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Abstract

Job schedulingin data grids mustconsidernot only computationloadsat each grid nodebut
alsothedistributionsof datarequiredby each job. Furthermore, recenttrendsin grid applications
emphasizehigh throughputmore than high performance. In this paper, we proposea centralized
schedulingscheme,which usesa schedulingheuristiccalledMaximumResidualResource(MRR)
that targetshigh throughputfor datagrid applications.MRRtakesinto accountbothcomputation
timesanddataresourcesavailableat a sitewhenevaluatingthesiteasa candidatefor a givenjob.
It triesto minimizethenumberof job executionsthat require remotedatatransfer, meanwhilemain-
taininggoodloadbalanceamonggrid sites.Wehaveanalyzedtheperformancepotentialsof MRR,
and havedevelopeda simulatorto evaluateit with typical grid con�gurations. Our resultsshow
that MRRbrings signi�cant performanceimprovementsover existing online and batch heuristics
like MCT, Min-minandMax-min.

1 Intr oduction

Grid computingis anemergingcomputingparadigmwhereinauthorizeduserscanaccessanduse
distributedcomputingresources(e.gCPUcyclesandlargerepositoriesof data)by submittingjobs
to thegrid andgettingresultsbackfrom thegrid. A grid is adistributedcollectionof computingand
dataresources,which is sharedby entitiesin a virtual organization.Computationalgridsaddress
computationallyintensive applicationsthatdealwith complex andtime consumingcomputational
problemson relatively smalldatasets.Datagridsaddressdataintensive applicationsthatdealwith
theevaluationandmining of large amountsof datain the terabyteandpetabyterange(e.g. future
high energy physicsexperimentswill requirepetabytedatastorageandhugecomputationalpower
thatmayonly beef�ciently supportedby grids). Jobschedulingin thesegridswould bein�uenced
notonly by therequiredcomputingpower but alsoby thedataintensivenessof theapplications.

A grid is a distributedcollectionof computinganddataresources,which is sharedby entities
in a virtual organization.Computationalgrids addresscomputationallyintensive applicationsthat
solvescomplex andtime consumingcomputationalproblemson relatively small datasets,while
datagridsaddressdataintensive applicationsthatanalyzelargeamountsof datain theterabyteand
petabyterange. Datagrid is the only cost-effective approachfor many applicationsthat demand
collaborative efforts working on a hugeamountof data,e.g. high energy physicsexperimentsthat
typically producespetabytesof dataper year. Becausedatais distributedover sitesin datagrids,
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job schedulingfor datagrids mustconsidernot only computationloadsat eachsite but also the
distribution of datarequiredby eachjob.

ConsidertheCMS high energy physicsexperimentat CERN[8], which will generate1000TB
of raw dataperyearfrom 2006onwards,with anestimated10000CPUsall over theworld being
usedaroundtheclockin dataanalysisactivities[5]. Hundredsof physicistsin differentgeographical
locationsall over theworld will usesomesubset(s)of thisdatafor analysisby submittingjobsto the
grid. Jobschedulingfor optimumusageof grid resourcescanbeachallengingissuein thiscontext.
Wefocusongrid orientedoptimization,whereinthemainobjective is high thr oughput computing
(maximizingthenumberof �nished jobsin a certainperiodof time).

Historically, usersof computingfacilitieshavebeenmainlyconcernedwith theresponsetimeof
applicationswhilesystemadministratorshavebeenconcernedwith throughput.However, agrowing
communityof IT managers,researchersand scientistsare now concernedaboutthe throughput
of their applications[8, 5]. Increasinggrid throughputcan be accomplishedby schedulingthe
maximumnumberof tasksto the grid in a certainperiodof time. However, schedulingtasksin
an optimal fashionhasbeenshown to be NP complete[3]. Although previous work in this area
hasemphasizedjob schedulingfor high performancecomputing,to thebestof our knowledgeno
systematicattempthasbeenmadein studyingtheschedulingof jobsin a datagrid for maximizing
thegrid throughput(high throughputcomputing).

Theproposedschemeis acentralizedschedulingscheme,in whichacentralnodeor clustercol-
lectsthe informationaboutavailablecomputationalresourcesanddatareplicasat all sites,makes
schedulingdecisions,andinforms othersitesthe schedulingoutput. Whencomparingthemwith
distributedschemes,onewouldthink centralizedschemesareinferior becauseof apotentialperfor-
mancebottleneckandthesinglepoint of failureat thecentralnode.Theformerissueis negligible
for our scheme,becausetheschemeis very ef�cient andtheschedulingtime is trivial whencom-
paredwith grid job executiontime. Thelatteronecanbeaddressedby usingbackupsof thecentral
schedulingnode.

Our schemeis different from existing schedulingschemes,suchas thosebasedon economic
models,schedulingfor computationalgrids, and decoupledcomputationaland datascheduling.
Schedulingfor computationalgrids [15] considersonly job executionbut not datalocationsand
movements.Economicmodels[1] aresuitablewhenresourcesareownedby organizationsof self-
interests,while we target grids thatdedicateresourcesto non-pro�t, high -performanceandhigh-



throughputcomputing. Decoupledcomputationalanddatascheduling[12] arrangesjob anddata
replicationindependentlyto reduceuserresponsetime,andusesvariousschedulingalgorithms(e.g.
schedulingat theleastloadedsiteandrandomscheduling).Ourschemeis differentin thatby using
residualresourceswe considerjob schedulinganddatamovementsat thesametime,andwe target
high-throughputof thegrid.

Fromtheviewpoint of scheduling,a datagrid consistsof heterogeneoussites,which have both
computationalanddataresources.If a job canbe executedat a site, which alsohasthe required
data,thenthe job is an instanceof (Local dataandLocal execution)with respectto the site. We
itemizethedifferentjob executionscenarios(shown in �gure 1). Weborrow terminologyfrom [11].

1. LocaldataandLocalexecution(LDLE)
2. RemotedataandLocalexecution(RDLE)
3. LocaldataandRemoteexecution(LDRE)
4. RemotedataandSameRemoteexecution(RDSRE)
5. RemotedataandDifferentRemoteexecution(RDDRE)

Weshow that(proof includedin Appendix)therecanbeamaximumof 2Spossiblescenariosin
whicha job canbeexecutedon a grid containingS sites.The2 differentscenariosfor eachsiteare
LD LE site andRDLE site . Thereasonbehinddoingtheabove analysisis to show thatwhenever a
job is submittedto thegrid, it mustbescheduledsuchthat the job is an instanceof LD LE site to
avoid theoverheadof datatransferfrom aremotesite,whichcanincreasethemakespan(metricfor
measuringthroughput)of asetof jobs.

We usean exampleto illustratethis. Considerthreegrid sitesA, B andC, which have differ-
entarchitectures( MPP, clusteretc.),processorspeed,numberof processorsandstoragecapacity.
Dataset(A) = f f 1, f 2, f 3 g, Dataset(B) = f f 1, f 4, f 5 g, Dataset(C) = f f 1, f 6, f 7 g. Processor
speed(A) > Processorspeed(B) > Processorspeed(C).Also,Numberof processors(C) > Number
of processors(B) > Numberof processors(A).

ExistingonlineschedulingheuristicslikeMCT (Minimum Completiontime)andbatchschedul-
ing heuristicslike Min-min andMax-min would tendto mapa job, which requiresdatasetf 1 to
siteA, sinceit resultsin theminimum job completiontime. Subsequently, future jobs requesting
input datasetf 1 areall submittedto A, therebyoverloadingthesiteanddecreasingtheprobability
of LDLE executionsat A for jobsrequiringinputdatasetsf 2 andf 3. This increasestheprobability
of RDLE executions,with datatransfertakingplacefrom siteA andjob executiontakingplaceat
sitesB andC.

We proposea schedulingheuristic,which takesinto accountbothjob completiontime andpro-
cessingpoweravailableatasiteto guidetheschedulingprocess.Themainobjective is to distribute
jobs over sitesin sucha mannerso as to lower the probability of RDLE executions. For data-
intensive applications,wheredatatransfertime canbeappreciablyhigherthanjob executiontime,
this schedulingheuristicreducesthe makespanfor a task-set. In our systemmodel, userssub-
mit jobs to a metascheduler. The metaschedulerthenschedulesthe jobs at differentsitesusinga
schedulingalgorithm.Eachsitehasa localscheduler, whichonly decideshow to allocateresources
to jobs submittedto the site by the metascheduler. Thus,we usea centralizedschedulingpolicy.
To evaluatethe performanceof our heuristicandto compareit with existing heuristicsfor online
andbatchschedulingmodes,we have developeda discreteeventsimulator. Our resultshave been
encouragingandshow anappreciableimprovementin makespanwhencomparedwith bothonline
andbatchheuristics.Moreover, abetterloadbalancein job distribution is alsoachieved.

The paperis organizedasfollows. Section2 discussesthe relatedwork. Section3 gives the
outline of our schedulingmodel. Section4 presentsthe performancemetricsfor evaluatingjob



schedulingfor datagrids,andSection5 describesour schedulingmethod.Section6 givestheex-
perimentalenvironment,andSection7 presentsthesimulation-basedexperimentalresults.Finally,
Section8 concludesourwork.

2 RelatedWork

Most of the previous work in this areahasemphasizedhigh performancecomputingandhigh
throughputcomputingin computationalgrids. We believe thathigh throughputcomputingin data
gridsfor data-intensive applicationsmusttake into accountthetime for datatransferfrom aremote
siteandthereforeheuristicsapplicableto computationalgridsmaynot necessarilybeapplicableto
datagrids.

Schedulingin gridshasbeenextensively studiedin differentcontextse.g.schedulingfor compu-
tationalgrids[15] [2], decoupledcomputationalanddatascheduling[12] andschedulingbasedon
economicmodels[1]. Schedulingfor computationalgridsis mainly concernedwith optimizingthe
resourceusageto obtainalower job turnaroundtime. Theresourcein thiscaseis thecomputational
capacityof thegrid. Computationalgridsareusedfor executingjobswhich requirehugeamounts
of computepower. Thesizeof inputdatafor thejobsis insigni�cant in comparisonto theamountof
computingcyclesneededfor job execution.A decoupledcomputationalanddataschedulingmodel
for datagridsusesdifferentschedulingalgorithmsfor job anddatascheduling.In thiscontext, data
schedulingrefersto datareplication.Thustheschedulingdecisionsfor job executionanddatarepli-
cationareindependentof eachother. Economicmodels(e.g. schedulingmodelusedin Nimrod-G
resource [1]) usefactorslike resourcecost,userpriority, job deadline,userpreference,resource
architectureetc. in makingschedulingdecisions.

Ranganathanet. al. [12] proposea schedulingframework which considersdataschedulingand
computationschedulingseparately. They emphasizehigh performancecomputing.They usea sys-
tem modelin which userssubmit jobs to an externalscheduler, which schedulesjobs to different
jobs using different schedulingalgorithms. Eachsite hasa local schedulerwhich managesthe
schedulingof jobsat thelocal site. Thedatasetschedulerusesdifferentdatareplicationalgorithms
to replicatedataat remotesites. The useof decentralizedschedulingin this casecan lower the
averageresponsetime, but doesnot necessarilyincreasethegrid throughput.Takefusaet. al. [17]
presenta performanceanalysisof schedulingandreplicationalgorithmson grid datafarmarchitec-
turefor highenergy physicsapplications.They evaluateonlineschedulingalgorithmsto reducethe
userresponsetime. Takefusaet. al. [16] studydeadlineschedulingfor client-server systemson
theComputationalGrid. They suggestthatdeadlineschedulingis theright strategy in multi-client
scenario:usersspecifydeadlinesfor their tasksandhave to spendmorefor tighterdeadlines.They
usea costmodelandproposestrategies that canresult in an overall improvementin scheduling.
They usetheBrickssimulationframework for evaluationpurpose.

Casanova et al [2] describeheuristicsfor schedulingparametersweepapplicationsin computa-
tionalgrids.Their systemmodelis differentfrom ours.They assumethatthereareno �le transfers
betweensitesandall �les areavailablewith theuser. We usestaticreplicationin our model. Park
et al. [11] describecostmodelsto schedulejobson thegrid to minimizeresponsetime for theuser
andagainthey emphasizeuserresponsetime optimization.They considerbothamountof compu-
tationalresourcesanddataavailability in their costmodelsfor thefollowing scenarios:Local data
andlocal execution,Local dataandremoteexecution,Remotedataandlocal execution,Remote
dataandsameremoteexecutionandRemotedataanddifferentremoteexecution.For eachjob, the
costis evaluatedandthecostmodelwhichhastheleastcostis usedto schedulethejob.

Stockingeret al. [14] describeacostmodelfor distributedandreplicateddatastores.Thetarget
functionof thecostmodelis the responsetime of theusersrequest.They alsoidentify staticand
dynamicin�uences on the responsetime. Min et al. [10] andSmith et al. [13] discussadvance



reservation of resources(resourceco-allocationproblem)in their schedulingalgorithmsto satisfy
theQoSrequirementsof theuser. Subramaniet.al.[15] evaluatesomecentralizedanddistributed
schedulingdecisionsfor acomputationalgrid andproposeaschemewhichusesredundantdistribu-
tion of a job to differentsitesto reduceaveragejob slowdown andturn-aroundtime. Schedulingof
independenttasksto heterogeneouscomputingsystemshasbeendescribedin [9].

3 SchedulingModel

We usea systemmodelin which thegrid consistsof siteswhich have bothcomputinganddata
storageresources(Figure1). The sitesareconnectedby a wide areanetwork (WAN), while the
nodesin a site areconnectedby a local areanetwork (LAN). We considerthe datatransfertime
within the local LAN (intra-sitedatatransfer)at a site to be negligible in comparisonto both job
executiontimeandinter-sitedatatransfertime. Wealsoignorethetimeto transfertheoutputdataset
from thesiteexecutingthe job backto theuser, sincethis doesnot in�uence thegrid throughput.
OurschedulingmodelusesaMetaschedulerfor schedulingof jobsat thedifferentsites.Theusers
submitjobsto themetascheduler. TheMetaschedulerdecidesthegrid sitefor job submissionusing
a heuristic-basedschedulingalgorithm. Oncea job is submittedto a site, the Local Scheduler
at thesitemanagesschedulingusinglocal schedulingalgorithm,which mayvary from onesite to
another. Thus,our modelis somewhatsimilar to themodelusedin [12], thedifferencebeingthat
all usersareassociatedwith asingleMetaschedulerandsitesdonothaveaDatasetScheduler, since
no dynamicreplicationtakes place. Oncea job is submittedto a site, it occupiesthe resources
assignedto it until job completioni.e. thereis no job preemption.The Metaschedulerinteracts
with the InformationandMonitoring service(e.g.,the Globus MDS [4], NWS [18]) andReplica
LocationServiceto determinethevariouspossibleresourceallocations,which cansatisfythe job
requirement.Figure2 shows theinteractionsbetweenthedifferentcomponentsof thegrid.

4 PerformanceMetrics

We usemakespanas the primary performancemetric. Before giving a formal de�nition of
makespan,let uslook into someotherjob executiontermsin thecontext of a datagrid. A datagrid
is characterizedby adistribution of heterogeneouscomputingandstoragenodes.A job requiresan
inputdataset(someform of dataproduct),onwhichanalgorithmis appliedto generateatheoutput
product(time to derive). Oncethis is done,this outputproductis analyzed(time to analyze).Thus
the total executiontime (if the input dataset is presentat the site, wherethe job is submitted)is
givenby (derivationtime + analysistime). Hence,theexpectedexecutiontime emn of job j m on
sitesn is givenby (time to derive(j m )+timeto analyze(j m )), giventhattheinputdatasetis present
atsitesn . Theexpectedcompletiontime cmn of job j m onsitesn is de�ned asthewall-clocktime
atwhichsn completesj m (includesthetimeto transfertheinputdatasetfrom someothersite,if it is
notpresentatsn .) Let usconsiderabatchof J jobs,whichhave to bescheduled.If a job j m arrives
at time ta andbeginsexecutionat time tb, thencmn = tb + emn . Themakespanfor thecomplete
scheduleis thengivenby: M ax j m 2 J (cmn ). In a data-grid,aninput datasetrequiredby a job may
or maynotbepresentat thesite,wherethejob is submittedfor execution.Thusthesizeof theinput
datasetandthenetwork bandwidthavailablecanhave asigni�cant in�uence on themakespan.

5 Schedulingalgorithm and Heuristics

A schedulercanschedulejobs in two differentmodes:online andbatch. In theonlinemode,
theschedulermapsa job to a siteandschedulesit for executionimmediately. Thusthis mapping
andschedulingis aone-timeevent.Ontheotherhand,in thebatchmode,whenschedulingrequests
arrive at the scheduler, they arenot mappedimmediately. Insteadthe mappingis donefor a set
of tasks(meta-task)at a prescheduledtime and this is called a mappingevent. The frequency



1) while therearejobs(jobsin meta-taskJ)
- to bescheduled
2) for eachjob j 2 J;
3) calculatecj s for all sites(s2 S:sites)
4) calculatecj (min)
5) schedulethejob whichhasthe
- (min=max ) valueof cj (min) at the
- correspondingsites.
6) deletethejob from J.
7) updatetheresource(processing units)
- at thecorrespondingsites.

Figure3: Min-min/Max-min heuristic

1) while therearejobs(jobsin meta-taskJ)
- to bescheduled
2) for eachjob j 2 J;
3) calculateWj s for all sites
- (s2 S: sites)
4) calculateWj s(max)andrecordthe
- correspondingcj s

5) schedulethejob whichhasthe
- minimumvalueof cj s in step4.
6) deletethejob from J.
7) updatetheresource(processingunits)
- at thecorrespondingsites.

Figure4: Min-MRRmin heuristic

of mappingeventsis called schedulingfrequency. The benchmarkheuristicfor online modeis
Minimum CompletionTime (MCT). BatchmodeschedulingheuristicsincludeMin-min [7] and
Max-min [7]. Figure3 outlinesthe Min-min andMax-min heuristics.Min-min heuristicis used
asthebenchmarkfor thebatchmode.In theMin-min heuristic,theminimumcompletiontime for
eachjob (over all siteswhich have thenecessaryprocessingpower for job execution)is predicted.
Then the job which hasthe leastMCT is scheduled(by mappingit to the site which completes
job executionin theminimumtime) andthendeletedfrom themeta-task.Theprocessis repeated
with theremainingjobsin themeta-taskuntil all jobshave beenscheduled.Themotivationbehind
this heuristicis to completejob executionat a site at theearliestpossibletime andhave resource
availablefor future job submissions.Max-min usesthemaximumvalueof MCT astheheuristic.
Theideais to overlapexecutionof shorttaskswith long tasks.

5.1 Our Approach

In adatagrid, job executiontimeis notonly in�uencedby theprocessingspeedatdifferentsites,
but alsothepresenceor absenceof theinput data-setat thejob executionsite. We know thata job,
whensubmittedto a site(sayA), canbe an instanceof LD LE A or an instanceof RDLE A (see
Lemmain Appendix). The job completiontime in the �rst scenariois alwayslessthanthesecond
becauseof theoverheaddueto datatransferfrom aremotesite(remotew.r.t siteA).

WeproposeaMin-MRRmin heuristic (Figure4),whichnotonly usesMCT, but alsotheResid-
ual Resource at eachsite to guidetheschedulingprocess.We de�ne residual resource of a site
astheprocessingunitsavailableat thesiteaftera job is submittedfor execution. For eachjob, if
thereexistsevena singlejob execution,which is an instanceof LDLE, it is givenpreferenceover
all otherinstancesof RDLE. If multiple instancesof LDLE (or multiple instancesof RDLE andno
instanceof LDLE) exist, thenthefollowing objective functionis usedto selectthebestinstance.

Wj s = �R j s � � cj s

where
Rj s: Residualresourceof sitesaftersubmissionof job j;
cj s: Jobcompletiontime for job j at sites;
�; � : Weightss.t. � + � = 1.

Themotivationbehindusingthisheuristicis to �nd anoptimumbalancebetweenthejobcomple-
tion timeandtheresidualresourceavailableatasiteaftera job submission.A sitewhichhasahigh
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residualresourceandlow job completiontime is alwaysgivenpreferencein step4 of thealgorithm.
Insteadof overloadingsiteswith shortjobs,this heuristictriesto distribute jobsover sites(achiev-
ing a betterloadbalance)anddecreasestheprobabilityof RDLE job executions.Weightsareused
to assignpriorities to residualresourceandexpectedcompletiontime. A valueof � greaterthan
0.5 (andcorrespondingly� lessthan0.5) meansthatgreaterweight is given to residualresource.
Residualresourceshouldbegivena higherpriority if datatransfertime is appreciablyhigherthan
job executiontime and�les aredistributed in a non-uniformmannerwith some�les availableat
speci�c sites.Oneexampleof this scenariocanbethehigh energy physicsexperiments[6], where
initially all datawould be locatedat the centralsite at CERN.Therewould be a goodnumberof
RDLE job executionsin suchascenarioandhencehigherweightmustbegivento residualresource.
On theotherhand,if thedata�les requiredfor a job aresmall in sizeandthedatatransfertime is
signi�cantly smallerthanjob executiontime, thenthe executiontime becomesthe major compo-
nentof the job completiontime. In this case,a higherweightshouldbeassignedto job execution
time. Thevalueof � at which theminimummakespanis achieved dependson �le accesspattern,
distribution of �les atdifferentsitesandaveragejob size.

Fromour simulations,we have observed that for typical datagrid con�gurationsthemakespan
decreaseswith anincreasein � andreachesa minimumin the(0.5 - 0.8) rangeandthenincreases
again. We have run simulationsfor differentcon�gurationsandobserve a trendwhich is closeto
that shown in Figure 5. In a datagrid, the major componentof the job completiontime is the
datatransfertime and initially all the �les are locatedat the centralor root node. Therefore,a
signi�cant numberof RDLE executionstake placeandthemakespandecreaseswith increasein � .
For valuesof � higherthan0.8, sincethe weight associatedwith job executiontime is very low,
thejob allocationsaredecidedmainly on thebasisof residualresourceavailableat a site. This can
resultin high valuesof job executiontime for somejobs,therebyincreasingthemakespan.
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5.2 Analysis

We�rst analyzehow RDLE job executionaffectsthemakespanof asetof jobsandtheutilization
of computingresources(processors1)at eachsite. We then compareour heuristicwith existing
onlineandbatchheuristics.In our schedulingmodel,themetascheduleruseseitheronlineor batch
processingof jobsin thejob queue.Thus,a job is submittedto asiteonly whenit hasthenecessary
processingunits to executethe job. The local scheduleronly decideshow to schedulethe jobson
its local resources.Hencea job canonly be in a queueat a site,while it is waiting for transferof
therequiredinputdatasetfrom aremotesite.Thus,whenevera job executionbelongsto RDLE, the
following happen:

1. Thejob completiontime is high. Moreover, computingresourcesat thesiteareoccupiedfor
a longerperiodof time becauseof thewaiting time dueto datatransfer. Thustheprobability
of LDLE at this site decreasesandthe probability of RDLE at othersitesincreases.This
increasesthemakespan.

2. Sincetheprocessorsremainidle duringdatatransfertime,theprocessorutilizationis reduced.

Theonlineschedulingheuristic,MCT schedulesa job at a site,wherethejob canbecompleted
in aminimumamountof time. In ourapproach,weusethemaximumvalueof W j s to selectthesite.
Thus,preferenceis givento asitethathasahigherresidualresourceandlower job completiontime.
BatchschedulingheuristicslikeMin-min triesto minimizethemakespanby schedulingjobsatsites
which canresultin thetheminimumjob completiontime. Step4 in theMin-min algorithm�lters
out all possibleexecutionscenarios(for eachjob), which areinstancesof RDLE, if thereexistsat
leastonescenario,which is an instanceof LDLE. Thus,if therearetwo or moresiteswhich have
both thenecessaryprocessingunits for the job executionaswell asthe input datasetin their data
storage,thenthe site with the fasterprocessorsis selected.So, if therearefrequentrequestsfor
a particulardataset(step5), a sitewhich hasthatdatasetandhascomparatively fasterprocessors,
gets�ooded with job submissionsresultingin insuf�cient computingresourcesfor subsequentjobs
(requiringdifferent input datasets).This increasesthe probability of RDLE for thosesubsequent
jobs. Max-min usesthe samestrategy in step4 but givespriority to longerjobs in step5. Thus
two jobs requiringthe sameinput datasetfor job processingwill be mappedto the samesite and
will run for a longerperiodof time,therebyworseningtheperformanceevenfurtherthanMin-min.

1we usethetermsprocessingunitsandprocessorsinterchangeably



Min-MRRmin selectsthe site which hasthe highestvalueof W j s for eachjob (step4) andthen
givespriority to jobswhichhave lower job completiontime (step5).

6 Simulation Setup

Wehavedevelopedadiscrete-eventsimulator(writtenin Java)toevaluatethedifferentheuristics.
Themaincomponentsof thesimulatorarethescheduler, network manager, resource manager
andthereplicamanager. Theschedulerinteractswith thenetwork manager, resourcemanagerand
replicamanagerfor informationaboutnetwork bandwidth,computingresourcesand�le replicas
respectively. Eachsite hascomputing(processingunits) and storage(datasets)resources.The
processingspeedandstoragecapacitycanvary from siteto site. Thejob arrivalsaremodeledby a
Poissonprocess.Weusedatafrom [6] to selectthevalueof � (job arrival rate).A job is represented
by thetuplef arrival-time,job-id,user-id, processing-units,dataset-id g. Thedatasetrequestpattern
from eachuser(thenumberof usersusedin oursimulations= 50)is modeledusingzipf distribution.

Wedonotmodelany particulargrid test-bed.A �at grid topologycontaining10sitesis usedfor
thesimulation.Eachsitehasa certainamountof processingunits(100-2000)andstoragecapacity
(7-80). We usedatafrom [6] andappropriatelyscalethemto suit our simulationneeds.Thegrid
consistsof a centralsite (similar to CERN in EU datagrid testbed),which containsthe entire
datasetandhasthehighestprocessingcapacity. Thedatasetsaredistributedrandomlyat theother
sites.Whenadatasethasto befetchedfrom aremotesite,it is cachedat thelocalsiteandLRU �le
replacementis used.No dynamicreplicationtakesplace.Thenetwork bandwidthis modeledusing
datafrom [6].

We assumethateachdatasetis representedby a �le anddifferent�les have different�le sizes.
Eachjob requiresa single�le andtheprocessingtime andthenumberof processingunitsrequired
is proportionalto thesizeof the�le. Figure6 shows thedifferentsimulationparameters.

7 Resultsand Discussions

A datagrid is characterizedby thepresenceof inputdatasets,whicharepresentatacentralsite
andreplicatedat othersites.Weknow thatthejob completiontime for a job j m submittedto a site
sn , suchthattheinput datasetfor thejob is presentat thesite is muchlessthanthecasewhenthe
datasethasto be fetchedfrom a remotesite. Therefore,thedegreeof replicationof thedatasets
cansigni�cantly in�uence themakespanof a batchof jobs.Weevaluatethedifferentheuristicsfor
randomdistribution of replicasat sitesotherthanthecentralsite (which hasall thedatasets).We
haverunsimulationsto comparetheperformanceof thedifferentheuristicsin bothonlineandbatch
mode.

Online Scheduling

Thebenchmarkheuristicfor onlineschedulingis Minimum CompletionTime(MCT). Wecom-
paretheperformanceof MRR-minwith MCT for workloadsizeof 100and1000(Figure7). MRR-
min is theonlineversionof Min-MRRmin. In theonlinemode,eachjob is scheduledimmediately
andthis mappingoccursonce.For eachjob, MRR-min calculatesthemaximumvalueof W j s and
selectsthecorrespondingsite for job submission.We observe a signi�cant performanceimprove-
ment (averageimprovementof 45%) over MCT at high job arrival rates. We alsocomparedthe
numberof LDLE andRDLE executionsfor both cases(workloadsizeof 1000). MRR-min has
about21%lessRDLE executionsthanMCT (Figure8).

The aforementionedstatisticsrepresentthe casewhen the datatransfertime for a datasetis
appreciablyhigherthanthe job executiontime andreplicasarerandomlydistributedat sitesother
thanthecentralsite. In this case,we foundbestresultsareachievedusing� = 0.5and� = 0.5. We
alsocollectedstatisticsfor thecaseswhendatatransfertime is comparableto executiontime and
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Figure9: Makespanfor Min-min (batch mode)
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Figure10: Makespanfor Max-min (batch mode)
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Figure11: Makespanfor Min-MRRmin (batch mode)

datatransfertime is appreciablysmallerthanjob executiontime. In bothcases,wegetapercentage
improvementof about7%. Thus,thepercentageimprovementin performanceof MRR-min is the
highestwhendatatransfertime is muchhigherthanjob executiontime. As thejob executiontime
becomescomparableto or larger than datatransfertime, even thoughtheremight be instances
of RDLE, theseget overlappedby instancesof LDLE at othersitesandthereforethe increasein
makespandueto RDLE instancesis appreciablysmaller.

Batch Scheduling

To start with, we usea small set of jobs, which are mappedto different sitesusing a single
mappingevent. With a small setof jobs,we caneffectively studyload-balancingissuesfor each
heuristicbesidesanalyzingthe factorsaffecting the makespanin eachcase. Figures9, 10 and
11 show the makespanfor the threeheuristicsfor the case,wherethe �le replicasare randomly
distributed. Themakespanfor themeta-taskusingMMR-min heuristicis about40%lessthanthat
of the Min-min andMax-min heuristics.Moreover, a betterload balanceis achieved in the case
of Min-MRRmin. Jobsarescheduledat 7 differentsitesin Min-MRRmin, whereasMin-min and
Max-min schedulejobs at 5 and6 sitesrespectively. Min-MRRmin achievesa betterdistribution
of jobsandby giving priority to a job which canbescheduledat thesitewhich hasthemaximum
processingunits (maximumresidualresource).It tries to maximizetheprobabilityof a job being
executedat a site which alsohasthe requiredinput dataset.This hasa signi�cant impacton the
makespan,becausetheoverheaddueto datasettransfers(for instancesof RDLE) is minimized.
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For thebatchmode,we comparetheperformanceof Min-MRR, Min-min andMax-min heuris-
tics for differentschedulingfrequenciesanddifferentjob arrival rates(� ). We vary thevalueof �
from 200jobs/day(0.003jobs/s)to 10000jobs/day(0.116jobs/s).We useschedulingfrequencies
of 20,50and100secondsandalsovary thevaluesof theweights,� and� .

Figure12 shows themakespanin eachcase(for a workloadsizeof 500).Min-MRRmin hasthe
lowestmakespanfor lower frequenciesandalwaysperformsat leastasgoodor betterthanMin-min
andbetterthanMax-min. A performancegainof about30%and28.5%is achievedover Min-min
andMax-min respectively for a schedulingfrequency of 20 seconds.Thebestresultsareobtained
for highdatatransfertime(in comparisonto executiontime),lowerschedulingfrequenciesandhigh
job arrival rates. We alsoobserve that Max-min performsbetterthanMin-min at low scheduling
frequencies.

8 Conclusions

Jobschedulingfor datagrid applicationsmust take into accountnot only job executiontimes
but the distributions of requireddata. Existing schedulingmethodssuchas Min-min and Max-
min only considerthe former factor. We proposeda new schedulingheuristiccalledMRR, which
systematicallyconsidersthe executiontime anddatatransfertime for the currentjob as well as
minimizingtheprobabilityof futurejob assignmentsthatrequireremotedatatransfer. By including
theresidualresourceinto theevaluationof asitefor runningagivenjob, ourmethodmaymaximize
the numberof local-data,local-executionjob assignments.Our simulationsresultsshow that in
both theonline andbatchmodesof scheduling,our methodperformssigni�cantly betterthanthe
existingmethodsin thesamecategory.

Appendix

Lemma All possiblejob scenarioswith respectto asites
(s2 S:Setof all sitesin agrid) 2 f (LD LE )some� site � in � S ; (RDLE )some� site � in � Sg

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



(LD RE)s 2 f (RDLE )some� site � in � Sg;
(RDLE )s 2 f (RDLE )sg;
(RDSRE)s 2 f (LD LE )some� site � in � Sg;
(RDDRE)s 2 f (RDLE )some� site � in � Sg
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