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Abstract

Effectiveschedulingstrategiesto improve responsetimes,throughput,andutilization areanimpor-
tantconsiderationin largesupercomputingenvironments.Suchmachineshave traditionallyusedspace-
sharingstrategiesto accommodatemultiple jobsat thesametime. Thisapproach,however, canresultin
low systemutilization andlargejob wait times. This paperdiscussesthreetechniquesthatcanbeused
beyondsimplespace-sharingto greatlyimprove theperformancefiguresof largeparallelsystems.The
first techniquewe analyzeis backfilling, thesecondis gang-scheduling,andthethird is migration.The
maincontribution of this paperis ananalysisof the effectsof combiningthe above techniques.Using
extensive simulationsbasedon detailedmodelsof realistic workloads,the benefitsof combiningthe
varioustechniquesareshown overaspectrumof performancecriteria.

1 Intr oduction

Largescaleparallelmachinesareessentialto meettheneedsof demandingapplicationsat supercomputing
environmentssuchasLawrenceLivermore(LLNL), LosAlamos(LANL) andSandiaNationalLaboratories
(SNL). With theincreasingemphasison computersimulationasanengineeringandscientifictool, theload
on suchsystemsis expectedto becomequitehigh in thenearfuture. As a result,it is imperative to provide
effective schedulingstrategiesto meetthedesiredquality of serviceparametersfrom bothuserandsystem
perspectives.Specifically, wewouldliketo reduceresponseandwait timesfor ajob,minimizetheslowdown
thata job experiencesin a multiprogrammedsettingcomparedto whenit is run in isolation,maximizethe
throughputandutilizationof thesystem,andbefair to all jobsregardlessof their sizeor executiontimes.

Schedulingstrategiescanhaveasignificantimpacton theperformancecharacteristicsof a largeparallel
system[3, 4, 7, 10, 13, 14, 20, 21, 24]. Earlystrategiesusedaspace-sharingapproach,whereinjobscanrun
sideby sideon differentnodesof themachineat thesametime, but eachnodeis exclusively assignedto a
job. Submittedjobsarekept in a priority queuewhich is alwaystraversedaccordingto a priority policy in
searchof thenext job to execute.Spacesharingin isolationcanresultin poorutilization sincetherecould
benodesthatareunutilizeddespitea waiting queueof jobs. Furthermore,thewait andresponsetimesfor
jobswith anexclusively space-sharingstrategy canberelatively high.

Amongtheseveralapproachesusedtoalleviatetheseproblemswith spacesharingscheduling,threehave
beenrecentlystudied.Thefirst is a techniquecalledbackfilling [14], which attemptsto assignunutilized
nodesto jobsthatarebehindin thepriority queue(of waiting jobs),ratherthankeepthemidle. To prevent
starvationfor largerjobs,(conservative)backfillingrequiresthatajob selectedoutof ordercompletesbefore
thejobsthatareaheadof it in thepriority queuearescheduledto start.This approachrequirestheusersto
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provide anestimateof job executiontimes,in additionto thenumberof nodesrequiredby eachjob. Jobs
thatexceedtheirexecutiontimearekilled. Thisencouragesusersto overestimatetheexecutiontimeof their
jobs.

Thesecondapproachis to addatime-sharingdimensionto spacesharingusingatechniquecalledgang-
schedulingor coscheduling[17]. This techniquevirtualizesthephysicalmachineby slicing the time axis
into multiple virtual machines.Tasksof a paralleljob arecoscheduledto run in thesametime-slices(same
virtual machines).In somecasesit maybeadvantageousto schedulethesamejob to runonmultiplevirtual
machines(multiple time-slices). The numberof virtual machinescreated(equal to the numberof time
slices),is calledthemultiprogramminglevel (MPL) of thesystem.This multiprogramminglevel in general
dependson how many jobscanbeexecutedconcurrently, but is typically limited by systemresources.This
approachopensmoreopportunitiesfor theexecutionof paralleljobs,andis thusquiteeffective in reducing
the wait time, at the expenseof increasingthe apparentjob executiontime. Gang-schedulingdoesnot
dependon estimatesfor job executiontime. Gang-schedulinghasbeenusedin theprototypeGangLL job
schedulingsystemdevelopedby IBM Researchfor theASCI Blue-Pacific machineat LLNL (a largescale
parallelsystemspanningthousandsof nodes[16]).

Thethird approachis to dynamicallymigratetasksof aparalleljob. Migrationdeliversflexibility of ad-
justingyourscheduleto avoid fragmentation.Migration is particularlyimportantwhencollocationin space
and/ortimeof tasksis necessary. Collocationin spaceis importantin somearchitecturesto guaranteeproper
communicationamongtasks(e.g., CrayT3D,CM-5, andBlueGene).Collocationin timeis importantwhen
taskshave to berunningconcurrentlyto make progressin communication(e.g., gang-scheduling).

It is a logical next stepto attemptto combinetheseapproaches– gang-scheduling,backfilling, and
migration– to deliverevenbetterperformancefor largeparallelsystems.However, effectively implementing
thesecombinationsraisessomechallenges.For instance,straightforward combiningbackfilling andgang-
schedulingrequiresobtainingpreciseestimatesfor job executiontime undergangscheduling.This canbe
very difficult or even impossible.Similarly, migrationincursa costandrequiresadditionalinfrastructure.
Migrationcostsmakeit moredifficult to estimateexecutiontimesanddecideif migrationshouldbeapplied.
In analyzingthesecombinations,we only considersystemslike the IBM RS/6000SP, that do not require
spatialcollocation.Therefore,we only addressmigrationin thepresenceof gang-scheduling.

Progressingto combinedapproachesrequiresacarefulexaminationof severalissuesrelatedto backfill-
ing, gang-scheduling,andmigration. Usingdetailedsimulationsbasedon stochasticmodelsderived from
realworkloadsatLLNL, thispaperanalyzes(i) theimpactof thepriorty queueingmechanismin backfilling,
(ii) the impactof overestimatingjob executiontimeson theeffectivenessof backfilling, (iii) a strategy for
combininggang-schedulingandbackfilling, (iv) the impactof migrationin a gang-scheduledsystem,and
(v) theimpactof combininggang-scheduling,migration,andbackfilling in oneschedulingsystem.

We find that a First ComeFirst Serve (FCFS)queueingpolicy doesaswell asotherpriority policies
andhastheadvantageof beingfair to all jobs,regardlessof their sizeor executiontimes.We alsofind that
overestimatingjob executiontimesdoesnot really impactthequality of serviceparameters,regardlessof
thedegreeof overestimation.As a result,we canconservatively estimatetheexecutiontime of a job in a
coscheduledsystemto be the multiprogramminglevel (MPL) timesthe estimatedjob executiontime in a
dedicatedsetting.Theseresultshelpusconstructabackfilling gang-schedulingsystem,calledBGS, which
fills in holesin theOusterhoutschedulingmatrix [17] with jobs thatarenot necessarilyin FCFSorder. It
is clearlydemonstratedthat,undercertainconditions,this combinedstrategy is alwaysbetterthanthe in-
dividual gang-schedulingor backfilling strategiesfor all thequality of serviceparametersthatwe consider.
By combininggang-schedulingandmigrationwe canfurther improve thesystemperformanceparameters.
Theimprovementis largerwhenappliedto plain gang-scheduling(without backfilling),althoughtheabso-
lute bestperformancewasachieved by combiningall threetechniques:gang-scheduling,backfilling, and
migration.
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Therestof thispaperis organizedasfollows. Section2 describesourapproachto modelingparalleljob
workloadsandobtainingperformancecharacteristicsof schedulingsystems.It alsocharacterizesour base
workloadquantitatively. Section3 is a studyof theimpactof backfilling on differentjob queuingpolicies.
It shows thata FCFSpriority policy togetherwith backfilling is a sensiblechoice. Section4 analyzesthe
impactof job executiontime estimationon theoverall performancefrom systemanduserperspectives.We
show that relevant performanceparametersarealmostinvariant to the accuracy of averagejob execution
timeestimation.Section5 describesgang-scheduling,andthevariousphasesinvolvedin computingatime-
sharingschedule.Section6 demonstratesthesignificantimprovementsin performancethatcanbeachieved
with time-sharingtechniques,particularywhenenhancedwith backfilling andmigration.Finally, Section7
presentsourconclusionsandpossibledirectionsfor futurework.

2 Evaluation methodology

Beforewe presentthe resultsfrom our studieswe first needto describeour methodology. In this section,
webegin by describinghow wegeneratesyntheticworkloads(drawn from realisticenvironments)thatdrive
our simulator. We thenpresenttheparticularcharacteristicsof theworkloadswe use. Finally, we discuss
theperformancemetricswe adoptto measurethequalityof servicein aparallelsystem.

Whenselectinganddevelopingjob schedulersfor usein largeparallelsysteminstallations,it is impor-
tant to understandtheir expectedperformance.Thefirst stageis to have a characterizationof theworkload
anda procedureto syntheticallygeneratetheexpectedworkloads.Our methodologyfor generatingthese
workloads,andfrom thereobtainingperformanceparameters,involvesthefollowing steps:

1. Fit a typicalworkloadwith mathematicalmodels.

2. Generatesyntheticworkloadsbasedon thederivedmathematicalmodels.

3. Simulatethebehavior of thedifferentschedulingpoliciesfor thoseworkloads.

4. Determinetheparametersof interestfor thedifferentschedulingpolicies.

Wenow describethesestepsin moredetail.

2.1 Workload modeling

Whenfitting aparallelload,it is veryusefulto beableto find acompactmathematicalrepresentationthatis
expressibleby a few parameters,is reasonablyeasyto usefor thegenerationof syntheticworkloads,andis
alsosuitablefor theoreticalqueuinganalysisof schedulingalgorithms.

Parallel workloadsoften are over-dispersive. That is, both job interarrival time distribution and job
servicetime(executiontimeonadedicatedsystem)distributionhavecoefficientsof variationthataregreater
than one. Distributions with coefficient of variation greaterthan one are also referredto as long-tailed
distributions,andcanbefitted adequatelywith HyperErlangDistributionsof CommonOrder. In [12] such
a modelwasdeveloped,andits efficacy demonstratedby usingit to fit a typical workloadfrom theCornell
University TheoryCenter. Herewe usethis model to fit a typical workloadfrom the ASCI Blue-Pacific
Systemat LLNL.

Ourmodelingprocedureinvolvesthefollowing steps:

1. First we groupthe jobs into classes,basedon the numberof processorsthey requireto executeon.
Eachclassis abin in which theupperboundaryis apower of 2.
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2. Thenwe modelthe interarrival time distribution for eachclass,andtheservicetime distribution for
eachclassasfollows:

(a) From the job traces,we computethefirst threemomentsof theobserved interarrival time and
thefirst threemomentsof theobservedservicetime.

(b) Thenwe selecttheHyperErlangDistribution of CommonOrderthatfits these3 observedmo-
ments.We chooseto fit themomentsof themodelagainstthoseof theactualdatabecausethe
first 3 momentsusually capturethe genericfeaturesof the workload and aremore robust to
the effect of outliers. Thesethreemomentscarry the informationon the mean,variance,and
skewnessof therandomvariablerespectively.

Next we generatevarioussyntheticworkloadsfrom theobserved workloadby varying the interarrival
rateandservicetimeused.TheHyperErlangparametersfor thesesyntheticworkloadsareobtainedby mul-
tiplying theinterarrival rateandtheservicetime eachby a separatemultiplicative factor, andby specifying
the numberof jobs to generate.From thesemodelparameterssyntheticjob tracesareobtainedusingthe
proceduredescribedin [12]. Finally, we simulatetheeffectsof thesesyntheticworkloadsandobserve the
results.

Within aworkloadtrace,eachjob is describedby its arrival time,thenumberof nodesit uses,its execu-
tion time on a dedicatedsystem,andanoverestimationfactor. Backfilling strategiesrequireanestimateof
thejob executiontime. In atypicalsystem,it is upto theeachuserto providetheseestimates.Thisestimated
executiontime is alwaysgreaterthanor equalto theactualexecutiontime, sincejobsareterminatedafter
reachingthis limit. We capturethis discrepancy betweenestimatedandactualexecutiontimesfor parallel
jobsthroughanoverestimationfactor. Theoversestimationfactorfor eachjob is theratio betweenits esti-
matedandactualexecutiontimes. During simulation,theestimatedexecutiontime is usedexclusively for
performingjob scheduling,while theactualexecutiontimeis only usedto definethejob finishevent. In this
paperwe considertwo modelsfor describingthedistribution of estimatedexecutiontimesasprovided by
theuser.

In the first model, which we call the � model, we obtain the estimateby multiplying the dedicated
executiontimeby theoverestimationfactor, which is auniformly distributedrandomnumberbetween1 and
an upperlimit �
	�� . This distribution is shown in Figure1(a). In particular, ���� indicateswe have
perfectknowledgeof how long jobsaregoingto run.

Wealsomake useof the � model.In the � model, � is thefractionof jobsthatterminateatexactly the
estimatedtime. This typically correspondsto jobsthatarekilled by thesystembecausethey reachthelimit
of theirallocatedtime. Therestof thejobs( ����� ) aredistributedsuchthatthedistribution of jobsthatend
at a certainfractionof their estimatedtime is uniform. This is shown in Figure1(b). To obtainthedesired
distribution for executiontimesin the � model, in our simulationswe computethe overestimationfactor
asfollows: Let � bea uniformly distributedrandomnumberin the range�������� . If ����� , thenthe
overestimationfactoris 1 (i.e., estimatedtime= executiontime). If ����� , thentheoverestimationfactoris� �����! #" � �����$ .
2.2 Workload characteristics

Thebaselineworkloadis thesyntheticworkloadgeneratedfrom theparametersdirectly extractedfrom the
actualASCI Blue-Pacific workload. It consistsof 10000jobs, varying in sizefrom 1 to 256 nodes,in a
systemwith a total of 320 nodes. Somecharacteristicsof this workload areshown in Figures2 and 3.
Figure2 reportsthe distribution of job sizes(numberof nodes). For eachjob size,between1 and256,
Figure2(a)shows thenumberof jobsof thatsize,while Figure2(b) plots thenumberof jobswith at most
that size. (In otherwords,Figure2(b) is the integral of Figure2(a).) Figure3 reportsthe distribution of
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Figure1: The(a) � and(b) � modelsfor overestimation.

total CPUtime, definedasjob executiontime on a dedicatedsettingtimesits numberof nodes.For each
job size,Figure3(a)shows the sumof theCPU timesfor all jobs of that size,while Figure3(b) is a plot
of the sumof the CPU timesfor all jobs of at mostthat size. (In otherwords,Figure3(b) is the integral
of Figure3(a).) From Figures2 and3 we observe that, althoughlarge jobs (definedas thosewith more
than32 nodes),representonly 30%of thenumberof jobs,they constitutemorethan80%of thetotal work
performedin thesystem.This baselineworkloadcorrespondsto a systemutilization of %&�'�)(+*,* . (System
utilization is definedin Section2.3.)
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Figure2: Workloadcharacteristics:distribution of job sizes.

In additionto thebaselineworkloadof Figures2 and3 we generate8 additionalworkloads,of 10000
jobseach,by varyingthemodelparameterssoasto increaseaveragejob executiontime. More specifically,
wegeneratethe9 differentworkloadsby multiplying theaveragejob executiontimeby a factorfrom �-(.� to
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�-(+/ in stepsof �)(0� . For afixedinterarrival time,increasingjob executiontimetypically increasesutilization,
until thesystemsaturates.

2.3 Performancemetrics

Thesyntheticworkloadsgeneratedasdescribedin Section2.1areusedasinputto ourevent-drivensimulator
of variousschedulingstrategies. We simulatea systemwith 320 nodes,and we monitor the following
parameters:132546 : arrival time for job 7 .132#86 : starttime for job 7 .132596 : executiontime for job 7 (in adedicatedsetting).

132#:6 : finish time for job 7 .13; 6 : numberof nodesusedby job 7 .
Fromthesewe compute:132=<6 � 25:6 � 2 46 : responsetime for job 7 .132=>6 � 2 86 � 2=46 : wait time for job 7 .

1@? 6 �BADC=EGFIH0JKML NPOADC=EGFIH0QK L N,O : the slowdown for job 7 . To reducethe statisticalimpact of very short jobs, it is
commonpractice[5, 6] to adopta minimumexecutiontime of R seconds.This is thereasonfor theSUTWV �=XZY R[ termsin the definition of slowdown. According to the literature[6], we adopt R��\�]�
seconds.
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To reportquality of servicefiguresfrom a user’s perspective we usetheaveragejob slowdown andaverage
job wait time. Jobslowdown measureshow muchslowerthanadedicatedmachinethesystemappearsto the
users,which is relevant to both interactive andbatchjobs. Jobwait time measureshow long a job takesto
startexecutionandthereforeit is animportantmeasurefor interactive jobs.In additionto objectivemeasures
of quality of service,we alsousetheseaveragesto characterizethe fairnessof a schedulingstrategy. We
evaluatefairnessby comparingaverageandstandarddeviation of slowdown andwait time for small jobs,
large jobs,andall jobscombined.As discussedin Section2.2, large jobsarethosethatusemorethan32
nodes,while small jobsuse32 or fewer nodes.

Wemeasurequalityof servicefrom thesystem’sperspectivewith two parameters:utilizationandcapac-
ity loss.Utilization is thefractionof total systemresourcesthatareactuallyusedduringtheexecutionof a
workload.Let thesystemhave ^ nodesandexecute_ jobs,wherejob _ is thelastjob to finish execution.
Also, let thefirst job arrive at time 2 �`� . Utilization is thendefinedas

%a� b�c60dfe ; 6 2 96
^hg 2#:c (1)

A systemincurs lossof capacitywhen(i) it hasjobs waiting in the queueto execute,and(ii) it has
emptynodes(eitherphysicalor virtual) but, becauseof fragmentation,it still cannotexecutethosewaiting
jobs. Before we can defineloss of capacity, we needto introducesomemore concepts. A scheduling
event takesplacewhenever a new job arrivesor an executingjob terminates.By definition, thereare iW_
schedulingevents,occurringat times j 6 , for 7U�\� Y (](]( Y iW_ . Let k 6 be the numberof nodesleft empty
betweenschedulingevents 7 and 7f	'� . Finally, let l 6 be1 if thereareany jobswaiting in thequeueafter
schedulingevent 7 , and0 otherwise.Lossof capacityin apurelyspace-sharedsystemis thendefinedas

m � bon5c�p e60dfe k 6 � j 60qfe ��j 6  5l 62 :c gr^ (2)

To computethelossof capacityin a gang-schedulingsystem,we have o keeptrackof whathappensin
eachtime-slice.Let ? 6 bethenumberof time slicesbetweenschedulingevent 7 andschedulingevent 7s	`� .
Also, let t 6.u bethelengthof the v -th timesslicebetweensschedulingevents7 and 7)	w� . Wecanthendefine

m � bon5c�p e6Zdfe x b 8 Kuydfe t 6.u � k 6.u 	 b�z|{-} K ~ � ; z g�� z  # �	�t'g�� b u {,� K ~ ; uy�2 :c gr^ (3)

where1 k 6.u is thenumberof emptynodesat the v -th time-slicebetweenschedulingevents7 and 7s	�� ;1 t is thebaselengthof thetime slice( t 6.u �@t );1 � is thecontext-switchoverhead(asa fractionof time-slice);13; z is numberof nodesof job � ;1 � z is fractionof time-slicenotusedby job � ;1�� 6.u is setof jobsthatwerecontext-switchedinto executionat the v -th time-slicebetweenscheduling
events7 and 7s	`� ;1w� 6�u is setof jobsthatterminateduringthe v -th time-slicebetweenschedulingevents7 and 7s	`� ;

A systemis in asaturatedstatewhenincreasingtheloaddoesnot resultin anincreasein utilization. At
thispoint, thelossof capacityis equalto oneminusthemaximumachievableutilization. Morespecifically,m ������% .
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3 Queuing policieswith backfilling

In thissectionweanalyzethebehavior of differentwell known schedulingpolicieswhenbackfilling is used.
As previously mentioned,a schedulingpolicy is a setof rulesthatprioritizestheorderwith which jobsare
selectedfor execution.Weconsiderfour differentschedulingpolicies:

1. Firstcomefirst serve(FCFS):Jobsareorderedaccordingto theirarrival time. Jobsthatarrivedearlier
have higherpriority over jobsthatarrivedlater.

2. Shortestjob first (SJF):Jobsareorderedaccordingto theirestimatedexecutiontime. Shorterrunning
jobshave higherpriority over longerrunningjobs.Notethatthispolicy canleadto starvationof long
runningjobs.

3. Bestfit (BFit): Jobsareorderedaccordingto their size(numberof nodes).Theschedulerlooks for
thejob thatbestmatchesthenumberof emptynodes.That is, thegoal is to minimizethesizeof the
fragmentleft after eachschedulingevent. Note that thequeueof jobs typically hasto be reordered
aftereachschedulingevent.

4. Worstfit (WFit): Jobsareorderedaccordingto their size,andschedulingproceedsfrom thesmallest
to the largestjob. Thegoal is to fill the fragmentswith small jobs. Note that this policy canleadto
starvationof largejobs.

Backfilling is a space-sharingoptimizationtechniquethat canbe usedwith any of the above policies.
Usingoneof thepoliciesabove, theschedulercanbuild a schedulefor all jobs in thewaiting queue.This
schedulewill determinea specificstarttime 2 86 for eachjob 7 . With backfilling, we canbypassthepriority
orderimposedby thepolicy. This allows a lower priority job v to bescheduledbeforea higherpriority job7 aslongasthis rescheduledoesnot incuradelayon thestarttimeof job 7 for thatparticularschedule.This
requirementof not delayinghigherpriority jobs is exactly what imposesthe needfor an estimateof job
executiontimes. Theeffect of backfilling on a particularschedulecanbevisualizedin Figure4. Suppose
we have to schedulefive jobs,numberedfrom 1 to 5 in orderof arrival. Figure4(a)shows theschedulethat
would beproducedby a FCFSpolicy without backfilling. Notetheemptyspacebetweentimes t e and t n ,
while job � waits for job i to finish. Figure4(b) shows the schedulethat would be producedby a FCFS
policy with backfilling. Theemptyspacewasfilled with job * , which canbeexecutedbeforejob � without
delayingit.

time

space

�

�

�
i

� �*

t e t n time

space

�

�

�
i

� �*
t e t n

(a) (b)

Figure4: FCFSpolicy without (a) andwith (b) backfilling. Jobnumberscorrespondto their positionin the
priority queue.

Figure5 summarizesresultsof averagejob wait timeandlossof capacityfor eachof thefour policieswe
discussedabove in thepresenceof backfilling. For thesepolicies,wait time is aparticularlygoodindication
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Figure5: Averagejob wait time andcapacitylossfor differentqueueingpolicieswith backfilling.

of the quality of servicefrom a user’s perspective. Oncea job is donewaiting andstartsexecuting,the
executionproceedsas in a dedicatedmachine. Therefore,wait time capturesthe essentialperformance
characteristics.For thepurposeof providing aperformancereference,we assumeperfectknowledgeof job
executiontimes( ����� , or ��h� ) whenperformingscheduling.We refer to this asperfectestimation
backfilling. Resultsfor theseparametersareshown in Figures5(a)and(b). Thedashedline in Figure5(b) is
aplot of m ������% and,asdiscussedin Section2.3,representstheloci of maximumutilization (saturation)
points.For completeness,we show in Figures5(c)and(d) resultsfor ���`�)(+i .

FromFigure5(a),weobserve thatat lowerutilization(up to 75%)all policiesarecomparable,with SJF
displayingslightly betterperformance.However, at higherutilizationsFCFSperformsbetterthantheother
policies.FromFigure5(b),we observe thatbothSJFandWFit saturateatanutilizationof 85%,while both
BFit andFCFScansustainutilizationsof morethan90%.However, at thishigh loads,FCFSexhibitsbetter
averagejob wait time thanBFit. On top of that,FCFSis straightforward to implementandhasno implied
starvation problems.In faceof theseresults,andin orderto limit the lengthof this paper, we restrictour
discussionto FCFSpoliciesfor theremainingof thepaper.
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4 The impact of overestimationon backfilling

A commonperceptionwith backfilling is thatoneneedsa fairly accurateestimationof job executiontime
to performgoodbackfilling scheduling.Userstypically provide an estimateof job executiontime when
jobsaresubmitted.However, it hasbeenshown in the literature[6] that thereis little correlationbetween
estimatedandactualexecutiontimes. Sincejobsarekilled whentheestimatedtime is reached,usershave
anincentive to overestimatetheexecutiontime. This is indeeda major impedimentto applyingbackfilling
to gang-scheduling.The effective rateat which a job executesundergang-schedulingdependson many
factors,including: (i) what is theeffective multiprogramminglevel of thesystem,(ii) whatotherjobsare
present,and(iii) how many timeslicesareoccupiedby theparticularjob. This makesit evenmoredifficult
to estimatethecorrectexecutiontime for a job undergang-scheduling.

Weconductedastudyof theeffectof overestimationontheperformanceof backfillingschedulersusing
aFCFSprioritizationpolicy. Theresultsaresummarizedin Figure6 for the � modelof overestimationand
in Figure7 for the � model. Figures6(a)and6(b) plot averagejob slow down andaveragejob wait time,
respectively, asa function of systemutilization for differentvaluesof � . We canseethat the impactof
overestimationis minimalwith respectto theaveragebehavior of userjobs.Weobserve thatfor utilizations
of up to %����)(+�-� overestimationactuallyhelpsin reducingaverageslow down in approximately20%with
respectto perfectestimationbackfilling. Thevariationin averagewait time for utilizationsup to %����)(+/,*
is negligible. Only at very high utilizationswe startto seesomeimpactof overestimation.Figures7(a)and
7(b) plot averagejob slow down andaveragejob wait time, respectively, asa functionof systemutilization
for differentvaluesof � . Again,we observe very little impactof overestimation.However, in contrastwith
the � model,we canseea little benefitin wait time from moreaccurateestimates.

We canexplain why backfilling is not that sensitive to the estimatedexecutiontime by the following
reasoning:

1. Whentheloadis low, theestimationdoesnot really matter, sincebackfilling is not really performed
thatoften.Therearenot thatmany jobswaiting,asindicatedby thelow waiting time.

2. Backfilling hasmoreeffect when the load is higher. On average,overestimationimpactsboth the
jobsthatarerunningandthejobsthatarewaiting. Theschedulercomputesa laterfinish time for the

10



0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
0

5

10

15

20

25

30

utilization 

A
ve

ra
ge

 jo
b 

w
ai

t t
im

e 
(X

 1
00

0 
se

co
nd

s)

φ=0.2

φ=0.4

φ=0.6

φ=0.8

φ=1.0

0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
0

10

20

30

40

50

60

70

80

90

100

utilization 

A
ve

ra
ge

 jo
b 

sl
ow

do
w

n

φ=0.2

φ=0.4

φ=0.6

φ=0.8

φ=1.0

(a)Wait time (b) Slow down

Figure7: Averagejob slowdown andwait time for backfillingunder � modelof overestimation.

runningjobs,creatinglarger holesin theschedule.The larger holescanthenbe usedto accommo-
datewaiting jobs that have overestimatedexecutiontimes. The probability of finding a backfilling
candidateeffectively doesnot changewith theoverestimation.

Eventhoughtheaveragejob behavior is insensitive to theaveragedegreeof overestimation,individual
jobscanbeaffected.To verify that,we groupthejobsinto 10 classesbasedon how closeis their estimated
time to their actualexecutiontime. More precisely, for the � model,class7 , 7D��� Y (](]( Y � includesall those
jobs for which their ratio of estimatedto actualexecutiontime falls in the range ����	��e�� 7 Y ��	��e�� � 7�	'�� # .
Figure8(a)shows theaveragejob wait timefor (i) all jobs,(ii) jobsin class0 (bestestimators)and(iii) jobs
in class9 (worstestimators)whentheaverageoverestimationfactoris 3 ( � �¡� ). For the � model,class7 , 7!��� Y (](]( Y � includesall thosejobs for which their ratio of executiontime to estimatedtime falls in the
range

� 7$g��]�£¢ ,
� 7|	¤�� ¥g��]�£¢§¦ . Figure8(b)showstheaveragejob wait timefor (i) all jobs,(ii) jobsin class0

(worstestimators)and(iii) jobsin class9 (bestestimators)when �����)(+i . Weobserve thatthoseusersthat
providegoodestimatesarerewardedwith a loweraveragewait time. Theconclusionis thatthe“quality” of
anestimationis notreallydefinedby how closeit is to theactualexecutiontime,but by how muchbetterit is
comparedto theaverageestimation.Usersdogetabenefit,andthereforeanencouragement,from providing
goodestimates.

Ourfindingsarein agreementwith thework describedin [22]. In thatpaper, theauthorsdescribemecha-
nismsto moreaccuratelypredictjob executiontimes,basedonhistoricaldata.They find thatmoreaccurate
estimatesof job executiontime leadsto moreaccurateestimatesof wait time. However, the accuracy of
executiontime predictionhasminimal effect on systemparameters,suchasutilization. The authorsdo
observe animprovementin averagejob wait time, for a particularArgonneNationalLaboratoryworkload,
whenusingtheir predictorsinsteadof previously publishedwork [2, 9].

5 Gang-scheduling

In the previous sectionswe only consideredspace-sharingschedulingstrategies. An extra degreeof flex-
ibility in schedulingparallel jobs is to sharethe machineresourcesnot only spatiallybut alsotemporally
by partitioning the time axis into multiple time slices[3, 4, 8, 11, 23]. As an example,time-sharingan
8-processorsystemwith a multiprogramminglevel of four is shown in Figure 9. The figure shows the

11



0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
0

5

10

15

20

25

30

utilization

A
ve

ra
ge

 jo
b 

w
ai

t t
im

e 
(x

10
00

 s
ec

on
ds

)

worst estimators

average

best estimators

0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95 1
0

5

10

15

20

25

30

utilization

A
ve

ra
ge

 jo
b 

w
ai

t t
im

e 
(x

10
00

 s
ec

on
ds

)

worst estimators

average

best estimators

(a) � model (b) � model

Figure8: Theimpactof goodestimationfrom auserperspective for the � and � modelsof overestimation.

schedulingmatrix (alsocalledtheOusterhoutmatrix) thatdefinesthetasksexecutingoneachprocessorand
eachtime-slice. � u6 representsthe v -th taskof job � 6 . Thematrix is cyclic in that time-slice3 is followed
by time-slice0. Onecycle throughall the rows of thematrix definesa schedulingcycle. Eachrow of the
matrix definesan 8-processorvirtual machine,which runsat ��" � th of the speedof the physicalmachine.
We usethesefour virtual machinesto run two 8-way paralleljobsandseveral smallerjobs. All tasksof a
paralleljob arealwayscoscheduledto run concurrently. This approachgiveseachjob the impressionthat
it is still runningon a dedicated,albeitslower, machine.This typeof schedulingis commonlycalledgang-
scheduling[3]. Notethatsometaskscanutilize multipleprocessors(suchas � �¨ and � e¨ ) andthatsomejobs
canappearin multiple rows (suchasjobs �P© and �£ª ).

« � « e « n « ¨ « © « ª «¬ «®
time-slice0 � �e � ee � ne � ¨e � ©e � ªe � ¬e � ®e
time-slice1 � �n � en � nn � ¨n � ©n � ªn � ¬n � ®n
time-slice2 � �¨ � �¨ � e¨ � e¨ � �© � e© � �ª � eª
time-slice3 � �¬ � e¬ � n¬ � ¨¬ � �© � e© � �ª � eª

Figure9: Theschedulingmatrixdefinesspatialandtime allocation.

5.1 Considerationsin building a schedulingmatrix

Creatingonemorevirtual machinefor theexecutionof a new 8-way job in thecaseof Figure9 requires,in
principle,only addingonemorerow to theOusterhoutmatrix. Obviously, thingsarenot sosimple. There
is a costassociatedwith time-sharing,duemostly to: (i) the costof the context-switchesthemselves,(ii)
additionalmemorypressurecreatedby multiple jobssharingnodes,and(iii) additionalswapspacepressure
causedby morejobsexecutingconcurrently. For that reason,thedegreeof time-sharingis usuallylimited
by a parameterthat we call, in analogyto uniprocessorsystems,the multiprogramminglevel (MPL). A
gang-schedulingsystemwith multiprogramminglevel of 1 revertsbackto aspace-sharingsystem.
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In ourparticularimplementationof gang-scheduling,we operateunderthefollowing conditions:

1. Multiprogramminglevelsarekeptatmodestlevels,in orderto guaranteethattheimagesof all tasksin
anoderemainin core.Thiseliminatespagingandsignificantlyreducesthecostof context switching.
Furthermore,thetimeslicesaresizedsothatthecostof theresultingcontext switchesaresmall.

2. Assignmentsof tasksto processorsarestatic. That is, oncespatialschedulingis performedfor the
tasksof aparalleljob, they cannotmigrateto othernodes.

3. When building the schedulingmatrix, we first attemptto scheduleas many jobs for executionas
possible,constrainedby the physicalnumberof processorsandthe multiprogramminglevel. Only
after thatwe attemptto expanda job, by makingit occupy multiple rows of thematrix. (Seejobs �P©
and �£ª in Figure9.) Our resultsdemonstratethatthis approachyieldsbetterperformancethantrying
thefill thematrixwith alreadyrunningjobs.

4. For a particularinstanceof theOusterhoutmatrix, eachjob hasanassignedhomerow. Evenif a job
appearsin multiple rows, oneandonly oneof themis the homerow. The homerow of a job can
changeduringits life time,whenthematrix is recomputed.Thepurposeof thehomerow is described
in Section5.2.

Gang-schedulingis a time-sharingtechniquethatcanbeappliedtogetherwith any prioritizationpolicy.
In particular, wehaveshown in previouswork [7, 15] thatgang-schedulingis veryeffective in improving the
performanceof FCFSpolicies.This is in agreementwith theresultsin [20]. Wehavealsoshown thatgang-
schedulingis particularlyeffective in improving systemresponsiveness,asmeasuredby averagejob wait
time. However, gangschedulingaloneis not aseffective asbackfilling in improving averagejob response
time, unlessvery high multiprogramminglevels areallowed. Thesemay not be achievablein practiceby
thereasonsmentionedin thepreviousparagraphs.Gang-schedulingalsodeliversadditionalbenefitsbeyond
the scopeof performance.In particular, the gang-schedulinginfrastructurecanbe usedto implementthe
importantfeatureof preemption. With preemption,the executionof a lessimportantjob is suspendedto
allow the executionof a more importantjob. Preemptionis accomplishedin gang-schedulingby simply
removing all tasksof a job from theschedulingmatrix.

5.2 The phasesof scheduling

Every job arrival or departureconstitutesa schedulingevent in the system. For eachschedulingevent, a
new schedulingmatrix is computedfor thesystem.Eventhoughwe analyzevariousschedulingstrategies
in this paper, they all follow anoverall organizationfor computingthatmatrix, which canbe divided into
thefollowing steps:

1. CleanMatrix: Thefirst phaseof aschedulerremovesevery instanceof ajob in theOusterhoutmatrix
that is not at its assignedhomerow. Removing duplicatesacrossrows effectively openstheopportu-
nity of selectingotherwaiting jobsfor execution.

2. CompactMatrix: Thisphasemovesjobsfrom lesspopulatedrowsto morepopulatedrows. It further
increasesthe availability of free slotswithin a singlerow to maximizethe chancesof schedulinga
largejob.

3. Schedule:Thisphaseattemptsto schedulenew jobs.Wetraversethequeueof waitingjobsasdictated
by thegivenpriority policy until no furtherjobscanbefitted into theschedulingmatrix.
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4. FillMatrix: This phasetries to fill existing holesin the matrix by replicatingjobs from their home
rows into asetof replicatedrows. This operationis essentiallytheoppositeof CleanMatrix .

The exact procedurefor eachstepis dependenton the exact schedulingstrategy and the detailswill be
presentedaswediscusseachstrategy.

Orthogonalto thestrategy, thereis alsotheissueof thelatency of thescheduler. Oneoptionis to always
invoke theschedulerexactlyat thetimeof ajob arrival or departure.In thatcaseanew scheduleis computed
andtakeseffect immediately. In otherwords,thecurrenttime sliceis cut short.Alternatively, theschedule
is only invokedatdiscretetimes.Thatis, at thepredeterminedcontext switchestimeattheendof everytime
slice. In this case,every time slice runsto completion.Theadvantageof the first approachis that empty
slotscanbe immediatelyutilized by anarriving job, or whena job departs,theremainingjobscanusethe
new freeslots. Thesefactorscontribute to reducecapacityloss. Thedisadvantageof this approachis that
whenthe job arrival anddepartureis too high the systemcango into a thrashingmode,becausecontext
switchesaremorefrequent.

6 Schedulingstrategies

We now describeandanalyzein detail thevarioustime-sharedschedulingstrategiesin our work. We start
with plain gang-scheduling(GS), asdescribedin Section5. We augmentit with backfilling capabilitiesto
produceour backfilling gang-scheduling(BGS) strategy. Wealsoanalyzewhathappenswhenmigrationis
addedto gang-scheduling,thuscreatingthemigrationgang-scheduling(MGS) strategy. Finally, we com-
bine both enhancingtechniques(backfilling andmigration)into the migrationbackfiling gang-scheduling
(MBGS) strategy.

Whenanalyzingtheperformanceof thetime-sharedstrategieswe have to take into accountthecontext-
switchoverhead.Context switchoverheadis thetime usedby thesystemin suspendingacurrentlyrunning
job andresumingthenext job. Duringthistime,thesystemis notdoingusefulwork from auserperspective,
andthat is why we characterizeit asoverhead.In the RS/6000SP, context switch overheadincludesthe
protocolfor detachingandattachingto the communicationdevice. It alsoincludesthe operationsto stop
andcontinueuserprocesses.Whentheworkingsetof time-sharingjobsis largerthanthephysicalmemory
of themachine,context switchshouldalsoincludethetime to pagein theworking setof theresumingjob.
For our analysis,we characterizecontext switch overheadasa percentageof time slice. Typical context
switchoverheadvaluesarefrom 0 to 5%of time slice.

6.1 Gang-scheduling(GS)

Thefirst schedulingstrategy we analyzeis plain gang-scheduling(GS). This strategy is describedin Sec-
tion 5. For gang-scheduling,we implementthefour schedulingstepsof Section5.2asfollows.

CleanMatrix: Theimplementationof CleanMatrixis bestillustratedwith thefollowing algorithm:

for i = first row to last row
for all jobs in row i

if row i is not home of job, remove it

It eliminatesall occurrencesof a job in theschedulingmatrixotherthantheonein its homerow.
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CompactMatrix: We implementtheCompactMatrixstepin gang-schedulingaccordingto thefollowing
algorithm:

for i = least populated row to most populated row
for j = most populated row to least populated row

for all jobs in row i
if they can be moved to row j, then move

We traversetheschedulingmatrix from the leastpopulatedrow to themostpopulatedrow. We attemptto
find new homesfor thejobsin eachrow. Thegoalis to pick themostjobsin theleastnumberof rows.

To movea job to adifferentrow undergang-scheduling,thefollowing conditionsmustbesatisfied:

1. Thedestinationcolumns,whicharethesameasthesourcecolumnsfor thejob, mustbeempty.

2. Thejob mustmakeprogress.Thatis, wemustensurethatmoving thejob will notpreventit from exe-
cutingfor at leastonetime-slicein oneschedulingcycle. Thismustbeenforcedto preventstarvation
of jobs.

To guaranteeprogressof jobs,weadoptthefollowing straightforwardalgorithmfor decidingwhereit is
legal to move jobs.Wecall it theclock algorithm, which is illustratedin Figure10. Thealgorithmworksas
follows: Eachschedulingcycle correspondsto oneturnof theclock. Eachschedulingeventcorrespondsto
oneparticulartime in theclock. Thelasttimea job wasrunalsocorrespondsto aparticulartime. A job can
only bemovedahead. That is, to any time betweennow andthetime correspondingto its lastrun. Oncea
job is movedto a differentrow, thatbecomesits new homerow. (A job canappearin multiple rows of the
matrix. Therefore,thetimeof lastruncouldbelaterthanthehomerow.)

 

last run

eligible

scheduling event (now)

home row (new)

Figure10: Theclock algorithm.

Schedule: TheSchedulephasefor gang-schedulingtraversesthewaiting queuein FCFSorder. For each
job, it looks for the row with the leastnumberof free slotsin theschedulingmatrix that hasenoughfree
columnsto hold the job. This correspondsto a bestfit algorithm. The row to which the job is assigned
becomesits homerow. Westopwhenthenext job in thequeuecannotbescheduledright away.

FillMatrix: After theschedulephasecompletes,weproceedto fill theholesin thematrixwith theexisting
jobs.Weusethefollowing algorithmin executingtheFillMatrix phase.

do {
for each job in starting time order

for all rows in matrix,
if job can be replicated in same columns do it and break

} while matrix changes

15



The algorithmattemptsot replicateeachjob at leastonce,althoughsomejobs canbe replicatedmultiple
times.Wego throughthejob in startingtime order, but otherorderingpoliciescanbeapplied.

Figure11 illustratesthe performanceimpactof the different stepsin the gang-schedulingalgorithm.
Line (1) in eachof the plots (slow down andwait time) is for a configurationin which we only perform
theScheduleandFillMatrix stepsin eachschedulingevent. With this approach,anexpandedjob doesnot
looserows in theschedulingmatrix. As a neteffect, it is moredifficult to schedulenew jobs. In contrast,
for line (2) we performthe CleanMatrixstepbeforethe Schedulingstep. This opensmoreopportunities
for schedulingwaiting jobs. Only aftertheSchedulingphase,we performFillMatrix. This approachfavors
runningasmany jobsaspossible,andwe canseea beneficialimpacton systemperformancewith respect
to slow down, wait time, and maximumachievable utilization. In line (3), we show the resultsfor the
configurationin which we perform all four phasesof gang-scheduling.The additionalCompactMatrix
phasebeforeSchedulinghastheeffect of openingup morespacefor large jobs. However, we do not seea
significantimpactin performancefrom addingthisphase.
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Figure 11: Averagejob wait time and slow down showing the performanceof gang-scheduling(with
MPL = 5 and time slice = 200 seconds)when we perform (1) Schedule+FillMatrix, (2) CleanMa-
trix+Schedule+FillMatrix,and(3) CleanMatrix+CompactMatrix+Schedule+FillMatrix.

6.2 Backfilling gang-scheduling(BGS)

Gang-schedulingandbackfilling are two optimizationtechniquesthat operateon orthogonalaxes, space
for backfilling andtime for gangscheduling.It is temptingto combineboth techniquesin onescheduling
systemthatwecall backfilling gang-scheduling(BGS). In principlethiscanbedoneby treatingeachof the
virtual machinescreatedby gang-schedulingasa target for backfilling. Thedifficulty arisesin estimating
theexecutiontime for paralleljobs. In theexampleof Figure9, jobs �P© and �£ª executeat a ratetwice as
fastasthe otherjobs,sincethey appearin two rows of the matrix. This, however, canchangeduring the
executionof thejobs,asnew jobsarrive andexecutingjobsterminate.

Fortunately, aswe have shown in Section4, even significantaverageoverestimationof job execution
time haslittle impacton averageperformance.Therefore,it is reasonableto attemptto usea worst case
scenariowhenestimatingthe executiontime of parallel jobs undergang-scheduling.We take the simple
approachof computingtheestimatedtime undergang-schedulingastheproductof theestimatedtime on a
dedicatedmachineandthemultiprogramminglevel.

16



In backfilling, eachwaiting job is assigneda maximumstartingtime basedon thepredictedexecution
timesof the currentjobs. That start time is a reservation of resourcesfor waiting jobs. The reservation
correspondsto a particulartime in a particularrow of thematrix. It is possiblethata job will berun before
its reservedtimeandin a row differentthanreserved.However, usinga reservationguaranteesthatthestart
timeof a job will notexceedacertainlimit, thuspreventingstarvation.

The issueof reservationsimpact both the CompactMatrixandSchedulephases.Whenmoving jobs
in CompactMatrixwe mustmake surethat the moved job doesnot conflict with any reservationsin the
destinationrow. In theSchedulephase,we first attemptto scheduleeachjob in thewaiting queue,making
surethat its executiondoesnot violate any reservations. If we cannotstarta job, we computethe future
starttime for that job in eachrow of thematrix. We selecttherow with theloweststartingtime, andmake
a reservation for that job in thatrow. This new reservationcouldbedifferentfrom thepreviousreservation
of the job. The reservationsdo not impact the FillMatrix phase,sincethe assignmentsin this phaseare
temporaryandthematrixgetscleanedin thenext schedulingevent.

Figure12 illustratestheperformanceimpactof thedifferentstepsin thebackfill gang-schedulingalgo-
rithm. As before,line (1) is for aconfigurationin whichweonly performtheScheduleandFillMatrix steps,
for line (2) weperformtheCleanMatrixstepbeforetheSchedulestep,andin line (3) weshow theresultsfor
theconfigurationin whichweperformall four phasesof gang-scheduling.Wenotethatfor BGS, theimpact
of theCleanMatrixandCompactMatrixphasesis minimal. In BGS, backfilling doesthe job of filling the
holesin thematrixandthereforeleavesnoopportunityfor theothertwo phasesto makeanoticeableimpact.
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Figure12: Averagejob wait time andslow down showing theperformanceof backfilling gang-scheduling
(with MPL = 5 andtime slice = 200 seconds)whenwe perform(1) Schedule+FillMatrix,(2) CleanMa-
trix+Schedule+FillMatrix,and(3) CleanMatrix+CompactMatrix+Schedule+FillMatrix.

To verify that indeedthe assumptionthatoverestimationof job executiontimesdo not impactoverall
systemperformance,we experimentedwith variousvaluesof � and � . Resultsfor the � and � models
areshown in Figure13 andFigure14, respectively. For thoseplots,BGS with all four phasesandMPL=5
wasused.We observe thatdifferencesin wait time areinsignificantacrosstheentirerangeof utilization.
For moderateutilizationsof up to 75%,job slowdown differencesarealsoinsignificant.For utilizationsof
85%andhigher, job slowdown exhibits larger variationwith respectto overestimation,but thevariationis
nonmonotonicandperfectestimationis notnecessarilybetter.

Althoughthe � modelwaswidely usedin theliterature,it hasbeenshown to not correspondwell with
actualuserestimates.Therefore,from this point on we adoptthe � model,with �����)(+i , which matches
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Figure13: Averagejob wait time andslow down for BGS (best)with � modelof overestimation.
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Figure14: Averagejob wait time andslow down for BGS (best)with � modelof overestimation.

morecloselyexperimentalmeasurements[6].

6.3 Comparing GS, BGS, and BF

We comparethreedifferentschedulingstrategies,with a total of seven configurations.They all useFCFS
astheprioritizationpolicy. Thefirst strategy is a space-sharingpolicy thatusesbackfilling to enhancethe
performanceparameters.Weidentify thisstrategy asBF. Wealsousethreevariationsof thegang-scheduling
strategy, with multiprogramminglevels2,3,and5. Theseconfigurationsareidentifiedby GS-2, GS-3, GS-
5, respectively. Finally, we considerthreeconfigurationsof thebackfilling gang-schedulingstrategy. That
is, backfilling is appliedto eachvirtual machinecreatedby gang-scheduling.Thesearereferredto asBGS-
2, BGS-3. andBGS-5, for MPL 2, 3, and5. The resultspresentedherearebasedon the � -model,with���`�)(+i .

Weusetheperformanceparametersdescribedin Section2.3,namely(i) averageslow down, (ii) average
wait time, and(iii) averagelossof capacity, to comparethe strategies. For slow down andwait time we
additionallycomparethestandarddeviationfor theseparameters.Thestandarddeviationservesasameasure
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of fairness:smallerstandarddeviationsindicatethatmorejobsoperatecloserto theaverageandtherefore
closerto eachother.

Figures15 and16 show theaverageandstandarddeviation of job slow down for all our sevenconfigu-
rations.Eachplot ((a), (b), (c), and(d)) is for a differentvalueof context switchoverhead.Weobserve that
regulargangscheduling(GS strategies)resultsin veryhighslow downs,evenat low or moderate(lessthan%U���)(°¯-* ) utilizations.BF alwaysperformsbetterthanGS-2 andGS-3. It alsoperformsbetterthanGS-5
whenutilization is greaterthan0.65.Equally, thestandarddeviation of slow down in Figure16 revealsthat
BF providesbetterfairnessto theusers.Thecombinedapproach(BGS) is alwaysbetterthanits individual
components(BF andGS with correspondingmultiprogramminglevel). Theimprovementin averageslow
down is monotonicwith the multiprogramminglevel. This observation alsoappliesmostof the time for
thestandarddeviation. Givena highesttolerableslow down, BGS allows thesystemto bedrivento much
higherutilizations,while preservinggoodfairnesscharacteristics.We want to emphasizethat significant
improvementscanbeachievedevenwith thelow multiprogramminglevel of 2. For instance,if wechoosea
maximumacceptableslow down of i-� , theresultingmaximumutilization is %&���)(+±P¯ for GS-5, %&�'�)(°¯-±
for BF and %��`�)(+/,i for BGS-2. Thatlastresultrepresentsanimprovementof 20%overGS-5 with amuch
smallermultiprogramminglevel. With BGS-5, we candrive utilizationashighas %����)(+/P¯ .

Figures17 and 18 show the averageand standarddeviation of job wait time for all our seven con-
figurations. Again, eachplot is for a differentvalueof context-switch overhead.We observe that regular
gang-scheduling(GS strategies)resultsin veryhighwait times,evenatlow or moderate(lessthan%a���)(°¯-* )
utilizations.Evenwith 0% context switchingoverhead,saturationtakesplaceat %&�'�)(+/ � for GS-5 andat%����)(°¯-� for GS-3. At 5% overhead,thesaturationsoccurat %����)(°¯-� and %²�¡�)(°¯-* for GS-3 andGS-
5 respectively. Backfilling performsbetterthangang-schedulingwith respectto wait time for utilizations
above %����)(°¯-i . It saturatesat %o��)(+�,* . The standarddeviation of wait timesin Figure18 revealsthat
BF providesbetterfairnessto theusersthanGS for utilizationsabove %²� �)(+±,/ . Thecombinedapproach
(BGS) is alwaysbetterthanits individual components(BF andGS with correspondingmultiprogramming
level) for a zerocontext switchoverhead.Theimprovementin averagejob wait time is monotonicwith the
multiprogramminglevel. This observation alsoappliesmostof the time for the standarddeviation. With
BGS andzerocontext switchoverhead,themachineappearsfaster, moreresponsive andmorefair.

At all combinationsof context switch overheadandutilization, BGS outperformsGS with the same
MPL. BGS alsooutperformsBF at low context switchoverheads0% or 1%. Evenat context switchover-
headof 2% or 5%, BGS hassignificantlybetterslowdown thanBF in an importantoperatingrange.For
2%, BGS-5 saturatesat %a���)(+�,� whereasBF saturatesat %��`�)(+�,* . Still, BGS-5 is significantlybetter
thanBF for utilization up to %a���)(+�,i . For context switchoverheadof 5%, BGS-5 is superiorto BF only
up to %��³�)(+/,� . Therefore,we have two optionsin designingtheschedulersystem:we eitherkeepthecon-
text switchoverheadlow enoughthatBGS is alwaysbetterthanBF or we usean adaptive schedulerthat
switchesbetweenBF andBGS dependingon theutilization of thesystem.Let %µ´ < 6 H 6 ´ 4·¶ betheutilization at
which BF startsperformingbetterthanBGS. For utilization smallerthan %¸´ < 6 H 6 ´ 4¹¶ , we useBGS. Whenuti-
lization goesbeyond %µ´ < 6 H 6 ´ 4¹¶ , we useBF. Furtherinvestigationof adaptive schedulingis beyondthescope
of this paper.

We further analyzethe schedulingstrategies by comparingthe behavior of the systemfor large and
small jobs. (As definedin Section2.2, small job uses32 or fewer nodes,while a large job usesmorethan
32 nodes.) The resultsfor slowdown andwait timesareshown in Figure19, whena 0% context switch
overheadis used.With respectto slowdown, we observe that,BGS-5 alwaysperformsbetterthanBF for
eitherlarge or small jobs. For any utilization, BGS-5 providesbetterslowdown for small jobs,while BF
providesbetterslowdown for large jobs. This behavior is explainedby the fact that larger jobs in general
tend to executelonger than smaller jobs. Although BGS reducesthe averagewait time for all jobs, it
increasestheexecutiontime by theeffective multiprogramminglevel. Therefore,longerrunningjobswill
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benefitlessfrom gangscheduling.With respectto wait time, we observe that the improvementgenerated
by BGS is actually larger for large jobs. In otherwords,for any given utilization, the differencein wait
timebetweenlargeandsmalljobsis lessin BGS-5 thanin BF. For agivenutilization,themachineappears
almostequallyasslow for bothlargeandsmalljobs,whentheBGS strategy is used.In contrast,for BF the
differenceincreaseswith higherutilizations. At %��º�)(+�-� utilization, themachineappears35% slower to
small jobsthanto largejobs.Thedifferencesbetweenlargeandsmall jobsaremoresignificantfor thewait
timeparameter. Both for BF andBGS, themachineappearslessresponsive to largejobsthanto smalljobs
asutilization increases.However, thedifferenceis largerfor BF.

At first, theBF resultsfor slow down andwait time for large andsmall jobsmayseemcontradictory:
small jobshave smallerwait timesbut largerslow down. Slow down is a relative measure,of theresponse
time normalizedby theexecutiontime. Sincesmallerjobstendto have shorterexecutiontime, therelative
costof waiting in thequeuecanbelarger. We notethatBGS is very effective in affectingthewait time for
largeandsmall jobsin away thatendsup makingthesystemfeelequalto all kindsof jobs.

WhereasFigures15through19reportperformancefrom auser’sperspective,wenow turnourattention
to thesystem’s perspective. Figure20 is a plot of theaveragecapacitylossasa functionof utilization for
all our seven strategies. By definition,all strategiessaturateat the line m �»�¼��% , which is indicatedby
thedashedline in Figure20. Again, thecombinedpoliciesdeliver consistentlybetterresultsthanthepure
backfilling and gangscheduling(of equalMPL) policies. The improvementis also monotonicwith the
multiprogramminglevel. However, all backfilling basedpolicies(pureor combined)saturateat essentially
thesamepoint. Lossof capacitycomesfrom holesin theschedulingmatrix. Theability to fill thoseholes
actually improveswhenthe load is very high. We observe that the capacitylossfor BF actuallystartsto
decreaseonceutilizationgoesbeyond %a�`�)(+/,� . At veryhighloads( %�½��)(+�,* ) therearealmostalwayssmall
jobsto backfill arisingholesin theschedule.Lookingpurelyfrom asystem’s perspective,wenotethatpure
gang-schedulingcanonly bedriven to utilization between%r���)(+/,i and %����)(+/P¯ , for multiprogramming
levels2 through5. On theotherhand,thebackfilling strategiescanbedrivento up to %a���)(+�,* utilization.

To demonstratethe importanceof continuousscheduling,Figure21 shows slowdown asa functionof
utilization for all schedulingstrategieswhere(a) continuousschedulingis usedand(b) discretescheduling
is used.We observe that,with discretescheduling,BF is superiorto all otherstrategiesexceptBGS-5 for
low to mediumutilization( %����)(+/,� ). BF doesnothaveaconceptof time-slice,soit alwaysusescontinuous
scheduling.For reference,thecurve BGS-1 indicatestheperformanceof BF with discretescheduling.If
we look throughthe operatingrange �)(+*,*w�º%��¾�)(+/-� , the slowdown for BGS-1 is roughly doublethat
of BF. Using theusualmaximumacceptableslowdown of 20, discreteschedulingcandrive thesystemto
up to %��¡�)(°¯-� , whereascontinuousschedulingcango ashigh as %¤�¡�)(+/,/ . In bothcases,themaximum
utilization is reachedwith BGS-5.

To summarizeour observations,we have shown that the combinedstrategy of backfilling with gang-
scheduling(BGS) consistentlyoutperformstheotherstrategies(backfillingandgang-schedulingseparately)
from the perspectives of responsiveness,slow down, fairness,and utilization. For BGS to realize this
advantage,context switchcostmustbekept low. We have shown BGS to besuperiorto BF over theentire
spectrumof workloadswhenthecontext switchoverheadis 1%or lessof thetimeslice.

6.4 Migration gang-scheduling(MGS)

Wenow analyzehow gang-schedulingcanbeimprovedthroughtheadditionof migrationcapabilities.The
processof migrationembodiesmoving ajob to any row in whichthereareenoughfreeprocessorsto execute
that job. Therearebasicallytwo optionseachtime we attemptto migratea job ¿ from a sourcerow À to a
targetrow Á (in eithercase,row Á musthave enoughnodesfree):
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Figure15: Averagejob slowdown for four differentvaluesof context switchoverhead:0%(a),1%(b), 2%
(c), 5%(d)of timeslice.

1 Option1: Wemigratethejobswhichoccupy thenodesof job ¿ atrow Á , andthenwesimplyreplicate
job ¿ , in its samesetof nodes,in row Á .1 Option2: Wemigratejob ¿ to thesetof nodesin row Á thatarefree.Theotherjobsat row Á remain
undisturbed.

We canquantify the costof eachof thesetwo optionsbasedon the following model. For the distributed
systemwe target, namelythe IBM RS/6000SP, migrationcanbe accomplishedwith a checkpoint/restart
operation.(Althoughit is possibleto take a moreefficient approachof directly migratingprocessesacross
nodes[1, 18, 19], we choosenot to take this route.)Let Â � ¿Ã bethesetof jobsin targetrow Á thatoverlap
with thenodesof job ¿ in sourcerow À . Let � bethetotalcostof migratingonejob, includingthecheckpoint
andrestartoperations.We considerthe casein which (i) checkpointandrestarthave the samecost �Ã"-i ,
(ii) thecost � is independentof thejob size,and(iii) checkpointandrestartaredependentoperations(i.e.,
you have to finish checkpointbeforeyou canrestart).During themigrationprocess,nodesparticipatingin
themigrationcannotmake progressin executinga job. The total amountof resources(processorg time)
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Figure16: Standarddeviationof job slowdown for four differentvaluesof context switchoverhead:0%(a),
1%(b), 2%(c), 5%(d)of timeslice.

wastedduringthisprocessis theoverheadfor themigrationopreation.
Theoverheadfor option1 is � � i g�Ä ¿�ÄG	�� g Å�£{-Æ FIÇsO

Ä � Ä� Y (4)

where Ä ¿�Ä and Ä � Ä denotethenumberof tasksin jobs ¿ and � , respectively. Theoperationsfor option1 are
illustratedin Figure22(a),with asinglejob � in set Â � ¿Ã . Thefirst stepis to checkpointjob � in its current
setof nodes.This checkpointingoperationtakestime �Ã"-i . As soonasthecheckpointingis completewe
canresumeexecutionof job ¿ . Therefore,job ¿ incursanoverheadÈ n g@Ä ¿aÄ . To resumejob � in its new
setof nodesrequiresa restartstepof time È n . Therefore,thetotaloverheadfor job � is ��g�Ä � Ä .

Theoverheadfor option2 is estimatedby

� � g�Ä ¿�ÄG	 � i g Å�£{-Æ FIÇsO
Ä � Ä� ¹( (5)
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Figure17: Averagejob wait timesfor four differentvaluesof context switchoverhead:0% (a),1%(b), 2%
(c), 5%(d)of timeslice.

Themigrationfor option2 is illustratedin Figure22(b),with a singlejob � in set Â � ¿Ã . Thefirst stepis
to checkpointjob ¿ . This checkpointoperationtakestime È n . After job ¿ is checkpointedwe canresume
executionof job � . Therefore,theoverheadfor job � is È n g3Ä � Ä . To resumejob ¿ we needto restartit in
its new setof processors,whichagaintakestime È n . Theoverheadfor job ¿ is then � g�Ä ¿�Ä .

Thefirst useof migrationis duringthecompactphase,in whichweconsidermigratinga job whenmov-
ing it to a differentrow. Thegoal is to maximizethenumberof emptyslotsin somerows, thusfacilitating
theschedulingof largejobs.Theorderof traversalof jobsduringtheCollapseMatrixphaseis from theleast
populatedrow to the mostpopulatedrow, whereineachrow the traversalcontinuesfrom the smallestjob
(leastnumberof processors)to thelargestjob. During thecompactphase,bothmigrationoptionsdiscussed
above areconsidered,andwe choosetheonewith smallercost.

We alsoapply migrationduring the expansionphase. If we cannotreplicatea job in a different row
becauseits setof processorsarebusywith anotherjob, we attemptto move theblocking job to a different
set of processors.A job canappearin multiple rows of the matrix, but it must occupy the sameset of
processorsin all the rows. This rule preventsthe ping-pongof jobs. For the expansionphase,jobs are
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Figure18: Standarddeviationof wait timesfor four differentvaluesof context switchoverhead:0%(a),1%
(b), 2%(c), 5%(d)of timeslice.

traversedin first-comefirst-serve order. Duringexpansionphase,only migrationoption1 is considered.
As discussed,migrationin the IBM RS/6000SPrequiresa checkpoint/restartoperation.Althoughall

taskscanperforma checkpointin parallel,resultingin a � that is independentof job size,thereis a limit
to thecapacityandbandwidththat thefile systemcanaccept.Thereforewe introducea parameterÉ that
controlsthemaximumnumberof tasksthatcanbemigratedin any time-slice.

Whenmigrationis used,theschedulingproceedsalongthefollowing steps:
step reason
ClearMatrix Maximizeholes
CollapseMatrix-1 Compactionwithout migration
Schedule-1 Accomodatenew jobsaftercompaction
CollapseMatrix-2 Compactionwith migration
Schedule-2 Accomodatenew jobsin holescreatedaftermigration
FillMatrix-1 Replicatejobsin differentholeswithoutmigration
FillMatrix-2 Replicatejobsaftermigratingdestination
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Figure19: Slowdown andwait time for largeandsmall jobs.

The orderingresultsin applying optimizationswithout incurring unnecessarycosts. We first attemptto
optimizewithout migration(CollapseMatrix-1,Schedule-1). After Schedule-1,we thenattemptto collapse
with migration(CollapseMatrix-2)andrepeatscheduling(Schedule-2)to accomodatenew jobs. After we
aredoneaccomodatingnew jobs,wedoFillMatrix-1 first becauseit doesnot incur in amigrationcost.Then
we try FillMatrix-2 with migration.

Thealgorithmfor CollapseMatrix-2is thesameasfor CollapseMatrix-1in GS.Theonly differenceare
theconditionsfor moving a job. With migration,a job canbemoved to any row andany setof columns,
provided that (i) enoughemptycolumnsareavailablein thedestinationrow, (ii) numberof migratedtasks
doesnot violate the É parameter, and (iii) a job mustmake progress,that is, it mustexecutein at least
onerow for every cycle of scheduling.The last requirementis identicalasfor gang-scheduling(GS). If
migrationis requiredto moveajob to anew targetrow, weconsiderthetwo optionsdescribedabove(option
1 andoption2) andchoosetheonewith the leastestimatedcost. FillMatrix-2 usesthesamealgorithmas
FillMatrix-1, with the following constraintswhendecidingto replicatea job in a new row. First, the job
mustnot alreadybereplicatedin thatrow. Second,therow musthave sufficient emptycolumnsto execute
the job andthetotal numberof migratedtasksmustnot exceedparameterÉ . Only option1 (move jobs in
target row) is consideredfor FillMatrix-2, andthereforethosejobsmustnot bepresentin any otherrow of
theschedule.Given thesealgorithms,we ensurethatmigrationnever incursrecurringcost. That is, a job
will notping-pongbetweendifferentcolumnswithin thesameschedulingmatrix.

Figure23 shows the impactof the differentstepsin the the MGS strategy. Line (1) is the result for
GS, andserves asa reference.Line (2) is the result for MGS whenwe addto GS just the FillMatrix-2
step:After completingGSby replicatingjobson thesamesetof nodes,we furtherattemptto fill thematrix
by replicatingthe job on rows that have enoughnodesfree, employing migration to move the jobs that
arepreventingreplication.Line (3) shows theresultwhenwe furtheraddCollapseMatrix-2andSchedule-
2. CollapseMatrix-2movesjobs from onerow to anotherin orderto createemptierrows in thematrix. It
employsmigrationto moveeitherthesourcejob (theonethatis changingrows)or thejobsin thedestination
row that occupy thesetof nodesof thesourcejob. After CollapseMatrix-2freesspacein the rows of the
matrix a new roundof scheduling(Schedule-2)attemptsto run morejobs. FromFigure23 we observe that
mostof the improvementsin MGS arefrom addingthe FillMatrix-2 step. The improvementsfrom more
aggressivemigrationin line (3) areoffsetby theadditionalmigrationcost.Theneteffect is thatthereis little
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Figure20: Lossof capacityfor BGS, GS,andBF, with differentcontext-switchoverheads.

benefitfrom theextra CollapseandSchedulesteps.

6.5 Migration backfilling gang-scheduling(MBGS)

Justaswe augmentedplain gang-scheduling(GS) with migration,the samecanbe donewith backfilling
gang-scheduling(BGS). This createsthemigrationbackfilling gang-scheduling(MBGS). Thedifferences
betweenMGS andMBGS arein theCollapseMatrixandSchedulesteps.MBGS usethesamescheduling
asBGS,thatis, backfilling is performedin eachrow of thematrix,andreservationsarecreatedfor jobsthat
cannotbeimmediatelyscheduled.Whencompactingthematrix, MBGS mustmake surethat reservations
arenot violated.

6.6 Comparing GS,BGS, MGS, and MBGS

Table1 summarizessomeof the resultsfrom migrationappliedto gang-schedulingandbackfilling gang-
scheduling. For eachof the nine workloads(numberedfrom 0 to 8) we presentachieved utilization ( Ê )
andaveragejob slowdown ( Ë ) for four differentschedulingpolicies:(i) backfillinggang-schedulingwithout
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Figure21: Comparingcontinuousanddiscretescheduling.

migration(BGS), (ii) backfilling gang-schedulingwith migration(MBGS), (iii) gang-schedulingwithout
migration(GS),and(iv) gang-schedulingwith migration(MGS). Wealsoshow thepercentageimprovement
in job slowdown from applyingmigrationtogang-schedulingandbackfillinggang-scheduling.Thoseresults
arefrom thebestcasefor eachpolicy: 0 costandunrestrictednumberof migratedtasks,with anMPL of 5.

Wecanseeanimprovementfrom theuseof migrationthroughouttherangeof workloads,for bothgang-
schedulingandbackfilling gang-scheduling.We alsonotethat the improvementis larger for mid-to-high
utilizationsbetween70 and90%. Improvementsfor low utilization arelessbecausethesystemis not fully
stressed,andthematrix is relatively empty. Therefore,therearenot enoughjobs to fill all the time-slices,
andexpandingwithout migrationis easy. At very high loads,thematrix is alreadyvery full andmigration
accomplisheslessthanat mid-rangeutilizations. Improvementsfor backfilling gang-schedulingarenot as
impressive asfor gang-scheduling.Backfilling gang-schedulingalreadydoesa betterjob of filling holesin
thematrix, andthereforethepotentialbenefitfrom migrationis less.With backfilling gang-schedulingthe
bestimprovementis 45%atautilizationof 94%,whereaswith gang-schedulingweobserve benefitsashigh
as90%,atutilizationof 88%.

We notethat themaximumutilization with gang-schedulingincreasesfrom 85%without migrationto
94%with migration.Maximumutilization for backfillinggang-schedulingincreasesfrom 95%to 97%with
migration.Migration is amechanismthatsignificantlyimprovestheperformanceof gang-schedulingwith-
outtheneedfor job executiontimeestimates.However, it is notaseffectiveasbackfillingin improving plain
gang-scheduling.Thecombinationof backfilling andmigrationresultsin thebestoverall gang-scheduling
system.

Figure24 shows averagejob slowdown andaveragejob wait time asa functionof theparameterÌ , the
maximumnumberof taskthatcanbemigratedin any timeslice.Weconsidertwo representative workloads,
2 and5, sincethey definethe boundsof the operatingrangeof interest. Beyond workload5, the system
reachesunacceptableslowdowns for gang-scheduling,and below workload 2 thereis little benefitfrom
migration.Wenotethatmigrationcansignificantlyimprove theperformanceof gang-schedulingevenwith
aslittle as64 tasksmigrated.(Notethat thecasewithout migrationis representedby theparameterÌ�Í�Î
for numberof migratedtasks.) We also observe a monotonicimprovementin slowdown and wait time
with the numberof migratedtasks,for both gang-schedulingandbackfilling gang-scheduling.Evenwith
migrationcostsashigh as30 seconds,or 15% of the time slice, we still observe benefitfrom migration.
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work backfillinggang-scheduling gang-scheduling
load BGS MBGS % Ï GS MGS % ÏÐ Ï Ð Ï better Ð Ï Ð Ï better
0 0.55 2.5 0.55 2.1 19.2% 0.55 3.9 0.55 2.6 33.7%
1 0.61 3.2 0.61 2.5 23.9% 0.61 7.0 0.61 4.0 42.5%
2 0.66 3.8 0.66 2.9 24.8% 0.66 18.8 0.66 6.9 63.4%
3 0.72 6.5 0.72 3.7 43.1% 0.72 44.8 0.72 13.5 69.9%
4 0.77 8.0 0.77 5.1 36.6% 0.78 125.6 0.77 29.4 76.6%
5 0.83 11.9 0.83 7.6 36.2% 0.83 405.6 0.83 54.4 86.6%
6 0.89 22.4 0.88 11.0 50.8% 0.86 1738.0 0.88 134.2 92.3%
7 0.94 34.9 0.94 20.9 40.2% 0.86 4147.7 0.94 399.3 90.4%
8 0.96 67.9 0.98 56.8 16.4% 0.86 5941.5 0.97 1609.9 72.9%

Table1: Percentageimprovementsfrom migration.

Most of thebenefitof migrationis accomplishedat ÌÍ¾ÑWÒ migratedtasks,andwe choosethat valuefor
furthercomparisons.Finally, we notethat thebehaviors of wait time andslowdown follow approximately
thesametrends.Thus,for thenext analysiswe focuson slowdown.

Figure25 compareslossof capacity, slowdown, andwait time for all four time-sharingstrategies: GS,
BGS, MGS andMBGS. Resultsshown arefor MPL of 5, Ó�Í`Î)Ô+Õ , and(for MGS andMBGS) amigration
costof 10seconds(5%of thetime-slice).Weobserve thatMBGS is alwaysbetterthantheotherstrategies,
for all threeperformanceparametersandacrossthespectrumof utilization. Correspondingly, GSis always
worsethantheotherstrategies.Therelativebehavior of BGS andMGS deservesamoredetaileddiscussion.

With respectto lossof capacity, MGS is consistentlybetterthanBGS. MGS candrive utilization up to
98% while BGS saturatesat 96%.With respectto wait time,BGS is consistentlybetterthanMGS. Quan-
titatively, thewait time with MGS is 50-100%larger thanwith BGS throughoutthe rangeof utilizations.
With respectto slowdown, weobservethatBGS is alwaysbetterthanMGS andthatthedifferenceincreases
with utilization. For workload5, thedifferenceis ashighasafactorof 5. At first, it is not intuitive thatBGS
canbesomuchbetterthanMGS in thelight of thelossof capacityandwait time results.Theexplanation
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Figure 23: Comparisionof Configurationsfor MGS: GS, GS + FillMatrix-2, GS+CollapseMatrix-
2+Schedule-2+FillMatrix-2

is thatBGS favorsshort-runningjobswhenbackfilling, thusreducingtheaveragejob slowdown. To verify
that,we further investigatedthebehavior of MGS andBGS in two differentclassesof jobs: oneclassis
comprisedof the jobswith runningtime shorterthanthemedian(680seconds)andtheotherclassof jobs
with runningtime longerthanor equalto themedian.For theshorterjobs,slowdown with BGS andMGS
are18.9and104.8,respectively. On the otherhand,for the longerjobs, slowdown with BGS andMGS
are4.8 and4.1, respectively. TheseresultsconfirmthatBGS favors shortrunningjobs. We notethat the
penaltyfor longerjobsin BGS (ascomparedto MGS) is very small,whereasthebenefitfor shorterjobsis
quitesignificant.

We emphasizethat thestrategy thatcombinesall techniques(gang-scheduling,backfilling, andmigra-
tion), that is, MBGS providesthebestresults.In particular, it candrive utilization higherthanMGS, and
achievesbetterslow down andwait timesthanBGS. Quantitatively, wait timeswith MBGS are2 to 3 times
shorterthanwith BGS, andslowdown is 1.5to 2 timessmaller.

7 Conclusions

This paperhasreviewedseveral techniqueswe developedto enhancejob schedulingfor largeparallelsys-
tems.We startedwith ananalysisof two commonlyusedstrategies: backfilling andgang-scheduling.We
showed how the two could be combinedinto a backfilling gang-scheduling(BGS) strategy that is always
superiorto its two componentswhenthe context switch overheadis kept low. With BGS, we observe a
monotonicimprovementin job slowdown, job wait time, andmaximumsystemutilization with themulti-
programminglevel. Wehavealsodemonstratedtheimportanceof continuousschedulingwhentime-sharing
techniquesareused.

Furtherimprovementin schedulingefficacy canbeaccomplishedwith theintroductionof migration.We
havedemonstratedthatbothplaingang-schedulingandbackfillinggang-schedulingbenefitfrom migration.
The schedulingstrategy that incorporatesall our techniques:gang-scheduling,backfilling, andmigration
consistentlyoutperformstheothersfor averagejob slow down, job wait time, andlossof capacity. It also
achieves the highestsystemutilization, allowing the systemto achieve up to 98% utilization. When a
maximumacceptableslowdown of 20 is adopted,thesystemcanachieve 94%utilization.

Wehaveshown thatcombiningtechniquessuchasbackfillingandmigrationwith well establishedgang-
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Figure24: Slowdown andwait time asa function of numberof migratedtasks.Eachline is for different
migrationcost

schedulingstrategiescanimprove systemperformancesignificantly. A backfilling gang-schedulingsystem
hasbeensuccessfullydeployed in themulti-TeraflopASCI Blue andWhite machines.Thenew scheduling
systemin thosemachinesis expectedto improve utlization,reducejob wait times,andoverall enhancethe
executionof largejobs.
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