dataresourceswhich is sharedby entitiesin a virtual organization. Computationabrids address
computationallyintensve applicationghatdealwith complex andtime consumingcomputational
problemson relatively smalldatasets.Datagridsaddresslataintensive applicationghatdealwith
the evaluationand mining of large amountsof datain the terabyteand petabyterange(e.g. future
high enegy physicsexperimentswill requirepetabytedatastorageandhugecomputationapower
thatmayonly beefciently supportedy grids). Jobschedulingn thesegridswould bein uenced
notonly by therequiredcomputingpower but alsoby the dataintensvenesof theapplications.

A grid is a distributed collectionof computingand dataresourcesyhich is sharedby entities
in avirtual organization.Computationafgrids addressomputationallyintensve applicationghat
solves comple andtime consumingcomputationaproblemson relatively small datasets,while
datagrids addresslataintensve applicationghatanalyzdarge amountsof datain theterabyteand
petabyterange. Datagrid is the only cost-efective approachfor mary applicationsthatdemand
collaboratve efforts working on a hugeamountof data,e.g. high enegy physicsexperimentghat
typically producegetabytef dataperyear Becauselatais distributed over sitesin datagrids,
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job schedulingfor datagrids mustconsidernot only computationloadsat eachsite but alsothe
distribution of datarequiredby eachjob.

Considerthe CMS high enegy physicsexperimentat CERN [8], which will generatel000TB
of raw dataperyearfrom 2006 onwards,with an estimatedlO000CPUsall over the world being
usedaroundtheclockin dataanalysisactiities[5]. Hundredf physicistdn differentgeographical
locationsall overtheworld will usesomesubset(sdf this datafor analysisy submittingjobsto the
grid. Jobschedulingor optimumusageof grid resourceganbea challengingssuein this context.
Wefocuson grid orientedoptimization,whereinthe mainobjectie is high thr oughput computing
(maximizingthenumberof nished jobsin acertainperiodof time).

Historically, usersof computingfacilitieshave beenmainly concernedvith theresponséime of
applicationsvhile systemadministratorfiaze beenconcernedvith throughput However, agrowing
communityof IT managersresearchergnd scientistsare now concernedaboutthe throughput
of their applications[8, 5]. Increasinggrid throughputcan be accomplishedy schedulingthe
maximumnumberof tasksto the grid in a certainperiod of time. However, schedulingtasksin
an optimal fashionhasbeenshavn to be NP complete[3]. Although previous work in this area
hasemphasizegob schedulingior high performancecomputing,to the bestof our knowledgeno
systematiattempthasbeenmadein studyingthe schedulingof jobsin a datagrid for maximizing
thegrid throughput(high throughputcomputing).

Theproposedschemes a centralizedschedulingschemein which a centralnodeor clustercol-
lectsthe informationaboutavailable computationatesourcesanddatareplicasat all sites,males
schedulingdecisions andinforms other sitesthe schedulingoutput. When comparingthemwith
distributedschemespnewouldthink centralizedschemesreinferior becausef a potentialperfor
mancebottleneckandthe singlepoint of failure atthe centralnode. The formerissueis negligible
for our schemepecause¢he schemes very ef cient andthe schedulingime is trivial whencom-
paredwith grid job executiontime. Thelatteronecanbeaddressedly usingbackupsof the central
schedulinghode.

Our schemés differentfrom existing schedulingschemessuchasthosebasedon economic
models, schedulingfor computationalgrids, and decoupledcomputationaland data scheduling.
Schedulingfor computationabrids [15] considersonly job executionbut not datalocationsand
movements.Economicmodels[1] aresuitablewhenresourcesreownedby organizationf self-
interestswhile we tamget grids that dedicateresource$o non-pro t, high -performanceandhigh-



throughputcomputing. Decoupledcomputationabnd datascheduling[12] arrangegob and data
replicationindependentlyo reduceuserresponséime, andusesvariousschedulingalgorithms(e.g.
schedulingattheleastloadedsite andrandomscheduling) Our schemas differentin thatby using
residualresourcesve consideljob schedulinganddatamovementsat the sametime, andwe target
high-throughpubf thegrid.

Fromthe viewpoint of schedulinga datagrid consistsof heterogeneousites,which have both
computationabnd dataresourcesIf ajob canbe executedat a site, which also hasthe required
data,thenthe job is aninstanceof (Local dataandLocal execution)with respecto the site. We
itemizethedifferentjob executionscenariogshavn in gure 1). We borrow terminologyfrom [11].

Local dataandLocal execution(LDLE)
RemotedataandLocal execution(RDLE)

Local dataandRemoteexecution(LDRE)
RemotedataandSameRemoteexecution(RDSRE)
RemotedataandDifferentRemoteexecution(RDDRE)

akrwbdpE

We shaw that(proofincludedin Appendix)therecanbeamaximumof 2S possiblescenariosn
which ajob canbeexecutedon a grid containingS sites. The 2 differentscenariogor eachsiteare
LD LE sie andRD LE e . Thereasorbehinddoingthe above analysids to shav thatwheneer a
job is submittedto the grid, it mustbe scheduledsuchthatthe job is aninstanceof LD LE g to
avoid the overheadf datatransferfrom aremotesite, which canincreaseéhe malkespanmetricfor
measuringhroughput)f a setof jobs.

We usean exampleto illustratethis. Considerthreegrid sitesA, B and C, which have differ-
entarchitectureg MPP, clusteretc.), processospeed humberof processorsindstoragecapacity
Dataset(A) =f fq, f,, f3 0, Dataset(B) =f f1, f4, f5 g, Datase{C) =f f1, fg, f7 9. Processor
speedA) > ProcessospeedB) > ProcessospeedC). Also, Numberof processoréC) > Number
of processor¢B) > Numberof processorgA).

Existingonlineschedulincheuristicdike MCT (Minimum Completiontime) andbatchschedul-
ing heuristicslike Min-min and Max-min would tendto map a job, which requiresdatasef | to
site A, sinceit resultsin the minimum job completiontime. Subsequent)yfuture jobs requesting
input datasef ; areall submittecto A, therebyoverloadingthe site anddecreasinghe probability
of LDLE executionsat A for jobsrequiringinput datasets$ , andf 3. Thisincreaseshe probability
of RDLE executionswith datatransfertaking placefrom site A andjob executiontaking placeat
sitesB andC.

We proposea schedulingheuristic,which takesinto accountbothjob completiontime andpro-
cessingoower availableat a siteto guidetheschedulingorocessThemainobjectie is to distribute
jobs over sitesin sucha mannerso asto lower the probability of RDLE executions. For data-
intensve applicationswheredatatransfertime canbe appreciablyhigherthanjob executiontime,
this schedulingheuristicreducesthe makespanfor a task-set. In our systemmodel, userssub-
mit jobsto a metaschedulerThe metaschedulethenscheduleghe jobs at differentsitesusinga
schedulingalgorithm. Eachsite hasalocal schedulerwhich only decideshow to allocateresources
to jobs submittedto the site by the metaschedulerThus, we usea centralizedschedulingpolicy.
To evaluatethe performanceof our heuristicandto compareit with existing heuristicsfor online
andbatchschedulingmodes we have developeda discreteevent simulator Our resultshave been
encouragin@ndshav anappreciablemprovementin makespanvhencomparedvith bothonline
andbatchheuristics Moreover, abetterloadbalancdn job distribution is alsoachieed.

The paperis organizedasfollows. Section2 discusseshe relatedwork. Section3 givesthe
outline of our schedulingmodel. Section4 presentghe performancemetricsfor evaluatingjob



schedulingfor datagrids, and Section5 describesour schedulingmethod. Section6 givesthe ex-
perimentalervironment,andSection7 presentshe simulation-basedxperimentakesults.Finally,
Section8 concludeur work.

2 RelatedWork

Most of the previous work in this areahasemphasizedhigh performancecomputingandhigh
throughputcomputingin computationabrids. We believe thathigh throughputcomputingin data
gridsfor data-intensie applicationanusttake into accounthetime for datatransferfrom aremote
siteandthereforeheuristicsapplicableto computationagrids may not necessarilype applicableto
datagrids.

Schedulingn gridshasbeenextensvely studiedn differentcontets e.g.schedulingor compu-
tationalgrids[15] [2], decoupleccomputationahnddatascheduling[12] andschedulingbasedn
economianodelg[1]. Schedulingor computationagridsis mainly concernedvith optimizingthe
resourcaisagdo obtainalowerjob turnaroundtime. Theresourcen this cases the computational
capacityof the grid. Computationagrids are usedfor executingjobswhich requirehugeamounts
of computepower. Thesizeof inputdatafor thejobsis insigni cantin comparisorio theamountof
computingcyclesneededor job execution.A decoupledcomputationabhnddataschedulingnodel
for datagridsusedifferentschedulingalgorithmsfor job anddataschedulingln this contet, data
schedulingefersto datareplication. Thustheschedulingdecisiondor job executionanddatarepli-
cationareindependenbf eachother Economicmodels(e.g. schedulingnodelusedin Nimrod-G
resource [1]) usefactorslike resourcecost,userpriority, job deadline,userpreferenceresource
architectureetc. in makingschedulingdecisions.

Ranganathast. al. [12] proposea schedulingramevork which considersdataschedulingand
computatiorschedulingseparatelyThey emphasizéigh performanceomputing.They useasys-
tem modelin which userssubmitjobsto an externalschedulerwhich schedulegobs to different
jobs using different schedulingalgorithms. Eachsite hasa local schedulemwhich managedhe
schedulingof jobsatthelocal site. The datasescheduleusesdifferentdatareplicationalgorithms
to replicatedataat remotesites. The useof decentralizedchedulingin this casecan lower the
averageresponséime, but doesnot necessarilyncreasehe grid throughput.Takefusaet. al. [17]
present performancenalysisof schedulingandreplicationalgorithmson grid dataBrmarchitec-
turefor high enegy physicsapplications.They evaluateonline schedulingalgorithmsto reducethe
userresponsdime. Takefusaet. al. [16] study deadlineschedulingfor client-serer systemson
the ComputationalGrid. They suggesthatdeadlineschedulings theright stratgy in multi-client
scenariousersspecifydeadlinedor their tasksandhave to spendmorefor tighterdeadlinesThey
usea costmodeland proposestratgies that canresultin an overall improvementin scheduling.
They usethe Bricks simulationframework for evaluationpurpose.

Casanwa et al [2] describeheuristicsfor schedulingparametesweepapplicationsn computa-
tional grids. Their systemmodelis differentfrom ours. They assumehatthereareno le transfers
betweersitesandall les areavailablewith the user We usestaticreplicationin our model. Park
etal. [11] describecostmodelsto schedulgobson thegrid to minimizeresponseime for the user
andagainthey emphasizeiserresponseime optimization. They considemoth amountof compu-
tationalresourcesnddataavailability in their costmodelsfor the following scenariosiocal data
andlocal execution,Local dataand remoteexecution,Remotedataandlocal execution,Remote
dataandsameremoteexecutionandRemotedataanddifferentremoteexecution.For eachjob, the
costis evaluatedandthe costmodelwhich hastheleastcostis usedto schedulghejob.

Stockingeretal. [14] describea costmodelfor distributedandreplicateddatastores.Thetarget
function of the costmodelis the responsedime of the usersrequest.They alsoidentify staticand
dynamicin uences on the responsdime. Min et al. [10] and Smith et al. [13] discussadwance



resenation of resourcegresourceco-allocationproblem)in their schedulingalgorithmsto satisfy
the QoSrequirement®f the user Subramanet.al.[15] evaluatesomecentralizedanddistributed
schedulinglecisiondor acomputationagrid andproposea schemewvhich usesedundantistribu-
tion of ajob to differentsitesto reduceaveragegob slovdown andturn-aroundime. Schedulingpf
independentasksto heterogeneousomputingsystemsasbeendescribedn [9].

3 SchedulingModel

We usea systemmodelin which the grid consistsof siteswhich have both computinganddata
storageresourcegFigure 1). The sitesare connectedy a wide areanetwork (WAN), while the
nodesin a site are connectedy a local areanetwork (LAN). We considerthe datatransfertime
within thelocal LAN (intra-sitedatatransfer)at a site to be nggligible in comparisorto both job
executiontime andinter-sitedatatransfertime. We alsoignorethetimeto transfertheoutputdataset
from the site executingthe job backto the user sincethis doesnot in uence the grid throughput.
Ourschedulingnodelusesa Metaschedulerfor schedulingof jobsatthe differentsites. Theusers
submitjobsto the metascheduleiThe Metascheduledecideghe grid sitefor job submissiorusing
a heuristic-basedschedulingalgorithm. Oncea job is submittedto a site, the Local Scheduler
at the site manageschedulingusinglocal schedulingalgorithm,which may vary from onesiteto
another Thus,our modelis someavhat similar to the modelusedin [12], the differencebeingthat
all usersareassociateevith asingleMetascheduleandsitesdo nothave a DataseSchedulersince
no dynamicreplicationtakes place. Oncea job is submittedto a site, it occupiesthe resources
assignedo it until job completioni.e. thereis no job preemption. The Metaschedulemteracts
with the Informationand Monitoring service(e.g.,the Globus MDS [4], NWS [18]) andReplica
LocationServiceto determinethe variouspossibleresourceallocations which cansatisfythe job
requirementFigure2 shavs theinteractiondbhetweerthe differentcomponentsf the grid.

4 Performance Metrics

We use makespanasthe primary performancemetric. Before giving a formal de nition of
makespan|et uslook into someotherjob executiontermsin the contect of a datagrid. A datagrid
is characterizedy a distribution of heterogeneousomputingandstoragenodes.A job requiresan
inputdataset(someform of dataproduct),onwhichanalgorithmis appliedto generate the output
product(time to derive). Oncethis is done,this outputproductis analyzedtime to analyze).Thus
the total executiontime (if the input datasetis presentat the site, wherethe job is submitted)is
givenby (dervationtime + analysistime). Hence the expectedexecutiontime ey, of jobj, on
site s, is givenby (timeto derive( m )+timeto analyzej( )), giventhattheinput datasetis present
atsites,. Theexpectedcompletiontime ¢y, of jobjm onsites, is de ned asthewall-clocktime
atwhichs,, completesg  (includesthetime to transfertheinput datasetfrom someothersite,if it is
notpresentts,.) Let usconsidera batchof Jjobs,which have to bescheduledIf ajob |, arrives
attimet, andbegins executionattime ty, thency, =ty + emn . The makespanfor the complete
schedulas thengivenby: M ax; . 23 (Cmn ). In adata-gridaninput datasetrequiredby ajob may
or maynotbepresentatthesite,wherethejob is submittedfor execution.Thusthesizeof theinput
datasetandthe network bandwidthavailablecanhave a signi cant in uence onthe makespan.

5 Schedulingalgorithm and Heuristics

A schedulecanschedulgobsin two differentmodes:online andbatch. In the online mode,
the schedulemapsa job to a site andschedulest for executionimmediately Thusthis mapping
andschedulings aone-timeevent. Ontheotherhand,in thebatchmode whenschedulingequests
arrive at the schedulerthey are not mappedmmediately Insteadthe mappingis donefor a set
of tasks(meta-task)at a prescheduledime and this is called a mappingevent. The frequenyg




1) while therearejobs(jobsin meta-taskl) 1) while therearejobs(jobsin meta-taskl)

- to bescheduled - to bescheduled

2) foreachjobj 2 J; 2)  foreachjobj 2 J;

3) calculateg; s for all sites(s 2 S:sites) 3) calculatew; s for all sites

4) calculatec; (min) - (s2 S:sites)

5)  scheduldghejob which hasthe 4) calculateW; s(max)andrecordthe

- (min=max ) valueof ¢; (min) atthe - corresponding; s

- correspondingites. 5)  scheduldghejob which hasthe

6) deletethejob from J. - minimumvalueof ¢ s in step4.

7) updatetheresource(processy units) 6) deletethejob from J.

- atthecorrespondingites. 7)  updatetheresourcgprocessinginits)
- atthecorrespondingites.

Figure 3: Min-min/Max-min heuristic
Figure4: Min-MRRmin heuristic

of mappingeventsis called schedulingfrequeng. The benchmarkheuristicfor online modeis

Minimum CompletionTime (MCT). Batch mode schedulingheuristicsinclude Min-min [7] and
Max-min [7]. Figure3 outlinesthe Min-min and Max-min heuristics. Min-min heuristicis used
asthebenchmarKor the batchmode.In the Min-min heuristic,the minimum completiontime for

eachjob (over all siteswhich have the necessaryprocessingower for job execution)is predicted.
Thenthe job which hasthe leastMCT is scheduledby mappingit to the site which completes
job executionin the minimumtime) andthendeletedfrom the meta-task.The processs repeated
with theremainingjobsin the meta-taskuntil all jobshave beenscheduledThe motivationbehind
this heuristicis to completejob executionat a site at the earliestpossibletime and have resource
availablefor future job submissions Max-min usesthe maximumvalue of MCT asthe heuristic.
Theideais to overlapexecutionof shorttaskswith longtasks.

5.1 Our Approach

In adatagrid, job executiontime is notonly in uencedby the processingpeedat differentsites,
but alsothe presencer absencef theinput data-setit the job executionsite. We know thata job,
whensubmittedto a site(sayA), canbe aninstanceof LD LE 5 or aninstanceof RDLE a (see
Lemmain Appendi). Thejob completiontime in the rst scenarids alwayslessthanthe second
becaus®f theoverheaddueto datatransferfrom aremotesite (remotew.r.t site A).

We proposeaMin-MRRmin heuristic (Figure4), whichnotonly usesMCT, but alsothe Resid-
ual Resource at eachsite to guidethe schedulingorocess.We de ne residual resource of a site
asthe processingunits available at the site after a job is submittedfor execution. For eachjob, if
thereexists even a singlejob execution,which is aninstanceof LDLE, it is given preferencever
all otherinstance®f RDLE. If multiple instance®f LDLE (or multiple instance®f RDLE andno
instanceof LDLE) exist, thenthefollowing objective functionis usedto selectthe bestinstance.

Wis = Rjs Gs

where

Rjs: Residuakesourceof sites aftersubmissiorof job j;
Gs: Jobcompletiontimefor job j atsites;

;. Weightss.t. + = 1.

Themotivationbehindusingthisheuristicisto nd anoptimumbalancebetweerthejob comple-
tion time andtheresidualresourceavailableat a siteafterajob submissionA sitewhich hasahigh
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residualresourceandlow job completiontime is alwaysgivenpreferencen step4 of thealgorithm.
Insteadof overloadingsiteswith shortjobs, this heuristictriesto distribute jobs over sites(achies-
ing a betterload balancelanddecreasethe probability of RDLE job executions.Weightsareused
to assignpriorities to residualresourceand expectedcompletiontime. A valueof greaterthan
0.5 (andcorrespondingly lessthan0.5) meansthatgreaterweightis givento residualresource.
Residualresourceshouldbe givena higherpriority if datatransfertime is appreciablyhigherthan
job executiontime and les aredistributedin a non-uniformmannerwith some les available at
speci c sites.Oneexampleof this scenariacanbethe high enegy physicsexperimentq6], where
initially all datawould be locatedat the centralsite at CERN. Therewould be a good numberof
RDLE job executiondn suchascenaricmndhencehigherweightmustbegivento residuakesource.
Ontheotherhand,if thedata les requiredfor ajob aresmallin sizeandthe datatransfertime is
signi cantly smallerthanjob executiontime, thenthe executiontime becomeghe major compo-
nentof thejob completiontime. In this case a higherweight shouldbe assignedo job execution
time. Thevalueof atwhichthe minimum makespanis achieved dependn le accesgattern,
distribution of les atdifferentsitesandaverageob size.

From our simulations we have obsered thatfor typical datagrid con gurationsthe makespan
decreasewith anincreasdn andreaches minimumin the (0.5- 0.8) rangeandthenincreases
again. We have run simulationsfor differentcon gurationsandobsere a trendwhich is closeto
that shavn in Figure5. In a datagrid, the major componentof the job completiontime is the
datatransfertime andinitially all the les arelocatedat the centralor root node. Therefore,a
signi cant numberof RDLE executiongtake placeandthe makespardecreasewith increasen
For valuesof higherthan0.8, sincethe weight associatedvith job executiontime is very low,
thejob allocationsaredecidedmainly on the basisof residualresourceavailableata site. This can
resultin high valuesof job executiontime for somejobs,therebyincreasinghe makespan.
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5.2 Analysis

We rst analyzehow RDLE job executionaffectsthemakesparof asetof jobsandtheutilization
of computingresourcegprocessorgat eachsite. We then compareour heuristicwith existing
onlineandbatchheuristics.In our schedulingnodel,the metaschedularseseitheronline or batch
processingf jobsin thejob queue.Thus,ajob is submittedo a site only whenit hasthenecessary
processingunits to executethe job. Thelocal scheduleonly decideshow to schedulghe jobson
its local resourcesHenceajob canonly be in a queueat a site, while it is waiting for transferof
therequiredinputdatasefrom aremotesite. Thus,wheneer ajob executionbelongso RDLE, the
following happen:

1. Thejob completiontime is high. Moreover, computingresourcesit the site areoccupiedfor
alongerperiodof time becaus®f thewaiting time dueto datatransfer Thusthe probability
of LDLE at this site decreaseandthe probability of RDLE at other sitesincreases.This
increaseshe malkespan.

2. Sincetheprocessorsemainidle duringdatatransfettime, theprocessoutilizationis reduced.

Theonlineschedulingheuristic MCT schedules job at a site, wherethe job canbe completed
in aminimumamountof time. In ourapproachye usethemaximumvalueof Wi s to selecthesite.
Thus,preferences givento asitethathasa higherresidualresourceandlowerjob completiontime.
Batchschedulingheuristicdike Min-min triesto minimizethemalkesparby schedulingobsatsites
which canresultin the the minimumjob completiontime. Step4 in the Min-min algorithm Iters
out all possibleexecutionscenariogfor eachjob), which areinstanceof RDLE, if thereexists at
leastonescenariowhichis aninstanceof LDLE. Thus,if therearetwo or moresiteswhich have
boththe necessarprocessingunits for the job executionaswell asthe input datasein their data
storage thenthe site with the fasterprocessorss selected.So, if therearefrequentrequestdor
a particulardatase{step5), a site which hasthatdatasendhascomparatiely fasterprocessors,
gets ooded with job submissionsesultingin insufcient computingresources$or subsequerjbbs
(requiringdifferentinput datasets).This increaseshe probability of RDLE for thosesubsequent
jobs. Max-min usesthe samestratgy in step4 but gives priority to longerjobsin step5. Thus
two jobs requiringthe sameinput datasefor job processingvill be mappedo the samesite and
will runfor alongerperiodof time, therebyworseninghe performancevenfurtherthanMin-min.

lwe usethe termsprocessinginitsandprocessorinterchangeably



Min-MRRmin selectsthe site which hasthe highestvalue of Wj s for eachjob (step4) andthen
givespriority to jobswhich have lower job completiontime (step5).

6 Simulation Setup

We have developedadiscrete-eentsimulator(writtenin Java) to evaluatethedifferentheuristics.
The main component®f the simulatorarethe scheduler network manager, resouice manager
andthereplicamanager. Thescheduleinteractswith thenetwork manageresourcenanageand
replicamanageffor informationaboutnetwork bandwidth,computingresourcesand le replicas
respecirely. Eachsite hascomputing(processingunits) and storage(datasets)resources.The
processingpeedandstoragecapacitycanvary from siteto site. Thejob arrivalsaremodeledby a
PoissomrocessWe usedatafrom [6] to selecthevalueof (job arrival rate).A job is represented
by thetuplef arrival-time,job-id,userd, processing-units,dagatid g. The datasetequespattern
from eachuser(thenumberof userausedn our simulations= 50)is modeledusingzipf distrikbution.

We do notmodelary particulargrid test-bedA at grid topologycontainingl0 sitesis usedfor
the simulation. Eachsite hasa certainamountof processinginits (100-2000)andstoragecapacity
(7-80). We usedatafrom [6] andappropriatelyscalethemto suit our simulationneeds.The grid
consistsof a centralsite (similar to CERN in EU datagrid testbed),which containsthe entire
datasetindhasthe highestprocessingapacity The datasetaredistributedrandomlyat the other
sites.Whena datasehasto befetchedfrom aremotesite, it is cachedatthelocal siteandLRU le
replacemenis used.No dynamicreplicationtakesplace.The network bandwidthis modeledusing
datafrom [6].

We assumehateachdatasets representetty a le anddifferent les have different le sizes.
Eachjob requiresasingle le andthe processindime andthe numberof processinginitsrequired
is proportionalto the sizeof the le. Figure6 shavsthedifferentsimulationparameters.

7 Resultsand Discussions

A datagrid is characterizethy the presencef input datasets which arepresentata centralsite
andreplicatedat othersites.We know thatthejob completiontime for ajob j ,, submittedo a site
sn, suchthattheinput datasetfor thejob is presentat the siteis muchlessthanthe casewhenthe
datasethasto be fetchedfrom a remotesite. Therefore the degreeof replicationof the datasets
cansigni cantly in uence the makesparof a batchof jobs. We evaluatethe differentheuristicsfor
randomdistribution of replicasat sitesotherthanthe centralsite (which hasall the datasets) We
have runsimulationgo comparehe performancef thedifferentheuristican bothonlineandbatch
mode.

Online Scheduling

Thebenchmarkeuristicfor onlineschedulings Minimum CompletionTime (MCT). We com-
parethe performancef MRR-minwith MCT for workloadsizeof 100and1000(Figure?7). MRR-
min is the online versionof Min-MRRmin. In the onlinemode,eachjob is scheduledmmediately
andthis mappingoccursonce. For eachjob, MRR-min calculateghe maximumvalueof W; s and
selectghe correspondingite for job submission.We obsenre a signi cant performanceémprove-
ment (averageimprovementof 45%) over MCT at high job arrival rates. We also comparedhe
numberof LDLE and RDLE executionsfor both casegworkload size of 1000). MRR-min has
about21%lessRDLE executionghanMCT (Figure8).

The aforementionedstatisticsrepresenthe casewhen the datatransfertime for a datasetis
appreciablyhigherthanthe job executiontime andreplicasarerandomlydistributed at sitesother
thanthecentralsite. In this casewe foundbestresultsareachieredusing =0.5and =0.5.We
alsocollectedstatisticsfor the casesvhendatatransfertime is comparabldo executiontime and
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datatransfertime is appreciablysmallerthanjob executiontime. In bothcaseswe geta percentage
improvementof about7%. Thus,the percentagémprovementin performanceof MRR-minis the
highestwhendatatransfertime is muchhigherthanjob executiontime. As the job executiontime
becomescomparableto or larger than datatransfertime, even thoughthere might be instances
of RDLE, theseget overlappedby instancesof LDLE at othersitesandthereforethe increasan
makespardueto RDLE instancess appreciablysmaller

Batch Scheduling

To startwith, we usea small setof jobs, which are mappedto differentsitesusinga single
mappingevent. With a small setof jobs, we caneffectively studyload-balancingssuesfor each
heuristic besidesanalyzingthe factorsaffecting the makespanin eachcase. Figures9, 10 and
11 shav the makespanfor the threeheuristicsfor the case,wherethe le replicasarerandomly
distributed. The makesparfor the meta-taskusingMMR-min heuristicis about40% lessthanthat
of the Min-min and Max-min heuristics. Moreover, a betterload balanceis achiered in the case
of Min-MRRmin. Jobsare scheduledat 7 differentsitesin Min-MRRmin, whereasMin-min and
Max-min schedulgobs at 5 and 6 sitesrespectrely. Min-MRRmin achieresa betterdistribution
of jobsandby giving priority to ajob which canbe scheduledt the site which hasthe maximum
processinginits (maximumresidualresource).lt triesto maximizethe probability of a job being
executedat a site which alsohasthe requiredinput dataset. This hasa signi cant impacton the
makespanpecauséheoverheaddueto datasetransfergfor instance®f RDLE) is minimized.
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Figure 12: Comparisonof heuristicsfor differentscheduling frequencies

For thebatchmode,we comparethe performancef Min-MRR, Min-min andMax-min heuris-
tics for differentschedulingrequenciesanddifferentjob arrival rates( ). We vary the value of
from 200jobs/day(0.003jobs/s)to 10000jobs/day(0.116jobs/s). We useschedulingrequencies
of 20,50and100secondsindalsovary thevaluesof theweights, and .

Figure12 shavs themakesparin eachcase(for aworkloadsizeof 500). Min-MRRmin hasthe
lowestmalkesparfor lower frequenciegndalwaysperformsatleastasgoodor betterthanMin-min
andbetterthanMax-min. A performancegain of about30% and28.5%is achiezed over Min-min
andMax-minrespectiely for a schedulingrequeng of 20 secondsThe bestresultsareobtained
for highdatatransfertime (in comparisorto executiontime), lower schedulingrequenciesindhigh
job arrival rates. We also obsere that Max-min performsbetterthanMin-min at low scheduling
frequencies.

8 Conclusions

Jobschedulingfor datagrid applicationsmusttake into accountnot only job executiontimes
but the distributions of requireddata. Existing schedulingmethodssuchas Min-min and Max-
min only considerthe formerfactor We proposeda new schedulingheuristiccalledMRR, which
systematicallyconsidershe executiontime and datatransfertime for the currentjob aswell as
minimizingthe probabilityof futurejob assignmentthatrequireremotedatatransfer By including
theresidualresourcento the evaluationof asitefor runningagivenjob, ourmethodmaymaximize
the numberof local-data,local-executionjob assignments.Our simulationsresultsshav thatin
both the online andbatchmodesof schedulingour methodperformssigni cantly betterthanthe
existing methodsn the samecategory.

Appendix

Lemma All possiblgob scenariosvith respecto asites

Proof: (LD LE )s 2 f(LD LE )sg;



(LD RE)s 2 f(RDLE )some site in sO
(RDLE)s 2 f(RDLE )sg;

(RDSRE)s 2 f(LD LE )some site in s
(RDDRE)s 2 f(RDLE )some site in s
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