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Abstract

In this paper we examinethe issueof optimizingdisk
usage and of scheduling large-scalescienti�c work�ows
onto distributed resources where the work�ows are data-
intensive, requiring large amountsof data storage, and
where the resourceshave limited storage resources. Our
approach is two-fold: we minimizethe amountof spacea
work�ow requiresduring executionby removing data �les
at runtimewhenthey are no longer requiredandwesched-
ule thework�ows in a way that assuresthat theamountof
data required and generatedby the work�ow �ts onto the
individual resources.For a work�ow usedbygravitational-
wavephysicists,we were able to improve the amount of
storage required by the work�ow by up to 57 %. We also
designedan algorithm that can not only �nd feasibleso-
lutions for work�ow taskassignmentto resourcesin disk-
spaceconstrainedenvironments,but can also improve the
overall work�ow performance.

1. Intr oduction

Today, scienti�c analysesare frequently composedof
several applicationcomponents,eachoften designed and
tunedby a different researcher. Recently, scienti�c work-
�o ws [1, 2] have emergedasa meansof combiningindi-
vidual applicationcomponentsinto large-scaleanalysisby
de�ning the interactionsbetweenthe componentsand the

datathat they rely on. Scienti�c work�o ws provide a sys-
tematicway to capturescienti�c methodologyby supply-
ing a detailedtrace(provenance)of how the resultswere
obtained. Additionally, work�o ws arecollaboratively de-
signed,assembled,validated,andanalyzed.Work�o ws can
besharedin thesamemannerthatdatacollectionsandcom-
puteresourcesaresharedtodayamongcommunities.The
scaleof the analysis and thus of the work�o ws often ne-
cessitatesthatsubstantial computationalanddata resources
be usedto generatethe requiredresults. CyberInfrastruc-
tureprojectssuchastheTeraGrid[3] andtheOpenScience
Grid (OSG)[4] canprovideanexecutionplatformfor work-
�o ws, but they require a signi�cant amountof expertiseon
the part of the scientistto be ableto make ef�cient useof
them.

Pegasus[5, 6], which standsfor Planningfor Execution
in Grids,is awork�o w mappingenginedevelopedandused
as part of several projectsin physics [7], astronomy[8],
gravitational-wavescience[9, 10], earthquakescience[11],
neuroscience[12], andothers. Pegasusbridgesthe scien-
ti�c domain and the execution environment by automat-
ically mappingthe high-level work�o w descriptionsonto
distributed resourcessuchas the TeraGrid,the OpenSci-
enceGrid, andothers.Pegasusrelieson theCondor DAG-
Man [13] work�o w engineto launchwork�o w tasksand
maintainthedependenciesbetweenthem. Pegasusenables
scientiststo constructwork�o ws in abstracttermswithout
worrying aboutthe details of the underlyingCyberInfras-
tructure or the particularsof the low-level speci�cations



requiredby the underlyingmiddleware (Globus [14] and
Condor [15]). Pegasusis usedday-to-dayto map com-
plex, large-scalescienti�c work� ows with thousandsof
tasksprocessingterabytesof dataonto the Grid. As part
of the mapping,Pegasus automaticallymanagesdatagen-
eratedduring work�o w execution by stagingthem out to
user-speci�ed locations, by registeringthem in datacata-
logs,andby capturingtheir provenanceinformation.

Whenwork�o wsaremappedontodistributedresources,
issuesof performancerelatedto work�o w job scheduling
anddatareplicaselectionaremostoftentheprimarydrivers
in optimizing the mapping. However, in the caseof data-
intensive work�o ws it is possiblethat typical work�o w
mappingtechniquesproducework�o ws that areunableto
executedueto the lack of disk spacenecessaryfor thesuc-
cessfulexecution. In this paperwe examinetwo issuesre-
lated to this problem. The �rst dealswith optimizing the
amountof spacethat a work�o w (or a portion of a work-
�o w) requiresto run on a given resourceand the second
exploresa schedulingtechniquethat takesinto accountthe
spaceneededby thework�o w whendeciding whereto run
thejobs.

The remainderof the paper is organized as follows.
The next sectionprovidesfurther motivation for this work
by examining a Laser InterferometerGravitational Wave
Observatory (LIGO) [16] applicationwhich requireslarge
amountsof space andtargetstheOSGasits execution en-
vironment. This applicationexhibits behaviours typical in
many scienti�c work�o ws usedtoday. Section3 describes
an algorithm for reducing the amountof spacerequired
by a work�o w followed by showing the spaceusage im-
provementsin the caseof a small simulatedLIGO appli-
cation. Sections4 and5 describe an algorithmandshow
theresultsof schedulingwork�o wsto space-constrainedre-
sources.Finally we give an overview of relatedwork and
includeconcludingremarks.

2. Moti vation

LIGO [16] is a network of gravitational-wave detectors,
onelocatedin Livingston,LA andtwo co-locatedin Han-
ford, WA. Theobservatories'missionis to detect andmea-
suregravitational waves predictedby generalrelativity—
Einstein's theoryof gravity—in which gravity is described
asdueto thecurvatureof thefabricof time andspace.One
well-studiedsourceof gravitational waves is the inspiral
andcoalescenceof a pair of dense,massive astrophysical
objectssuch as neutronstarsand black holes. Such bi-
naryinspiralsignalsareamongthemostpromisingsources
for LIGO [17, 18]. Gravitationalwavesinteractextremely
weaklywith matter, andthemeasurableeffectsproducedin
terrestrialinstrumentsby their passagewill be miniscule.
In orderto establisha con�dent detectionor measurement,

a large amountof dataneedsto be acquiredandanalyzed
which containsthe strainsignalthat measuresthe passage
of gravitationalwaves.LIGO applicationsoftenrequireon
theorderof aterabyteof datato producemeaningfulresults.

Data from the LIGO detectors is analyzed by the
LIGO Scienti�c Collaboration (LSC) which possesses
many project-widecomputationalresources.Additional re-
sourceswould allow the LSC to extend its sciencegoals.
Thus,the LSC hasbeenreachingout toward Grid deploy-
mentssuchas the OSG to extend their own capabilities.
OSG supportsthe computationsof a variety of scienti�c
projectsrangingfrom high-energy physics,biology, mate-
rial science,andmany others.

The sharednatureof OSGresourcesimposeslimits on
theamountof computationalpower anddatastorageavail-
able to any particularapplication. As mentionedbefore,
a scienti�cally meaningfulrun of the binary inspiral anal-
ysis requiresa minimum of 221 GBytesof gravitational-
wavedataandapproximate70,000computationalwork�o w
tasks.

The LIGO Virtual Organization (VO) is supportedon
nine distinct ComputeElementsmanagedby other insti-
tutionssupportingthe OSG.EachComputeElementis an
HPCor High ThroughputComputer(HTC) resource,with,
on average, 258 GB of sharedscratchdisk space. The
sharedscratchdisk spaceis usedby approximately20 VOs
with theOSG.TheLIGO VO cannotreservespaceonthese
sharedresources.

Currently Pegasusautomaticallygeneratesa ”cleanup
work�o w” that is run aftera work�o w has�nished andthe
analysisresultshave beenstagedout to a user-speci�ed lo-
cation.Thecleanupwork�o w deletesall datastaged-in,and
dataproductsgeneratedontheComputeElement.Statically
cleaningup �les afterall thedataprocessingoccurs,entails
signi�cant overheadasthedataprocessingfor a singlerun
may requirea week of wall time. Opportunities exist to
dynamicallydeletetheinputandintermediatedataimmedi-
atelyafterthesedatahavebeenconsumedby the jobsin the
workfow. Thiscansubstantiallyreducethestoragerequire-
mentson theComputeElementduringthedataanalysis.

Next we describethe algorithm that determineswhena
givendata�le is nolongerneededandweusethisalgorithm
to adddynamiccleanupjobsto theexecutablework�o w.

3. Impr oving Work�o w Data StorageUse

The algorithmdescribedin this sectionaddsa cleanup
job for a data �le when that � le is no longer required
by other tasks in the work�o w or when it has already
beentransferredto permanentstorage.Thepurposeof the
cleanupjob is to deletethe data�le from a speci�ed re-
source. Sincea data�le can be potentially replicatedon
multiple resources(in casethe computetasksaremapped



Figure 1. Executab le work�o w with 7 com-
pute jobs mapped to two resour ces.

to multiple resources)the decisionto addcleanupjobsare
madeonaperresourcebasis.

In orderto illustratethe working of the algorithm,Fig-
ure1 shows anexecutable work�o w containing7 compute
jobsf 0,1,..,6g mappedto 2 resourcesf 0,1g. Thealgorithm
�rst createsasubgraphof theexecutablework�o w for each
executionresourceusedin thework�o w. Thesubgraphof
thework�o w on resource0 containsjobsf 0,1,3,4g andthe
subgraphonresource1 containsjobsf 2,5,6g (shown in �g-
ure 1). The cleanupnodesaddedto this work�o w using
the algorithmareshown in Figure2. The cleanupjob for
removing �le f on resourcer is denotedasCf r .

For eachtask in the subgraph,a list of �les either re-
quiredor producedby thetaskis constructed.For example
list of �les for task1 mappedto resource0 contains�les b
andc. For each�le in the list, a cleanupjob for that �le
on that resourceis created(if it doesnot alreadyexist) and
the taskis madeparentof thecleanupjob. Thusa cleanup
job, Cc0, for removing �le c on resource0 is createdand
task1 is madeparentof this cleanup job. Thecleanupjobs
for some�les might alreadyhave beencreatedasa result
of parsingprevioustasks.For example,thecleanupjob Cb0

for removing �le b on resource0 already exists(asa result
of parsingtask0). In thiscasethetaskbeingparsedis added

Figure 2. Cleanup nodes added to the exe-
cutab le work�o w.

asan parentof the cleanup job. Thustask1 is addedasa
parentof cleanup job Cb0. Whenthe entiresubgraphhas
beentraversed,thereexists onecleanupjob for every �le
requiredor producedby tasksmappedto theresource.

If a�le requiredby ataskis beingstaged-infrom another
resource,thenthealgorithmmakesthecleanupjob for the
�le on thesourceresourcea child of thestage-injob, thus
ensuringthat the �le is not cleanedup on the sourcere-
sourcebefore it is transferredto the target resource. For
example,�le b requiredby task2 mappedto resource1 is
being staged-infrom resource0 using stage-injob I b012,
andsothecleanupjob for �le b onresource0 (Cb0) is made
a child of I b012. Finally, if a �le producedby a taskis be-
ing staged-outto astoragelocation,thecleanupjob is made
a child of the stage-outjob. For instance, the cleanupjob
Ch0 for removing �le h onresource0 is madeachild of the
stage-outjob Soh that stagesout �le h to permanent stor-
age.By addingtheappropriatedependencies,thealgorithm
makes surethat the �le is cleanedup only when it is no
longerrequiredby any taskin thework�o w.

Thepseudocodefor thealgorithmis shown in Figure 3.
Its runningtimeis O(e+ n), wheree is thenumberof edges
andn is thenumberof tasksin theexecutablework�o w as-
sumingthateachedgerepresentsthedependency of a par-
ticular �le betweentwo tasks. Multiple �le dependencies
betweentwo tasksarerepresentedby multiple edges.The



Input: ExecutableWork�o w, r = 1..R (list of resources)
Output:ExecutableWork�o w includingcleanupjobs

For every resourcer = 1..R
Let Gr=(Vr,Er) bethesubgraphinducedby thetasksmappedto resourcer
For every job j in Vr

For every �le f requiredby j
createcleanUpJobCf r for �le f for resourcer if it doesnotalreadyexist
addjob j asparentof thecleanUpJobCf r

if �le f is producedatanotherresources
Let I f r sj = stage-injob for transferring �le f from resourcer to resources for job j
createcleanUpJobCf s for �le f at resources if it doesnotexist andmake I f r sj parentof Cf s

Endif
EndFor
For every �le f producedby j

createcleanUpJobCfr for �le f for resourcer if it doesnotalreadyexist
addjob j asparentof thecleanUpJobCf r

If f is beingstagedout to �nal storage,addCf r aschild of thestage-outjob Sof .
EndFor

EndFor
EndFor

Figure 3. Algorithm for adding cleanup jobs to an executab le work�o w.

algorithmmakessurethat the work�o w cleansup the un-
ncessarydata�les asit executes(by addingcleanupnodes
to theexecutablework�o w) andat theendthereareno �les
remainingon theexecutionresources.

We usea simulatedLIGO work�o w to evaluate theper-
formanceof theabovealgorithmusing amodi�ed Grid sim-
ulator [19]. We usea work�o w (Figure4) which is a sub-
setof thoseusedfor thecurrentLSC binary inspiralanaly-
sis [20]. This work�o w consistsof 166computetasksand
hasthesametopologyastheinspiralanalysiswork�o w. We
replacetheinspiralcomputenodeswith simulatedtasksthat
have the same execution times and data requirementsas
an inspiral analysisin order to bench-markour algorithm.
Oursimulated analysisis thereforeagoodrepresentationof
large scaleLIGO work�o ws. In this casethe work�o w is
mappedto 4 homogeneousresourcesusinga randommap-
ping heuristic.In future,we planto experimentusingmore
advancedmappingstrategies. During the simulation, the
datastage-intasksareexecutedaslate aspossibleandthe
cleanupjobs areexecutedasearly aspossiblein order to
minimizethestorageused.

Figure5 shows the amountof storageusedat the 4 re-
sourcesasa functionof timeasthework�o w executesboth
without and with the cleanupjobs. Without the cleanup
nodes,thestoragebeingusedat the resourcesis monoton-
ically increasing.However, with the cleanupjobs thereis
a considerablesaving in theamountof storageusedduring
theruntimeof thework�o w.

Figure 4. The Structure of the Scaled-Do wn
Version of the Simulated LIGO Work�o w. The
Work�o w Progresses Top to Bottom. Edges
represent dependencie s and ver tices repre-
sent tasks.

Initially the storageusedby both the approachesis the
same.This is becausethis initial periodis mostlyusedfor
staging-inthe input data�les to the resourcesandthe ex-
ecutionof the top-level tasks. When the next level tasks
�nish execution,their input �les producedby the top-level
tasksareno longer requiredandprovide the �rst cleanup
oppurtunity.

Table1 shows the maximumamountof storageusedat
theexecutionresourcesboth without andwith cleanup.On
average,themaximumstorageusedat any resourceduring
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Figure 5. Cleanup Results for the Simulated
LIGO Work�o w on 4 Resour ces.

resource nocleanup with cleanup %
id (GB) (GB) improvement
0 137 58 57%
1 123 65 47%
2 155 91 41%
3 123 61 50%

Table 1. Maxim um amount of stora ge used at
the resour ces without and with cleanup

the lifetime of thework�o w is about50 percentlesswhen
thecleanupnodesareaddedto thework�o w.

We alsosimulatedtheexecutionof a muchlargerLIGO
work�o w containing38954tasks.Thesimulatedwork�o w
is similar in structureto theoneshown in Figure4, with the
samenumberof levels but with many more tasksat each
level.

The tasksin the work�o w were randomly mappedto
10 homogeneousexecutionresources.Figure6 shows the
result of simulatingthe executionof the work�o w on 10
resourcesboth with and without the addition of cleanup
jobs. Dueto thelargenumber of tasksin thework�o w and
the random assignmentof tasksto resources,the amount
of spaceusedat eachresourceis approximatelythe same.
Addingthecleanupnodes,themaximumstorageusedatthe
resourcesis approximately50 percentlessthanthestorage
usedwithout thecleanupnodes.

It should be noted here that while the algorithm de-
scribedin Figure3 is ableto signi�cantly reducetheamount
of storage used for the two work�o ws, the number of
cleanupjobs canbecomegreaterthanthe numberof tasks
in the executablework�o w, particularly if the work�o w is
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Figure 6. Cleanup Results for the Larger Sim-
ulated LIGO work�o w.

beingexecutedacrossmultiple resources.For example,our
cleanupalgorithmgenerated544cleanuptasksfor thesmall
work�o w with 166computetasks. In general,thenumber
of cleanuptasks would be O(the numberof �les used in
work�o w times the number of resourcesthe work�o w is
mappedto). The cleanup tasksarenot computeintensive
andhencearenot likely to affect the runtimeof the work-
�o w signi�cantly. However, thesheernumberof tasksmay
causeperformancedegradationin the work�o w execution
engine. We have also implementeda heuristicfor reduc-
ing the numberof cleanuptasks. The rationaleis to usea
singlecleanupfor removing multiple �les insteadof using
onecleanupjob for each�le. We wereableto reducethe
numberof cleanupnodesby a factor of 5-6 on synthetic
work�o wsaswell asonthesimulatedLIGO work�o wsand
still obtain the samemaximumspaceusage.In particular,
we wereableto reducethenumberof cleanupjobs for the
smallwork�o w to 80 aggregatecleanupjobs from the544
earlier.

4. Algorithm for Storage-Aware Work�o w
Scheduling

Theremoval of data�les whenthey arenolonger needed
is only onesteptowardsthe ef�cient mappingandexecu-
tion of work�o ws sinceit minimizestheir overall storage
requirements.However, for ef�cient execution,one also
needsto guaranteethe usageof resourceswith ampledisk
spacefor thetasksof thework�o w andto considermapping
ontothoseresourcesin awaythatminimizestheoverallex-
ecutiontime of the work�o w. For the latter, the possible
bene�ts thatmight resultfrom replicationof data�l esneed



Input: ExecutableWork�o w, r=1..R(list of computeresources),informationaboutdiskusage
Output:Mappingof Work�o w tasks ontoresources

While (thereareunscheduledtasks)do
Selectthe�rst readytask,i.
For every resourcer=1..R

Computeexpecteddisk usageof taski on resourcer,
EDU(i) = Input(i) + Output(i).
Checkthemaximumdisk spaceof resourcer, DS(r),andthecurrentdiskspaceDU(r).
if ( EDU(i) + DU(r) ) � DS(r) )

resourcer mustnotbeconsideredfor theallocationof taski.
else

computeearliest�nish timeof taski on resourcer, EFT(i,r).
EndFor
if (no resourcesavailable)do

marktaskandrepeattheabove for thenext readyunmarkedtask.
if all readytasksaremarkedthenhalt algorithm// failure

else
Assigntaski to theresourcer thatminimizesEFTof taski.
For (eachparenttaskp of taski) do

Sendtaskp amessageto theresourcewheretaskp hasbeenallocated,sayresourcem.
Requestp to transferall �les requiredby taski to resources.
Proceedto cleanupof any unnecessary�les requiredfrom resourcem.
Updatethecurrentdisk usageof resourcem, DU(m).

EndFor
EndWhile

Figure 7. The Stora ge-Aware Work�o w Scheduling Algorithm.

to beweighedaswell sincethesebene�ts will beobtained
at the expenseof additionaldisk space. This sectionde-
scribesan algorithmwhich aimsto schedulework�o ws to
storage-constrainedresourcesandat thesametime to min-
imize the overall work�o w executiontime. The key idea,
whenallocatingtasks,is to consider�rst disk spaceavail-
ability of resourcesandthenprioritize resourcesdepending
on performance(taskexecutionon that resource).The in-
put of thealgorithmis a work� ow, theexecutiontime esti-
matesfor eachcomputetaskin the work�o w, andthe size
of inputandoutput�les eachcomputetaskmayrequireand
produce. In addition,thereis a set of available(compute)
resources,eachwith its own diskspace.Theexecutiontime
estimatesand input and output �le sizes can be obtained
usinghistorical information from the previous runsof the
work�o w.

The algorithm consistsof threephases:(1) identi�ca-
tion of all resourcesthat can accommodatethe data �les
neededfor a task;(2) allocationof the taskto theresource
which canachieve theearliest�nish time for the task;and
(3) cleanupof any unnecessarydata�les as indicatedby
any cleanupjobs insertedusingthealgorithmin theprevi-
oussection.

In the �rst phase,the expecteddisk usage(EDU) of a
task, i , which is readyfor execution(readymeansthat its
parentshave completedtheir execution)is calculated.The
valueof EDU is thesumof thesizeof theinput �les of the
task,Input(i), andthe sizeof the output �les the taskmay
generate,Output(i). If the taskis allocatedto thesamere-
sourceasall its parenttasks,then the valueof Input(i) is
setto zero sincethediskspacefor its inputdatahasalready
beenaccountedfor underoutput�le sizesof its parenttasks
(Output(k),wherek is a parentof task i). The algorithm
thendecidesif taski canbeallocatedto a resourceby con-
sideringthe task's expecteddisk spaceusage,the current
disk spaceusageandthetotal disk spacethis resourcehas.
If theallocationof taski doesnot exceedthemaximal disk
spaceof a givenresource,this resourceis consideredto be
a candidatefor thenext phase.This processis repeatedfor
eachavailable resource. If no resourcesat all satisfy the
spacerequirementsof any readytask, the algorithm halts
andresultsin a failurefor allocation.

If thereareresourceswhich canaccommodatethespace
requirementsof the task being considered, the algorithm
proceedsto the secondphase.In this phase,the expected
�nish timeof thejob (correspondingto this task)oneachof



theseresourcesis considered.The �nish time is computed
asthesumof thetime to transferany datafrom parentsand
thetime to executethejob on theresource.Thejob is then
allocatedto the resourcewhich resultsin the smallest�n-
ish time. It is notedherethatconsideringtheresourcethat
givesthesmallest�nish time implicitly evaluates thebene-
�ts of datareplication.This is becausethe time to transfer
any datafrom theparentresourcesis alsoconsideredwhen
determiningtheresourcethatgivesthesmallest�nish time.
Finally, onceanallocationdecisionhasbeenmadeandall
the�les requiredby ajob havebeensentto theresourcethat
executesthis job, the�les (if they arenolongerneeded)can
beremovedfrom theparentjob's resource.

An outlineof thealgorithmisgivenin Figure7. Its com-
plexity is O(e+ (n � m)) , wheree is thenumberof edges,
n is the numberof computetasksandm is the numberof
resourcesavailablefor execution.In practice,however, the
runningtime is insigni�cant, sincethereareonly low-cost
operationsinvolvedin thealgorithm.

5. Evaluation and Discussion

This section evaluates the bene�ts of the storage-
awarework�o w schedulingalgorithmagainsttwo otherap-
proachesavailable for work�o w scheduling, which either
do not take into accountindividual resourcecharacteristics
or do not perform any cleanup.Theaim is to examinethe
rateof failureandtheoverall performanceof theproposed
algorithm with different combinationsof network capaci-
ties,disk storage,andthenumberof availablesites.

Sameas before,we usedsimulationand the work�o w
shown in Figure4, containing166computetasks. Thetotal
�le sizerequiredby thework�o w (withoutcleanup)wasap-
proximately118 GBytes. We assumethat the work�o w is
mappedontohomogeneousresources,whichareconnected
by anetwork whichhasthesamespeedbetweenany two re-
sources.Weconsideredanumberof experiments,wherewe
chosedifferentvaluesfor thenumberof computeresources
available, the network speedbetweenthem, and the disk
spaceavailableat eachof theresourcesin orderto observe
the behavior of different schedulingalgorithms. Thus,we
considereda numberof: 3, 6, or 9 resourcesavailablefor
execution,with network speedsbetweentheseresourcesof:
100MB/sec,10MB/secor 1MB/sec,andthemaximumdisk
spaceavailable in eachresourceat the startof the execu-
tion of thework�o w of: 10, 15, 20, 25, or 30 GBytes.The
maximumdisk spaceavailable was the samefor eachre-
sourcein all theruns.Therefore,in total,we considered45
(= 3 � 3 � 5) differentexecutionenvironments.

Theresultsareshown in Table 2. Our proposedstorage-
aware schedulingalgorithm hasbeenimplementedand is
denotedin the table as `alg1'. The other two algorithms
usedin theevaluationaredenotedas`alg2' and`alg3'. Al-

Network Disk number
Speed (GB per of alg1 alg2 alg3

(MB/sec) resource) resources
100 15-30 9 1444 1739 1444
100 10 9 1444 1739 Fail
10 15-30 9 2404 4395 2404
10 10 9 2404 4395 Fail
1 15-30 9 12002 30956 12002
1 10 9 12002 30956 Fail

100 20-30 6 2154 2548 2154
100 15 6 2154 2548 Fail
100 10 6 2154 Fail Fail
10 20-30 6 3584 6308 3584
10 15 6 3584 6308 Fail
10 10 6 3584 Fail Fail
1 20-30 6 17889 43910 17889
1 15 6 17889 43910 Fail
1 10 6 17889 Fail Fail

100 25-30 3 4281 9957 Fail
100 20 3 4281 Fail Fail
100 10-15 3 Fail Fail Fail
10 30 3 6850 12569 Fail
10 20-25 3 6850 Fail Fail
10 10-15 3 Fail Fail Fail
1 30 3 32532 87738 Fail
1 20-25 3 32532 Fail Fail
1 10-15 3 Fail Fail Fail

Table 2. Simulated execution time (in sec) for
the LIGO work�o w in Figure 4, for diff erent
envir onment settings and diff erent schedul-
ing algorithms.

gorithm`alg2' considersdatacleanup(implementingtheal-
gorithmin Section3 of thispaper),but doesnottakeinto ac-
countthespaceavailableat eachindividual resourcewhen
allocatingtasksonto resources,nor the executiontime on
the resource;it simply selectsresourcesrandomly to as-
sign tasks. This may lead to the assignmentof a task to
a resourcewhich doesnot have enoughstoragefor the�les
neededby a task. On the otherhand,`alg3' considersre-
sourcestorageavailabilities when allocating jobs and as-
signsthe job to the bestmachine,but the algorithm does
not performany cleanup(for data�les that areno longer
needed).All threealgorithmsrequire thatall theinput data
�les of eachtaskareavailableon theresourcethatthis task
wasallocatedfor thetaskto startexecution.

The resultsin Table 2 show the executiontime of the
work�o w for eachdifferentsettingandalgorithm. Theen-
try `Fail' meansthatthecorrespondingalgorithmcouldnot
�nish the work�o w allocationdue to spaceconstraintsat
somestageduring the execution. Sincedisk capacitypri-
marily affects the ability to run the work�o w, ratherthan



its overall executiontime, theresultsaregroupedwhenthe
outcomedoesnot differ. So, for example,the � rst row of
thetableindicatesthattheexecutiontimeof eachalgorithm
remainsthe samefor disk capacityper resourceof 15-30
GBytes.

It canbeseenclearlythatourproposedalgorithm,̀ alg1',
cangive solutionsin many casesthat the other two algo-
rithmsfail. Themakespanof thesesolutionsis alwaysbet-
ter than the makespanof `alg2'. The differenceis more
profoundwith slower network speedsor a smaller number
of resources.For example,with 1MB/secnetwork speed,
the makespanof `alg1' canbe threetimesfasterthan the
makespanusing`alg2'.

The`alg3' algorithmfailedto providesolutionsin many
casesin the experiments. Especiallyfor small number of
resourcesandsmalldisk space,̀ alg3' wasunableto �nish
theallocationregardlessof thenetwork speed.In thecase
of 6 resources,it canbeseenthat`alg1' canrun in settings
with half theavailabledisk spacethat`alg3' needs(i.e., 10
GB/resourceasopposedto 20GB/resource),a resultwhich
is in linewith our�ndings (seeTable1) thatthecleanuppro-
cessreducesthe disk requirementsof the simulatedLIGO
work�o w by abouthalf.

The resultsclearly demonstratethat it is not suf�cient
to consideronly datarelocationor datalocality whenrun-
ning data-intensive work�o ws in space-constrainedenvi-
ronments.

6. RelatedWork

With DirectedAcyclic Graphs(DAGs) being a conve-
nientmodelto representwork�o ws, thevastamountof lit-
eratureonDAG schedulingis of relevanceto theproblemof
work�o w scheduling[21]. In recentyears,therehasbeena
revival of interestin thecontext of problemsespeciallymo-
tivatedby scienti�c work�o w executionandheterogeneous
environments[22,23,24,25,26,27,28,29]. In themajority
of theseworkstheaim is to minimizethework�o w execu-
tion time. No work hastakeninto accounttheavailabledata
storagewhenselectingresources,which hasprovedto bea
critical factorwhenexecuting data-intensivework�o ws.

The most interestingwork in the context of this pa-
per, which considersdataplacement,hasbeenpresented
in [30,31]. Theirproposed schedulingandreplication algo-
rithm keepstrackof thepopularityof datasetsandreplicates
thosedatasetsto differentsites.However, thedatareplica-
tion approachdoesnot work well in a storage-constrained
environmentasit may increasethedemandof datastorage
andmay leadto heavy storagerequirementsfor individual
resources.To draw an analogy, `alg3' in Section5 is asim-
ple version of a datareplicationapproach;however, it did
notcompletetheexecutionin many casesbecausetherewas
notenoughspacefor datastorage.

7. Conclusions

We examinedthe problemof mappingscienti�c work-
�o ws onto distributedresourceswherethe amountof disk
spaceat theresources is limited. Wepresenteda two-prong
approachwherewe minimizedthe disk spacefootprint of
the work�o w by removing dataassoonas it is no longer
neededand where we scheduledthe work�o w tasks by
�rst takinginto accountthedatarequirementsof thework-
�o w andthedataspaceavailability at theresources.Using
our approachwe were able to decreasethe spaceneeded
by a work�o w usedby gravitational-wave physicistsby as
muchas57% ascomparedto the un-optimized versionof
thework�o w. Additionally, we presentedanalgorithmfor
schedulingthework�o w thatdemonstratedthat takinginto
accountspaceconstraintswhenschedulingwork�o w tasks
ontoresourceswith limited diskspaceyieldsnotonly feasi-
blesolutions,whereotheralgorithmsmayfail, but alsodoes
not compromisethe overall work�o w performance. In the
future we plan to study disk space-aware algorithmsfur-
ther, in particularexamining the tradeoffs betweenspace
and time optimizations. We also intend to consideropti-
mizationsfor schedulingthe work�o w onto resourcesthat
canevaluatethepropertiesof thework�o w asawholein or-
derto make moreinformeddecisionsabouttaskallocation.
While theresultspresentedin this paperwereobtainedus-
ing simulations,we alsoplanto do experimentson realop-
erationalGrid infrastructuresuchasTeraGrid[3]in orderto
demonstratetheef�cacy of thepresentedalgorithms.
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