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Abstract

We developthe Trellis Driver packagdor integratingJava applicationswvith Trellis metacomputers,
which are userlevel aggreationsof hosts. Using TrellisDriver.exec() callsin placeof
Runtime.exec() calls, applicationscandistribute their work o ws acrossmetacomputerskFor
example,ProteomeAnalyst (PA) is a high-performancédioinformaticstool that executesa work-
o w of jobsto annotatgproteomesRunningall work o w jobs on a singlesener severelyrestricts
throughpufor largeanalysesEmpiricalresultsshav that Trellis Driver's job schedulingoverheads
canbeamortizedby batchingtogethemary jobs,leadingto linearspeed-umf applicationphases.
We further investigatetechniquego optimize PA's performanceby reducingdatamovement
betweerwork ow jobs. We testour new Data-Consciou¢DC) schedulingpolicy for Trellis in a
simulationstudy Simulationresultsshav thatDC schedulings mostbene cial whenco-locating
jobsanddataoffersconsiderablesaringsin eithernetwork overheadsor overheadslueto applica-

tion le sizes.
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Chapter 1

Intr oduction

Many areasof sciencejncluding bioinformatics,chemistry and physics,exhibit problemsthat re-
quire yearsof computingcyclesto solve. Examplesof suchproblemsinclude proteinannotation,
thermodynamienolecularmodelling,simulatingion transportandsimulatingproteinfolding [26].
Regardlesf theadwancedn centralprocessinginit (CPU)power, or the dataprocessingndstor
agecapabilitiesof eventhe mostpowerful supercomputerat ary pointin time, thereare always
scienti ¢ problemswhoseresourcedemandsexceedthe capacityof ary single machineor even
a collection of dedicatedhigh-endsenersfrom one computingsite. For example,the study of
the chiral recognitionsurfacesof two chiral moleculesnvolvescalculatinginteractionenegiesat
mary differentseparationsndorientationg34]. The computatiorfor onedatapoint cantake upto
four hourson a singlesener, usingpresent-dayechnology A chiral recognitionexperimentwith
10,000datapointswould, for example require40,000CPUhours,or approximatelyt.6 CPUyears.
Thereis, then,a persistenneedto aggr@ateresourcegrom multiple computingsitesto improve
throughput-theamountof work completedveracertaintime period—andsigni cantly reducethe
turnaroundime of the computation By doingso, systemsntegrationis ableto furthera particular
areaof science.

Softwareapplicationghat arewritten to solve large-scalescienti ¢ problemstypically execute
multiple programs,eachof which performsa small part of the overall computation. Sometimes,
eachpart of the computationcanbe performedindependently Often, however, thereis a pattern
of dependenciebetweendifferentpartsof the computationthat forms a work ow, which is a di-
rectedagyclic graph(DAG) of interdependenapplicationtasks.Work o ws areexplainedin detail
in Section1.1.1. As an externalexamplefrom the literature,which we will discussonly here,we
canconsiderthework o w of anatmospherienodellingapplication[1, 2], shavn in Figurel.1.

In the rst stageof thework o w, ervironmentaldatais acquiredfrom a distribution of sensors,
andthenfed to a generalkirculationmodellingtask,which computegylobalweathermatterns.The
circulationmodellingtasksendsts outputdatato a regionalweathemodel,which producesvind
datafor a x edarea,usingsomeadditionalsensorydata. Outputvaluesfrom the regionalweather

modelarethensentto severalpollution modellingtasks,includinga photo-chemicamodel,a parti-
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cledispersiormodel,andabush re model.Theoutputsfrom thevariouspollution modelsarethen
passedo a 3D visualizationtask,which providesa graphicalrepresentationf atmospherig¢rends.

In Figure 1.1, the directionof the arrows indicatesthe o w of data. For instance the general
circulationmodeltask passegslatato the regionalweathermodeltask. Therefore the formertask
mustcompletebeforethe latter may begin. Thus,the executionof jobs proceedsiownwardsin the
diagram.

We referto a singleunit of computationpr task,asa job. Typically, thereis a masteror driver
job thatmanageshe otherjobs. This masterjob startsthe otherjobs, monitorstheir progressand
combinestheir individual resultsto generatea completesolution. Thus, the masterjob controls
the overall executionof thework ow. Although Figure 1.1 doesnot shav a masterjob, a master
job could be addedto this work ow to perform, for example, the transferringof datafrom the
sensorgo the hoststhat executethe variousmodelling programs,aswell asthe invocationof all
dataacquisitionmodelling,andvisualizationjobs.

A metacomputingystemis a commonplatformfor executingscienti ¢ applicationswith large
andcomplex work o ws. In a metacomputingystem resourcedbelongingto differentcomputing
centreshat are managedy differentadministratorsare aggreyatedto boostcomputingcapacity
Runningapplicationson a metacomputinglatform posesseveral technicalchallenges- namely
transpareng of dataaccesssecurityof communicationsfault toleranceand, nally , schedulingof
theresultingworkloadacrosamultiple sites.

Herethe term schedulingrefersto the mappingof individual jobsto speci ¢ processors.The



problemof job schedulinghasbeena topic of interestin high-performancescienti c computing
for decadesMuch work to datehasfocusedsolely on maximizingapplicationthroughput. While
this metricis importantin determiningthe overall effectivenessanduseracceptancef a particular
schedulingalgorithm,the magnitudeof datathat mustbe transferredbetweemetworksis another
essentiaperformancédactorin schedulingn metacomputingUnduedatamovementimposesaper
formancepenaltyonwork o w execution,asindividual jobs mustwait for their typically largeinput
les to betransferredacrosssharednetworks beforethey canrun. An ideal policy for scheduling
scienti ¢ work o ws placesghe computatiomearthedatawheneerit is feasibleto do so,while still

ensuringhigh throughput.

1.1 KeyConcepts

Having explainedthemainmotivationbehindthisresearchywe now provide backgroundnformation
on the key concept=f work o ws, metacomputinggataconsciousnes schedulingandmecha-
nismsversuspolicies. Finally, we explain how theseconceptsare combinedto form the basisof

the experimentaland developmentwork presentedn this thesis. A solid understandingf these
conceptandhow they t togetheiis necessaryo fully appreciatehe contributionsof thiswork and

its placein the broadresearclareaof high-performancscienti c computing.

1.1.1 Workloads and Work o ws

Certainapplicationsin scienceperforma large numberof independentomputations.We referto
the setof all computationspr jobs, that mustbe run within an applicationasthe workload One
speci ¢ type of workloadis an embarassinglyparallel computationjn which no communication
betweerindividual jobsis required.Parametespacestudiesarea goodexampleof embarrassingly
parallelworkloads[23]. In suchexperimentsgachjob is aninvocationof the samecalculationwith
auniquedatapoint, andhasno in uence on the outcomeof othercalculations.Schedulingof such
workloadsis easysincethereareno constrainton job ordering;the schedulecanassignary job to
ary availablehost.

Other applications,however, perform computationghat have a patternof interdependencies.
Theworkloadsof theseapplicationconstitutework ows, which arecontrol- ow or data- ow struc-
turesof typically heterogeneoutasksthat collaboratvely solve a large-scalgproblem. Work o ws
arecornvenientlyexpresse@sDAGs[13]. Dataanalysisapplicationswvith discerniblecomputational
phasesregoodexamplesof applicationghatexecutework o ws. Recallour earlierexampleof the
atmospherianodelling programwhosework o w was shovn in Figure1.1. The rst application
phaseof dataacquisitiongenerategrnvironmentaldatathatis consumedy the generaimodelling
phasethat follows. This secondphaseproducesdatathatis consumedby the regional weather
modellingphaseandsoon. Thedata o w betweerphaseglacesconstraintonthe orderin which

individualjobsmayrun. Forinstanceary combinatiorof thedataacquisitiontasksmayrun concur
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rently, but all dataacquisitiontasksmustcompletebeforethe generaimodellingtaskcanrun. The
schedulingof thesetypesof workloadsis more complicatedthanit is for embarrassinglyarallel

workloads.

1.1.2 Metacomputing

Academicresearcherandindustry professionalsvho run scienti ¢ applicationsvhosework o ws
containhundredsor thousandof jobs often wish to harnesshe power of multiple independent
senersto maximizethe throughputof their applications.The senersusedmayfall underdifferent
administative domains which are autonomougomputingcentreswherelocal administratoren-
force their own policies concerningresourceusage. It is commonfor usersto obtainaccountsat
severalhigh-performanceomputingcentregHPCCs)sothatthey mayaggrejateresourceso pro-
videtheneededardwareandsoftwarecapacity Thedif culty in executingwork o wsovermultiple
HPCCsis thatjobsanddatamustbe passedetweeradministratve domainsgachof which runsits
own batchschedulingsoftware,andmay sit behindits own re wall.

For effective andcorvenientutilization of all availableresourcessersshouldbeableto submit
their jobs to oneinstanceof a schedulingservicethat automaticallydistributesjobs over multiple
executionhosts(or seners). Metacomputingaimsto abstracta collection of individual comput-
ing senersby providing the userwith a view of a single supercomputerOverlay metacomputer
provide this abstractionby building on top of existing infrastructurewith software that performs
cross-domaifob scheduling.

Userscancreatetheir personaimetacomputeby combiningspeci ¢ machinesfrom any com-
putingcentreto which they have accessConsidetthe schematidiagramof ametacomputeshavn
in Figure 1.2. In this case,the userhasaccesdo two differentadministratve domainsfrom two
differentuniversities. The separata@esourcesrom thesetwo systemsappearas onelarge system
to theuser Overlay metacomputesoftwareprovidesthe userwith a singlepoint of controlfor job
admissiorandmanagement.

A commonsolutionfor providing metacomputewideschedulings to implementauserspeci ¢
metaqueue A metaqueuds a centraldepositoryfor jobsthatareto be run over a metacomputer

Metaqueuesresimilar to globalqueuesn the sensehatthey provide high-level job queuing.Jobs



in ametaqueuarenot boundto ary particularhostor HPCCeitherat thetime they aresubmitted,
or while they wait in the queuefor resource$o becomeavailable. Only whena job is selectedor

runningis thatjob boundto a speci ¢ machineor groupof machines Basedon a well-de ned set
of criteria,themetacomputingystemdecidesontowhich HPCCto of oad ajob, andautomatically
handlegprogramanddatashippingbetweendomains. Userssubmitand monitor jobs throughthe

metaqueuenly; they neednotinteractwith local job schedulingsystemgo handlethe exactplace-
mentof individual jobs. This featuremakessubmittingjobs intuitive andstraightforvardto users,

andallows local administratorgo retaintheir autonomy

1.1.3 Data Consciousnesf Scheduling

Certainschedulingalgorithmsfocusexclusively onmaximizingapplicationthroughput.Throughput
is de ned asthenumberof work unitscompletedn a x edtimeinterval. Thesealgorithmshowever,

areoftenunawvareof thelocationof data les requiredby individual jobs. If alarge percentagef

jobsmustcopy theirdatafrom aremotehostbeforeexecutingthe cumulatve datamovementwhen
executinga work o w of thousandf jobs could be substantial. Moving sucha large amountof

databetweermachinescrosseparat@metworksmaylimit theattainableéhroughputsinceagreater
proportionof executiontime is now spentin communicatiorasopposedo computation.

We aimto de ne aschedulingstrateyy thatis dataconsciouswhichwe de ne asa stratey that
considerghe locationof ajob's input datawhenevaluatingthatjob's suitability for executionon a
speci ¢ processopr groupof processorsDataconsciousnesis animportantgoalfor job schedul-
ing in metacomputingernvironments.Metacomputersomprisehostsfrom differentadministratve
domains possiblyat geographicallydistantsites,sothereis oftenconsiderabl@verheadn fetching
theinput dataof ajob from aremotehost.

While dataafnity (i.e., enforcingdatalocality throughjob assignmentecisions)is the pri-
mary designgoal of the schedulingpolicy we develop, thereare otherjob-speci c traits that can
in uence performanceof work o w execution. Considerthe importanceof the patternof inter-job
dependencieshecompletionof certainjobsmayfree up or unblockmorewaiting jobsthanwould
the completionof others.Jobswith a highernumberof dependentshouldbe preferredfor running
overthosewith fewer dependentsThelengthof time a givenjob hasbeenin thework queueshould
alsobe consideredin theinterestof limiting the maximumtime for servicingjobs. By favouring
jobswith a long waiting time for execution,the schedulepreventsstanation of jobs deemedess
importantby othermeasures.

Typically, schedulersconsidera variety of job criteria and map the jobs to a single priority
value;thejob with the highestpriority is thenchoserfor running. Thus,our fundamentathallenge
in designinganef cient schedulefor a metacomputingrvironmentis to de ne a setof equations
thattakesquanti ed measuresf all of theaforementionegbb characteristicéor agivenjob, weighs

eachof themappropriatelyandreturnsa numericvaluerepresentinghatjob's priority.



1.1.4 Mechanismsvs. Policies

It is importantto distinguishbetweenthe notionsof metanismsandpolicies A mechanisnpro-
videstheinfrastructureor meandor carryingoutatask,whereaspolicy outlinesruleson how that
taskis to becarriedout. Thus,policiesformulateheuristicg(i.e., rulesof thumb)to make intelligent
decisionsasto how to bestusemechanism#o accomplisttheirtasks.Considetthetask,requiredby
anoperatingsystemof providing userswith accesgo a le. Theopen() systemcall providedby
Unix systemss a mechanisnfor accomplishinghis task. Any prefetchingandcachingtechniques
usedby a particularversionof Unix for optimizing le accessrea matterof policy. Separation
of the mechanisnfrom the policy is advantageoubecausesystemgprogrammersnay changeone
without affectingthe other For instancejmplementorsof open() mayintegratea new prefetch-
ing policy into this routinewithout modifying its semantidoehaiour or syntacticsignaturepoth of
which areexamplesof mechanism.

Althoughdesigningandimplementinga mechanisnfor executingwork o wswith inter-job de-
pendenciess non-trivial, solutionsthat are both ef cient andscalabledo exist [13]. Suchmecha-
nismsprovide ameangor usersto submitjobs,andhave thosejobsrun on remotehosts.Choosing
thebestjob to assignto afree host,however, is a matterof policy.

A policy for schedulingvork o w jobsin metacomputerde nesamethodfor choosinghemost
appropriatgob to runnext, from agroupof severalcandidatgobs. During theexecutionof ary non-
trivial work o w, thereareoftenmultiple jobsthatcanberun atagivenmomentdueto e xibility in
the patternof dependencieletweerjobs. A greatemumberof candidatgobs offersthe scheduler

more e xibility in assigningobsto hostswhichin turn canleadto betterjob assignments.

1.1.5 Integration of Key Concepts

The individual conceptsdiscussedhbove t togetherin a speci ¢ way within the context of this
thesis. We addressscienti ¢ applicationsperforminglarge-scalecomputationghat entail running
awork ow of jobs, andthat requirehigh-performanceomputingresourcego completewithin a
timeframeacceptableo the researcherastho dependon thosecomputationatesults.Our execution
platform is an overlay metacomputerwhich is a corvenientaggreyation of hostsfrom multiple
administratve domains. Overlay metacomputerare a simple yet effective way of obtainingthe
necessargomputingcapacityfor suchapplications.
Givenametacomputingrnvironmentandawork o w of stand-alongobs,eachwith its owninput
dataneedswe seeka stratgy of assighingobsto hoststhatplacegobswith theirinput datawhen
practicalto do so. We focuson developinga schedulingpolicy thatupholdsdataconsciousnessy

weighingthe costof moving les acrosmetworksagainstotherjob-speci c factors.



1.2 Contributions and Outline

Having introducedthe computingscienceconceptghat are fundamentato this work, and subse-
guentlyexplainedhow theseconceptgelateto eachother, we now highlightthe main contributions

of thiswork, andprovide anoverview of the organizationof this thesis.

1.2.1 Contributions

Therearethreemain contributionsof this thesis:

1. Developmentof a Java Packageto Transform Process-lgel Concurrencyinto Work o w
ConcurrencyWithin Metacomputers
We usethebioinformaticsool ProteomeAnalyst(PA) asaguidingapplication.PA'swork o w
containsseveralopportunitiedor job parallelism but exploitationof this parallelismrequires
integrating the applicationwith the cross-domairschedulingservicetypical of a metacom-
puter We developa new softwaremodulecalledTrellis Driver thatallows Java applications,

suchasPA, to integratewith theexisting Trellis metacomputingystem.

2. Implementation of Job Batching Strategiesto Amortize SchedulingOverheads
The additionalsoftwarelayer betweerthe PA applicationand Trellis metacomputingnfras-
tructureimposesa non-ngligible lateng on the launchingof externaljobs. We describe
our supportfor batchingtogetherjobs of eitherthe sameor a differenttype to amortizejob
schedulingoverheadsEmpiricalresultsobtainedn alocal areanetwork (LAN) settingshow
thatjob batchingprovideslinear speed-ugi.e., a 4 timesspeed-upn 4 processorspf data-

parallelphases.

3. Developmentand Evaluation of a Data-ConsciousSchedulingPolicy that ReducesWork-
o w Turnaround Time
After evaluatingPA's performancen a real setting,we develop a simulatorthat modelsthe
PA work o w andthe underlyingTrellis system.We usethis simulatorto explore the effects
of executingPA'swork o w overawide areanetwork (WAN), which hashigherlatencieghan

aLAN, andincreasinghesizesof thework o w job input les.

Theincreasedlatamovementcostin suchscenariogeadsusto developthe Data-Conscious
(DC) schedulingpolicy thatconsiderghelocationof input datawhenassigningobsto hosts.
Throughour simulator we comparethe performanceof our DC policy againstwo existing,
widely-usedschedulingmechanismsOur resultsshav that DC schedulingproducesotably
shorteiwork o w turnaroundimeswhenthethenetwork communicatiorcostsor the le sizes

arelarge.



1.2.2 Outline

PA is a bioinformaticstool that providesa high-performancelassi cation framework for protein
sequencesilt consistsof a Java driver programthatinvokesotherhelperprogramsto analyzeand
infer functional characteristic®f individual proteins. Prior to this work, PA ranall helperjobson
thesamesener. Testtrials of theoriginal versionof PA indicatethatfor largeinputstherearephases
thattakeroughly vehoursto complete.Usingthenewly-developedTrellis Driver Java packagewe
integratePA with the Trellis metacomputingystem-therebyallowing PA to distributeits work ow
of jobsacrossaggreationsof senerscomprisinganoverlay metacomputelEmpiricalresultsshov
thatlinearspeed-upsanbeachiesedfor data-parallephases.

OncePA is integratedwith metacomputingwe next optimize the executionof PA's work ow
by improving the schedulemwithin the Trellis system. We de ne the DC schedulingpolicy that
placesjobs on hostswheretheir input dataresideswhendeemedpractical,so thatthe cumulative
datamovementis reduced. We develop a simulatorthat modelsthe executionof PA's work ow
over a Trellis metacomputerSimulationresultsindicatethat DC schedulingplacesthe maximum
possiblepercentagef jobswith theirinputdata,andreducesnakesparii.e., turnaroundime) by up
to 53%against-irst ComeFirst Sened (FCFS)in aWAN settingwhenthe le sizesaresufciently

increased.



Chapter 2

Moti vation

Chapterl explainedthe fundamentaproblemin high-performancescienti c computingthat our
researctaddressegndhighlightedthekey conceptof work o ws, metacomputinggataconscious-
nessandschedulingpolicies.In this chapteywe provide the motivationfor our choiceof aguiding
scienti ¢ application,the developmentof a software modulethat enableghe simpleintegrationof
our applicationwith Trellis metacomputerand, nally, the consideratiorof input datalocation
whenmappingjobsto processors.

Initially, we describeour motivating applicationandits work o w, andexplain why we believe
this applicationcanbene t from beingrun acrossan overlay metacomputerNext, we addresghe
shortcomingsn the currentmechanisnour applicationusesfor runningexternaljobs, andexplain
the needfor a replacemenmodulethat allows jobs to be handedoff to a metacomputingystem
— therebyimplicitly schedulingthe jobs acrossmary remotehosts. Finally, we provide a detailed
illustrative exampleof a simplework o w thatcanbene t noticeablyfrom a schedulingpolicy that
placegobswith theirinputdata.

In Chapter3, we review existing solutionsfor parallelizingwork o ws, integrating resources
from multiple computingsites,running externaljobs throughlanguagemechanismsand consid-
ering datalocationin job scheduling. In Chapter4, we provide an architecturaloverview of all
componentsnvolvedin theintegrationof our choserapplicationwith metacomputingWe describe
how communications carriedout betweerthe scienti ¢ applicationthemetacomputingntegration

module,andthe metacomputingystemitself.

2.1 Example Application: ProteomeAnalyst

We choseto usean existing scienti ¢ applicationwith an establishedisercommunityasa guide
in developing our metacomputingntegration software, and our Data-Consciou¢DC) scheduling
policy. This way, we can be assuredhat the resulting productsworks in real-world situations.
We alsohave the privilege of contributing to anotherdisciplinein scienceby providing improved

computationasupport.
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Figure2.1: JobPipelinesfor TrainingandPrediction

Among the mary biological problemsthat requireyearsof computingpower to solve is that
of annotatingarge setsof proteinsequencesCurrently thereare morethan1,200genomesana-
lyzed and storedin public databasefd]; someof thesegenomesave up to tensof thousandof
sequencesThe sheewnolumeof this biological datanecessitatethe developmentof tools thatcan
extractmeaningfuldatatrendsandtherebycorvey usefulbiologicalknowledgeto researchers.

ProteomeAnalyst(PA) is a bioinformaticsapplicationthatprovidesdetailedannotation®f pro-
teomegqsetsof proteinsequenceqR9]. Annotationsofferedincludegeneralfunction, which indi-
catesthe primaryrole the proteinplaysin the cell; andsubcelluladocalization,which indicatesthe
locationwithin the cell wherethe proteinperformsits primaryrole.

PA useghemachindearningtechniqueof classi cationto make predictionsor annotation®f a
new protein[20]. Classi cationanswerghequestion:Givenadatasampleanda nite setof distinct
catgyories,of which of thesecateyoriesis the datasamplea member?Oneusefor predictingthe
propertieof aproteinisin suggestinghekindsof physicalexperimentghatwouldbemostvaluable
for empiricallycon rming the predictionsmadeaboutthatprotein.

Althoughthe above summaryprovidesanaccuratesnapshobf PA, the PA applicationhasmary
morecapabilities.PA cancreatea customclassi er to predicta new property from a setof labeled
proteins.PA's graphicalexpositionof annotatiorresultsoffersa “what-if” analysisin which users
may seethe effectsof alteringanindividual featureon a protein's predictedproperties.

For our purposeswe focuson two distinctaspect®f PA, bothof which have similarwork o ws

that are computationally-intensie. Figure 2.1 shavs the work o ws for thesetwo commonuse
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caseskFirst, PA canmachine-learrma classi er aspartof atraining procesqleft sideof Figure2.1).

PA acceptsatrainingset,whichis asetof proteinswhoseclasdabelshave beenassignedy domain
expertsthroughexperimentabnalysisandfrom thistrainingsetautomaticallybuilds aNaive-Bayes
classi er in alearn-by-eamplefashion[20]. SecondPA canusean existing classi er to predict
annotation®f new (i.e., previously unseen)proteins(right sideof Figure2.1). PA acceptsa query
sequenceperformsalexical analysison this sequenceandthenassignst to afunctionalcategory.

NotethatwhendescribingPA's inputs,we usethe terms“protein” and“sequence’interchangeably

Both the training and prediction processegroducework o ws that are three-stagepipelines.
Conceptuallya proteinis eitherpartof atrainingsetor it is aquerysequencghatis beinganalyzed
for prediction.Eachproteinin theinput proteomeproduceneinstanceof the pipeline.

Duringthetrainingprocesstheinitial inputto a pipelineis a proteinfrom thetrainingset,which
hasanassignedtlasslabel. In Stagel, a text versionof the protein,which is a string representa-
tion of its primary structure,is comparedagainstthe Swiss-Protiological databas®f sequences,
usingthe Basic Local Alignment SearchTool (BLAST) toolset[4]. Swiss-Protis a high-quality,
curateddatabasef known proteinsandtheir variouspropertieg[5]. The outputfrom this string-
matchingstepis a setof homologuespr proteinswith a similar primary structure.In Stage?, the
known informationaboutthe homologuess parsedo extractfeatureqdescriptve keywords)from
the Swiss-Protdatabase After the Parsingjob is complete,we possess keyword summaryof a
particularprotein. In Stage3 of training, a mappingfunction from the featuresto a classlabel is
machine-learnedndusedin the constructiorof anew classi er.

During the predictionprocessthe initial inputis an unknown protein, which we call a query
sequencewhoseclasswe wish to determine. The rst two stagesof the predictionpipeline are
identical to thosein the training pipeline: A string representatiorof the sequencas fed to the
BLAST utility, which produceshhomologuesThesehomologuesrethengivento theparsingutility,
which producedeatures.Stage3 is a predictionstepin which the extractedfeaturespr keywords,
of thequerysequencaregivento anexisting classi er for analysis.Theclassi er produces class
label,therebyassigninghatsequencéo anontological(i.e., metaphysicaltategory.

In either use case,the jobs from all three pipeline stagesare “small” in the sensethat they
have a shortrunningtime, typically on the orderof secondsandwork with relatively smallinput
and output data, typically of size tensof kilobytes or less. A single pipeline thereforerequires
few computingcyclesand minimal datastoragespace.However, someproteomesave thousands
or tensof thousandof sequencesThe humangenome for example,consistsof approximately
23,000sequencef31], Thisresultsin roughly 23,000pipelineinstancedeingexecuted.Thus,the
collectve computationahnddatastoragerequirementgor large analysecanbe quite high.

To assesandillustratethe needfor work o w concurreng in suchcasesye measureduntimes
of variousapplicationphasesn atestprogramusingthe original PA. In this experimentwe trained

andvalidateda new classi er usingamoderately-sizettainingsetbasedn acollectionof proteins
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TestProgram Phase| Work o w Stage | Runtime (H:MM:SS)
BLAST Stagel 4:51:26
FeatureExtraction Stage2 0:08:33
MachineLearning Stage3 (left side) 0:05:43
Resubstitution Stage3 (right side) 0:18:34
Total 5:24:16

Table2.1: PhaseTimesfor Training andValidationof a New Classi er Basedon GramNegative
Bacteria,Using Original PA

from several gram negative bacteriathat consistsof 3,916 protein sequencesind 1,531 features
(keywords).PA wasrunonasingleLinux boxwith two AMD Athlon MP 1800+processorsl.5GB
mainmemory andRedHatLinux 7.1.

Table 2.1 shows the correspondencbetweeneachof the four phasef our testprogramand
the previously illustratedwork o w pipelines,aswell asthe runtimesfrom thesephases.Note the
long BLAST runtimeof nearly5 hours. Recallour earlierexampleof the humangenomewith its
23,000proteinswhich is roughly six timesthe sizeof the sampleproteomeusedhere.In thatcase,
the BLAST phasewould requireroughly 30 hours.

Theoriginal PA useslava's Runtime.exec() facility to invoketheexternalBLAST program
(Stagel in thepipeline).Unfortunatelyall thesgobsarerunlocally (i.e.,onthe samesenerasthe
main PA process).Thus,the applications performancas limited to thatof thelocal sener, which
mustexecuteevery job in every pipeline. The BLAST phases$ long runtime, shovn in Table 2.1,
empiricallycon rms thedisadantageof runningall thesgobsontothelocal sener.

Sincethe rst two stagesin eachpipeline performan independentinalysison one particular
protein, we can executean arbitrary numberof BLAST and Parsingjobs concurrently without
sacri cing applicationcoherenceFor this reason Stagesl and2 areembarrassinglyarallel. Dis-
tributing BLAST jobs from distinct pipelinesover the constituenthostsof a metacomputecan
signi cantly increasePA's throughput(i.e., work units completedn a x edtime intenal) for large
or evenmoderately-sizegroteomesincludingthatusedin thetestprogramabove. Enablinga Jasa
applicationfor metacomputingnowever, requiresareplacementor Runtime.exec() thatpasses
ajob to ametacomputescheduleinsteadof runningthatjob locally. We describehenew software
modulewe developedto achieve this goalin Section2.2.

With the improvementin applicationthroughputthat a metacomputinglatform offers comes
thechallengeof avoiding excessve datamovementbetweeradministratve domains.As mentioned
earlier unduedatamovementimposesa performanceenaltyon PA. To effectively parallelizePA,
theassignmenof jobsto hostsmust t well with the patternof data o w betweerjobs.

WhenexecutingPA'swork o w, we shouldstrive to assigrjobsfrom Staged and2 of acommon
pipelineto the samemachine. The homologuele outputtedby a BLAST job (Stagel) mustbe

presenbnthemachineonwhichthesubsequerfarsingjob (Stage?) runs.Moving afew such les
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betweenhostshasminimal impacton the work o w's executiontime. Moving the homologue le

of every proteinin a proteomeaslarge asthe humangenomehowever, produces high volumeof
total datamovement.In somecasest may beworthwhile to delayexecutionof a Parsingjob until
the machinethatranthe correspondindBLAST job becomesvailable. The value of delayingthe

executionof ajob in theinterestof placingthatjob nearits datais furtherdiscussedh Section2.3.1.

2.2 SystemSupport: Trellis Driver

Metacomputersffer a suitableparallel executionplatform for resource-intense scienti ¢ appli-
cations. While thereare mary existing metacomputingsolutions,thereis an ongoingneedfor a
mechanisnhat providestheintegrationof applicationswith a metacomputescheduler

PA andotherscienti ¢ applicationsconsistof a mainjob thatinvokes,or drives,otherjobs. At
variouspointsin execution,themainjob invokesexternalprogramso run specializedhelper” jobs
thatperformaspeci c partof the computationIf therearemary of thesehelperjobs,or if they are
resource-intense, it canbedesirableto run severalof themconcurrentlyacrosamultiple senersto
maximizethroughput.

PA, whichis written in Jasa, usesthe Java 2 Platformapplicationprogrammingnterface(API)
functionRuntime.exec() [28] to launchthe BLAST jobs. As illustratedin Figure2.1,BLAST
constitutesStagel of all pipelines. In the original versionof PA, all BLAST jobsarerun locally,
which meansthat on a single-processomachine,thesejobs must contendwith the main driver
programfor the sameprocessarOn a multi-processomachinejt would be possibleto run several
helperjobs simultaneouslon separaterocessordyut this only achievesjob parallelismwithin the
localhost.In the caseof thehumangenomaewith its 23,0000dd proteins restrictingall 23,0000f the
requiredBLAST jobsto a singlesener would seriouslylimit the attainablethroughputandhence
increaseaheturnaroundime for theanalysisof this proteome.

A morepracticalsolutionis to modify thejob dispatchingunctionalitywithin adriver-basedap-
plicationto usetheresourcesf ametacomputetUsersgetthebene t of executingseveralwork ow
jobssimultaneouslywithout having to manuallyplaceindividual jobs on remotemachines.

Giventheexisting PA application,whichis alreadydriver-basedandthe existing Trellis meta-
computingsystem[23, 22], we developa new softwaremodulecalledTrellis Driver thatintegrates
thesetwo components.As muchaspossible,Trellis Driver beharesasa drop-in replacemenfor
Runtime.exec() . Trellis Driver providesa methodTrellisDriver.exec() , for instance,
that takesa commandstring to be run as a separaterocess. However, ratherthan passingthat
commandstring to the local operatingsystemfor execution, TrellisDriver.exec() sends
the commandstringto the Trellis schedulingservicefor executionin anunderlyingmetacomputer
Basingthe commandnterfaceandthe functionality of Trellis Driver onthatof the Runtime class
simpli es modifying PA (andotherJavaapplications}o useTrellis Driver. Wefurtherdiscussirellis

Driverin Chapterd.
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2.3 Optimization of Work o w Execution: Data-Conscious
SchedulingPolicy

IntegratingPA with the Trellis metacomputingystemenableghe parallelexecutionof PA's work-

o w. Suchameasureeduceghetime neededor processingroteomespossiblyby awide margin.

Thereis, however, a contrastbetweenenablingmore brute force computingpower and using the

existing power morewisely. Performancecanalso be improved by a metacomputingscheduling
policy thatconsiderghe locationof theinput les of jobs. For reasonsarguedabove, we wish to

avoid shippingtoo mary les betweerthe hoststhatcomprisea users overlaymetacomputer

Although individual homologueles arerelatively small, and consequentlyimposelittle data
movementoverheadyecall that every input proteinproducesoneinstanceof the analysispipeline.
PA'swork o w, then,becomegjuite data-intensie for largeinput proteomes.

In this section,we rst explain the trade-of betweerdataaf nity andthroughputandprovide
an intuitive agumentof how a schedulingpolicy canachieve both theseobjectivesin a manner
thatmaximizesapplicationperformanceNext, we quantify our previousargumentby providing an
illustrative exampleof the executionof a smallwork o w, in which data le sizesandjob runtimes
aretakenfrom PA. We shav thatexploiting datalocality improvesperformancenoticeably evenin

this simplecase.

2.3.1 Data Locality vs. Throughput

Schedulingpoliciesusedin arny metacomputingervironmentmustaddresghe centralgoal in ca-
pacitycomputing thatof maximizingthroughputWhenschedulingscienti ¢ work o ws,theplace-
mentof jobs neartheir typically large input databecomesmportant. Blindly assigningary job to
ary available host may producea substantiakmountof datamovement,which can signi cantly
slow the overall computation Onestratayy for achieving datalocality is to withhold jobsfrom exe-
cutionwhentheir datais notlocally accessiblewhich hasthe undesirableffect of loweringcentral
processinginit (CPU)utilization.

Sometimesit maybe desirablenotto assigna job to any presentlyavailablehost,but wait until
anotherhost,on which a copy of thatjob's input dataresideshbecomedree. The delayin starting
thejob's executionmay be compensatefbr by the servicetime reductiondueto the avoidanceof
having to transfera large amountof dataacrossthe network. A job's servicetime is de ned as
thetime to fetchary andall input les from a remotehost,if necessaryplus the time to execute
thatjob. Waiting too long for a desiredhostto becomefree may delaythe time of anindividual
job's start(andcompletion)to the pointwheredatalocality producesio netsavingsin servicetime.
Additionally, a schedules frequentrefusalto dispatchjobsto hostsbecausehey do not have the
desireddatamayresultin reducedob parallelism.

Thereis then,atrade-of in preservinglatalocality andmaintaininghighthroughput.Figure2.2

provides a conceptualgraph of this compromise. This graph shaws the throughputfor varying

14



Conceptual View of Throughput Variation
with Altering Data Locality Levels

Throughput /
CPU Utilization
Makespan — 1st App.
=== 2nd App.
Higher is
better.

0% 100%
Data Locality

Figure2.2: Conceptuallrade-of BetweenDatal ocality and Throughput

datalocality levelsfor two differentapplications.The curvesdrawn in Figure2.2 sene merelyas
illustrative examplesanddo notrepresenary actualor expecteduniversalwork o w behaiour.
Recallthat throughputrefersto work units completedin a x edtime interval, and that work
referssolely to computationand not communication.Thus,if a job is idle for a x ed amountof
time becausét is waiting for a copy operationto nish importingits requiredinput les, thejob's
throughpuis zerofor thattime interval.
Data locality refersto the proportionof jobs that are placedwith their data. This metric is
a propertyof the scheduless policy settings,and cannotbe directly set. By varying the emphasis
placedoninputdatalocationin theschedulesjob placementlecisionsyve canalterthelevel of data
locality realizedwhen executingwork o ws, and obsene the correspondingeffectson application
throughput.In the graphshovn above, a datalocality level of 0% meansno jobs areplacedon a
hostwheretheir dataresides A datalocality level of 100%meansevery job is placedon a hostthat
hasacopy of its inputdata.In practice boththeseextremecasesnight neveroccur
FromFigure2.2, we seethatwhenthe schedulingoolicy providesno datalocality (i.e.,the 0%
case) throughputis not thathigh for eitherapplication.Every job mustcopy its input les from a
remotehostbeforeit canrun, thereforea considerablgortionof every job's servicetime is spentin
communicatiorasopposedo computation.The datamovementoverheadseriouslylimits through-
put. As datalocality is increasedy the schedulingpolicy, throughputat rst improves,reachesa
maximum,andthensteadilydeclineswith bothapplications.A higherdegreeof datalocality im-
pliesthatatary giventime, a greatemproportionof jobsareactively working ontheir computations,
andnotwaiting for theirinput datato beretrievedfrom aremotehost.Hence throughputs higher
However, therecomesa peakin performanceThis occurswhenthe penaltyto job servicetime,

causedy schedulesrefusalto assignobsto availablehostswho do not have the appropriatedata,
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Figure2.3: Multiple Instance®f ProteomeAnalyst's PipelineWork o w

Pipeline Event | Protein1 | Protein2 | Protein3
BLAST 3.8 3.3 3.0

DataTransfer 1.1 1.1 1.0
Parsing 0.5 0.6 0.7

Table2.2: RuntimesandDataTransferTimesfor All Pipelines.
All timesshown in seconds.

beginsto outweighthe sarzings from avoiding datamovementby handingout a job later Notethe
differencesetweerthe two applicationdn termsof the exactdatalocality valuethatdeliverspeak
performanceThe secondapplicationis likely moredata-intensie thanthe rst, andthus,requires
ahigherlevel of datalocality to achieve maximumthroughput.

Whenthe schedulepursueghe goal of datalocality too aggressiely, it is morelikely to avoid
assigninga job to an availablehost,choosinginsteadto wait for the hostwith the requireddatato
becomefree. With mary hostsfrequentlyidle, fewer work o w jobs are running simultaneously
In the extremecaseof datalocality being enforcedin every job assignmenti.e., the 100%case),

throughputs quitelow for bothapplications.

2.3.2 SchedulingExample

After explaining the trade-of betweendatalocality and throughput,we now provide a detailed
schedulingexamplebasedon the behaiour of PA whenrun on a real metacomputethat spansa
wide areanetwork (WAN). Our exampledemonstratethe performancegainsthat exploitation of

datalocality offers.
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In our exampleusecase threeproteinswhosepipelinesare shavn in Figure 2.3 aregiven as
input aspartof a predictionprocess.As explainedearlier it is desirableto run Stagesl and?2 of
a commonpipelineon the samemachineto avoid transferringthe homologuele, whichis passed
betweenthesetwo pipeline stagesbetweenmetacomputehosts. In this scenario thereare two
hostsin our users metacomputethat are connectedszia a WAN; we referto theseashostsA and
B, respectiely. We assumehatthetwo hostshave identicalhardwareandthereforethe runtimesof
ary job arepreciselythe sameon both hosts. We alsoassumehatthetext les for all threeinput
proteins,which containthe string representatiomf the sequencetructure are available on either
host. Thus,the input to the BLAST job, which is the initial input to a pipeline,is always stored
locally.

Table 2.2 shaws the non-ngjligible datatransfertimes betweenthe hosts,for the homologue

les thatareproducedby Stagel andconsumedy Stage2, aswell astheruntimesof the BLAST
and Parsingjobs. Valuesare given for all three pipeline instancesdrom the work o w showvn in
Figure2.3,andareall shavn in secondsWe seethatcommunicatiortime is signi cant compared
to computatiortime: Thedatatransfertimeis roughly 1 secondandthe combinedorocessingimes
for BLAST andParsingjobsareroughly4 seconds.

Typically, the PA userdoesnothave exclusive accesso thehostscomprisingtheir overlaymeta-
computer Giventhe sharednatureof metacomputingesourcesye simulateanotherusers jobs,
which run on bothmachineautilized by our PA user throughoutour samplework o w's execution.
For simplicity, we assumehatall the otherusers jobstake exactly 1 secondo complete.We also
assumehatthebatchscheduleon both hostsconstantlyalternatedbetweerexecutingajob belong-
ing to our PA user and executinga job from the otheruser Whenno jobs from our PA userare
availableto run, thelocal schedulersimply run oneof theotherusers jobs.

In our example,andin thereal PA, the PA driver processcreatesipelinesof jobsin a serial
manner Thatis, PA jobs areissuedto the metacomputeschedulerin the following order: the
BLAST job from the rst pipeline(BLAST 1), the Parsingjob from the rst pipeline (Parsing1),
the BLAST job from the secondpipeline (BLAST 2), andsoon. In addition,a job's submission
includesinter-job dependenginformation— sothe scheduleknows, for example,thatit mustwait
for aBLAST job to completebeforeit canrunthecorrespondindParsingjob.

Figure 2.4 (a) shavs the job mappingsfor our samplework o w resultingfrom a First Come
First Sened (FCFS)metaschedulingolicy thatdoesnot considerthelocationof ajob'sinput data.
Figure2.4 (b) shavs thejob mappingsresultingfrom a data-conscioumetaschedulingolicy that
placegobswith theirinput data.

Note that the initial job mappingsproducedby both policies areidentical. The two policies
behae differentlywhenchoosingajob to runon hostB after4.3secondswhichis markedasDeci-
sionA in Figure2.4. TheFCFSschedulingoolicy choose#arsingl over Parsing? sincetheformer

comesearlierin the job ordering. Parsing2 is chosento run on hostA somevhatlater Both job
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assignmententailfetchingthehomologuele of therelevantproteinfrom the othermetacomputer
host,onwhichthecorrespondin@LAST job ran. A noticeableamountof time (1.1secondsn both
cases)s requiredto transferthedata les beforethe Parsingjobscanrun.

Thedata-consciouschedulingpolicy choosedParsing2 to run on hostB at DecisionA, instead
of Parsingl, sincetheformerjob's input datais alreadyon this host,having beengeneratedby the
BLAST 2 job. Parsing1l is thenchosento run on hostA, sinceBLAST 1 ranon this host. Since
no datamovementis requiredby eitherjob assignmentthese rst two parsingjobs completel.2
second=®arlierthanin the FCFSscenario.

Thetwo policiesnext differ whenschedulinghe lastwork o w job, Parsing3, which is marked
asDecisionB in Figure2.4. In the FCFSscenariothe Parsing3 job is run on hostA assoonasthis
machinebecomesvailableafter BLAST 3 hascompleted.This entailstransferringhe homologue

le of protein3 from hostB. In the data-consciouscenariothe scheduledecidesjnstead to wait

for hostB to becomeavailable. The delayin startingthis nal work ow job is morethan made
up for by the time savings from the subsequen&voidanceof datamovement. Sucha scheduling
decisionrequiresa stratgy for knowing whenspeci ¢ metacomputehostswill becomefree. We

discusour choserstratgy in Chapters.

Themakespanor turnaroundime, for theentirework o w is 12.2secondsn the FCFSscenario
and 10.6 secondsin the data-consciouscenario. Sincetherewere three proteinsanalyzed,the
throughpuis 3/12.2 0.25proteinspersecondor theFCFScaseand3/10.6 0.28proteinsper
secondor the data-consciousase.Theimprovementin performancéecomesvidentwith larger
proteomeskFor instancegivena proteomewith 1,000sequenceshe FCFSschedulewill complete
the analysisin 1,000/ 0.25= 4,000secondq1:06:40)whereaghe data-consciouschedulemill
requireonly 1,000/ 0.28= 3,572secondg0:59:32).

To make the schedulingdecisionsnecessaryfor maximizing utilization and throughput,the
schedulemust successfullyweigh the bene ts of exploiting dataaf nity againstthe costof de-
laying a job's execution. The schedulerthen, requiresaccurateestimateson the times at which
variousmetacomputehostswill becomefree,the job's expectedruntime, the sizeandlocationof
all thejob'sinput les, andthe datatransfemrate. We explain our sourcedor obtainingestimateof

theseparameterin Chapter6.
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Chapter 3

RelatedWork

Thepreviouschapteprovidedthe motivationfor usingmetacomputingsanexecutionplatformfor
scienti ¢ applicationsdevelopinga software packagethatallows Java programsto distribute jobs
acrossmetacomputersand developinga schedulingpolicy that enforcesdatalocality. To date,a
considerableamountof researchhasbeendonein metacomputingjob launchingmechanismsand
schedulingpolicies.

In this chapterwe review existing solutionsto the aforementionegroblems.We thenexplain
why the discussedolutionsdo not adequatelygsolve our overall problemof minimizing turnaround
timesfor scienti ¢ work o wsthatareexecutedover metacomputers.

First, we discussexisting strat@iesto parallelizethe BLAST programwithin bioinformatics
work ows, and justify our methodof parallelism. Second,we outline two existing systemsfor
distributing jobs over senersat distinct computingsites,and explain why we useTrellis, instead,
to executeProteomeAnalyst (PA)'s work o ws. Third, we review existing programminganguage
mechanismsor launchingexternaljobsfrom within anapplication.We explain how noneof these
legagy mechanismgrovide implicit job schedulingacrosamultiple hosts.Finally, we discussprevi-
ouswork in dataconsciousness inter-hostjob scheduling.

This chaptersenesto justify the technologychoiceswe make in our work. The remaining
chaptersdescribejn detail, the softwaretools andthe schedulingpolicy we developto ef ciently

executePA'swork o ws over metacomputers.

3.1 Parallelization of BLAST in Bioinformatics Work o ws

Improving the performanceof applicationssuchasBLAST, which are commonin bioinformatics
work o ws, is a topic of considerablénterestto systemresearchergarticularlyasthe size of bio-

logical databaseBicreasesThe BLAST phases the performancéottleneckof PA, asindicatedin

Chapter2. We now discussprevious solutionsto parallelizingBLAST, andjustify our decisionof

runninga sequentiafi.e., non-paralleliversionof BLAST.

Braunet al. [6] discussthreeapproacheso parallelizingBLAST, eachat a differentlevel of
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granularity The rst two ne-grainedapproacheto parallelisminvolve partitioningthe biological
databaseanddistributing the databassubset®ver a clusterof workstations.Thesestratgiesseek
to reducethe time for a singlesimilarity search.The third coarse-grainedpproactinvolvesrepli-
catingthedatabasen severalworkstationsor hosts,andpartitioningthe setof input queriesamong
thehosts.This stratgy seekgo improve thethroughputof multiple sequencsimilarity searches.

Usersof PA areprimarily concernedvith the throughputof mary (i.e., possiblythousandspf
sequencegndnottheresponsédime for anindividual sequenceWe thereforepreferthereplication
approaclover the partitioningapproach.Although this methodof parallelismrequiresstoringthe
entiredatabasateachhost,the Swiss-Prof5] databas¢hatPA usess amere64 MB in size,which
entailsnggligible storagerequirement$or modernworkstations.

Meyer et al. [19] explore the performancegainsof alternatedatadistribution stratgjieson a
three-phasegrotein modellingwork ow. The work ow is a pipeline of jobs consistingof two
initial phases-BLAST andasequencdtering step—followedby anoptionalthird phasejn which
eitherof two programs- Modeleror Threader might be run. The selectionof which programto
run,if ary, in thethird phasés basedn theresultsof the secondphase.

The authorsreporton experimentsin which the work ow is parallelizedat a coarselevel by
runningmultiple pipelineson separaténostsconcurrently The input datasetis evenly partitioned,
andtheresultingquerysubsetaredistributedby a mastemodeto the BLAST jobsonworkernodes
(i.e., executionhosts)at the startof execution. Unfortunately reductionsin turnaroundtiime level
off signi cantly whenmorethanfour hostsareused. This limit on performancemprovementwas
attributedto loadimbalance The Threadeprogram(the third phasehasby farthelongestruntime,
but is only run for 3 out of 66 input sequencesOften, onehostendsup executingtwo, or evenall
three,of the Threadeprograms.

The above resultsdemonstratéhat statically distributing all the BLAST jobs (and pipelines)
to the hostscanleadto a loadimbalancewhenthe runtimesof differentpipelinesvary drastically
asis the casein PA. We believe that a dynamicschedulingstratay, in which jobs are assigned
to hostsbasedon availability, hasgreaterpotentialto improve the performanceof suchpipelined
bioinformaticswork o ws.

Wangetal. [33] proposethe BLAST++ tool thatexploits commonsubstructureéwords)within
multiple input sequenceso provide ef cient processingof batchedqueries. BLAST++ follows
the samebasicalgorithmfor nding similar sequenceasstandard(i.e., non-batchedyersionsof
BLAST. In standardBLAST, however, batcheof queriesareprocessedimply by runningBLAST
on querysequencesneatatime. BLAST++ processea batchof queriesin oneexecutionrun by
formulatinga singlevirtual queryfrom theconcatenatiowof all inputqueriesandthensearchinghe
databaséor sequencesimilar to thevirtual query For  querysequenceshen,BLAST++ scans
theentiredatabasenly oncefor similarwordsasopposedo times,asdoesthestandardBLAST.

Empirical resultsdemonstratéhat BLAST++ reduceghe time for processingjuery setsdeci-
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sively — by at least50% — againstthe benchmarknon-batche®LAST. The performancegainsof
BLAST++ areparticularlyevidentin trials usingthehumangenomedatasetdemonstratinghatthe
batchingapproactscaleswell to large datasetsBatchingthe executionof multiple jobscanbene t
PA by reducingthe communicatiorbetweerhosts andby amortizingschedulingoverheads.

Anotherversionof BLAST, MEGABLAST [35], also optimizesthe processingf queriesin
batchesHowever, Ma etal. [17] investigateMEGABLAST and nd thatthe algorithmtradessen-
sitivity, whichis the percentagef actualsequencsimilaritiesfound,for ef ciency (i.e., processing
time). Thus,while MEGABLAST runsfaster it may missout on answersound by the original
BLAST.

We chooseto usethe non-batchedLAST [4] from the National Centerfor Biotechnologyin-
formation (NCBI) becauset is usedby domainexperts(i.e., biologists). Furthermore PA views
BLAST as a black box, meaningthat PA is not dependenbn the particularimplementationof
BLAST. Thus,our currentBLAST utility couldbe substitutedvith BLAST++, if desired.To obtain
high throughputwe parallelizeBLAST by distributing the individual jobs over an aggreation of
seners,suchasagrid or ametacomputeMetacomputersffer performancescalability sincemore

hostscanbe addedasneededo augmenthe availablecomputingpower.

3.2 Resourcelntegration: The Virtual Supercomputer

A commonstratey for boostingcomputingcapacityis to aggregateresourcegrom multiple sites
andmake themappearasa singleresourceWork o w-basedapplicationssuchasPA canthenhand
off jobsto anunderlyingjob schedulingservicefor automaticplacementindexecution,insteadof
manuallyplacingjobson speci ¢ hosts which is cumbersoméor largework o ws.

In the following subsectionswe rst review two existing systemshat provide job scheduling
acrossaadministratve domainsandthenbrie y explainwhy we adopttheTrellis systemasaparallel

processinglatformfor PA.

3.2.1 Globus

The GlobusAlliance [11] is awell-known effort to developthe fundamentatechnologiegor build-
ing computationagridsin which computingpower is tradedasa resourcemuchlik e electricityin a
powergrid. TheGlobustoolkit providessoftwarefor building grid systemsandapplications Globus
offersthe essentiakervicef resourcaliscorery andmanagemengndcross-domairsecurity

As discussedy LambandLu [16], Glohusis feature-richand powerful in conceptbut hasa
numberof shortcomings1) Administratorsfrom all participatingsitesmustnegotiateservice-leel
andsecurityagreements?) The Globus middlewareis non-trivial to setup; and3) The middlewvare
mustbeinstalledandmanagedy administratorsvith privileges.We thereforeseeka muchsimpler

solutionfor resourcentegration.
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3.2.2 Condor

Condor[30] is a distributedjob batchingsystemdesignedor runningcompute-intensie jobs over
collectionsof seners. Although originally developedfor harnessingentralprocessinginit (CPU)
cycles of idle workstations,Condorsupportsa variety of distributed systems,ncluding clusters
and multiprocessorsCondors “ ocking” technology[10] allows it to work acrossadministratve
domainsgcreatinga grid-like computingervironment.

Unfortunately Condorsuffers from a signi cant dravback: All workstationsthat areto be a
part of the Condorpool must have the Condorsoftware installedby systemadministrators.We
preferto aggreyateresourceshroughoverlaymetacomputingywhich doesnotrequireadministrator

privilegesto setup.

3.2.3 Trellis

The Trellis metacomputingystem[22] is a simpleway to integrateresourcegrom multiple high-
performanceomputingcentreg HPCCs)to boostcomputationatapacity Unlike thetwo systems
describedabore, Trellis doesnot requireall participatingpartiesto adhereto a speci ¢ setof stan-
dards,or adoptnew infrastructure and doesnot requireadministratoiprivilegesto setup anduse.
Basedon the concepof overlaymetacomputersyhich wasexplainedin Sectionl.1.2,Trellis does
not replaceexisting local schedulersput builds on top of themwith a centralizedscheduletthat
handsoff jobsto speci ¢ hosts basedn availability. No new hardwareor softwareneedbeadopted
by local administratorsexceptfor the SecureShell (SSH) software suite,which is usedfor secure
inter-domaincommunicatiorf21]. SSHis open-sourcsoftwarethatis easyto deploy anduse,and

is alreadyin useworldwide.

3.3 LanguageSupport for Running External Jobs

After having justi ed our choiceof Trellis asa solutionfor integratingdisparateHPCCresources,
we now seeka meansof invoking Trellis to run externaljobs from within anapplication.Trellis is
potentiallyeasyto usefrom a programmingstandpoinbecausét offersa singlepoint of controlfor
administeringobsover collectionsof hostsfrom multiple sites.

As indicatedearlier driver-basedapplicationsneeda way of ef ciently calling out to external
programsfrom within the masteror driver processWe now review existing programmindanguage
mechanism$or runningexternaljobs,andexplain our choiceof Trellis Driver for carryingout this

task.

3.3.1 SubprocesCreation: Running JobsLocally

Nearly all modernscripting and programminglanguagesrovide one or several applicationpro-

gramminginterface (API) functionsthat allow one processto start anotherprocesson the same
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machine.ANSI C [15] andscriptinglanguagesvith a similar syntax,suchasPython[32], provide
the commandf system() andpopen() for creatingchild processespr subprocessesThe
system() functiontakesacommandstring,passedn asanargumentandexecutegshatcommand
stringin aseparat@rocesssystem() blocksuntil theunderlyingsubprocessompletesatwhich
time its exit statusis returnedto the caller Thus,system() runssubprocesses a synchronous
fashion.

In work o w-basedexecution,however, we oftenwish to run subprocessessynchronouslyFor
instance to achieve maximumconcurreng within the BLAST phaseof PA, the driver shouldbe
ableto startall the BLAST jobs and then await their completionbefore proceedingto the next
phase.A PA driver procesaisingsystem() to launchawork ow job would be stalleduntil that
onejob completesThis serializeghe executionof work o w jobs, eliminatingthe possibility of job
concurreng. Thus,system() is notusefulin theasynchronousxecutionof jobs.

ANSI C providesthe popen() function asa non-blockingway of launchinga new process.
popen() runsagivencommandstringin aseparat@rocesandcreates pipefor communication
betweertheparentandchild processWhile anopeninter-processommunicatiorchannels some-
timesdesirableijt is notnecessarfor work o w-basedpplications Often,a drivermerelystartsthe
work o w jobs,andcheckdor theircompletionatalatertime. Moreover, popen() istoolow-level
a mechanisnfor our work. Using this functionto run PA jobs over multiple hostswould require
specifyingthe hostthatis to run eachjob. Manualplacemenbf jobsis oneroudor largework o ws.

In commonversionsof Unix andLinux, the system() andpopen() functionsareimple-
mentedusingthe lowerlevel functionsof fork() , exec() , andwait() . TheUnix andLinux
APIs provide accesso thesethreefunctionsasa meanf manuallystartingsubprocessg27]. The
fork() commandcreatesachild procesghatis anexactcloneof the parentprocessTypically, a
callto fork() isfollowedby acall to exec() in thechild processwhich startsrunninga new
commandn thatchild's executabldmage. The parentmay await completionof the child with the
functionwait() , whichreturnsthe subprocessixit status.

A driver processcan run external jobs asynchronoushpy startingjobs, as desired,through
fork() andexec() invocationsandthenlaterawaitingthecompletionof jobsthroughwait()
calls. However, startingsubprocessewsith fork() andexec() requiresalatercall to wait()
for everyissuedvork o w job, whichisincorvenientfrom aprogrammingperspeciie. A moreprac-
tical alternatve would beto useajob barrierfunctionthatblocksuntil every outstandingsubprocess
hascompletedThisway, driverscouldsynchronizeavith thecompletionof anentirework o w phase
with onefunctioncall.

As mentioneckarlier the PA applicationis writtenin Javaanduseshe Jara API functionRun-
time.exec() to startexternaljobs, suchasthe BLAST jobsin Stagel of the proteinanalysis
pipelines(Figure 2.1). Runtime.exec() automatesnary of the stepsinvolvedin creatinga

new process.Runtime.exec() alsohasthe bene t of beinghighly portable,sinceJava 2 plat-
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form functionsare constantacrossdifferentarchitectures.Unfortunately lik e the combinationof

fork() ,exec() ,andwait() ,theRuntime.exec() facility hasno job barrierfunctions. A

driver procesanustthenmalke a separatesall to Process.waitFor() to await the completion
of everywork o w job it initiated.

In additionto lacking work o w barrier functions, Runtime.exec() andall the otherlan-
guagemechanismslescribecabove do not provide integrationwith job schedulersAll issuedjobs
are run locally, meaningit is only possibleto exploit process-leel concurreng within a single
sener. The large-scalescienti ¢ applicationswe are addressingn this research26] requirea
high degreeof job-level concurreny, attainableonly by distributing their work o ws acrossmul-
tiple hosts to completewithin anacceptabléime frame(i.e., hoursor days,asopposedo weeksor
months).

Programmersouldpassto job launchingmechanismssuchasRuntime.exec() , command
lines that invoke remoteshell technologiessuchas SSH, to run work o w jobs on remotehosts.
However, aswith popen() , this strat@y requiresdecidingin advancewhereindividual jobs will
run. To successfullyoadbalanceanapplicationswork o w, whichmeandistributing thecomputa-
tion amongthe hostsin a mannerthatre ects the currentresourcaisagea runtimebinding of jobs
to machineds moreappropriatehana priori job assignmentssincethe latter canonly be based
on a staticsystenmview. Thus,we desirealanguagenechanisnthatpassegobsto a schedulethat

of oads thosejobsontoavailablehosts.

3.3.2 RemoteMethod Invocation: Running JobsRemotely

TheJava 2 Platformincludesthe RemoteMethodinvocation(RMI) packagd28] thatallows objects
in one programto invoke the servicesof objectsin a differentvirtual machineand henceon a
differenthost. Theoretically RMI could be usedto placeobjectsthatrun work o w jobsonremote
machinesand have the PA driver invoke theseremoteobjectsas needed.Unfortunately RMI is
speci ¢ to Java, andthereforeonly worksbetweenlava objectsandprocessesPA requiresaway of
calling outto non-Jaautilities, suchasBLAST, to performproteinanalysesWe mustinsteadseek

asolutionthatsupportanon-Jaaexecutablesaswell.

3.3.3 Trellis Driver: Running JobsOver Metacomputers

We develop the Trellis Driver packageasa meansfor PA and other Java applicationsto run jobs
over aggrayationsof hostscomprisinga Trellis metacomputerTrellis Driver sendsPA-issuedjobs
to the Trellis metaschedulewhich providescross-domairschedulingof the jobs.

Trellis Driver allows the PA driver processto invoke, through TrellisDriver.exec()
calls,externalprogramso runwork o w jobsremotely Theexternalprogramsnvokedmaybe Java
or non-JaaexecutablesTrellisDriver.exec() executegobsasynchronouslymeaninghat

PA is not blocked until the newly-issuedjob completesandmay; then,run multiple work o w jobs
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concurrently Trellis Driver's API hidesthe detailsof subprocessreation,suchasthe selectionof
anexecutionhost,andoffersa high-level interfacefor job dispatching.Additionally, Trellis Driver
provideswork o w synchronizatiotiunctions,sothatapplicationgnaystartany numberof jobs,and

thenlaterissuea singlefunctioncall to await the completionof all outstandingobs.

3.4 Co-Locating Jobsand Data

Trellis Driver enablesconcurreng within PA's work o w by allowing PA to executemary jobs si-
multaneoushacrossTrellis metacomputersWhile work o w concurreng cangreatlyenhanceper
formance,further performanceoptimizationis possibleby adaptingthe metascheduleto enforce
datalocality, which entailsplacingjobs neartheir input data les. We now review a previous ap-
proachto integratingschedulinganddataplacement.

Shanet al. [24] investigateheimpactof le sizesandnetwork communicatiorcostson work-
loadturnaroundimein acomputationagrid. Theauthorsemploy distributedschedulingjn which
multiple peerGrid SchedulerdGS"), locatedon disparateseners, exchangeresourceavailability
informationto decideon which sener ajob shouldberun. Throughsimulation,the authorsmodel
the executionof large workloadsconsistingof up to tensof thousandf jobs, at multiple sites
connectediia awide areanetwork (WAN).

The rst simulationresultsindicatethatthedistributedschedulingalgorithmproducesnaverage
responsdime thatis almostasgoodasthatattainedby a baselinecentralizedstratey. Shanet al.
do not considerthe centralizedstratgyy further; they deemthis stratgyy impracticaldueto a lack of
fault-tolerancendscalability AlthroughTrellis usescentralizedschedulingTrellis' designis fault-
tolerantbecausé¢hefailureof oneor mary executionhostsdoesnotaffectthecontinuedexecutionof
theworkloadjobsby theremaininghosts.Previousreal-life experimentg23] thatentailedexecuting
ascienti ¢ applicationover 18 administratve domainshave demonstratedrellis' scalability

Additional resultspresentedy Shanetal. shav thatwheninput datasizesarenot considered,
thereis a severeperformanceenaltyfor large le sizes.Whenthe le sizesarein ated by afactor
of 10, averageresponsgimesincreaseanorethanten-fold over the casewith the original le sizes.
Averageresponsdimes also increasesubstantiallywhen the seners are spreadover fewer sites
and multiple senersat eachsite mustcontendfor the slover WAN links. Fromtheselastresults,
it appearghatwhentheworkloadis distributedover multiple sites, WAN connectiong£anbecome
performancéottlenecksTheabove ndings suggesthat le sizesandnetwork transferatesshould
be consideredvhen schedulinglarge workloadsover aggreyationsof senersfrom multiple sites,

which metacomputersonstitute.
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Chapter 4

Trellis Driver: Architecture and
Functionality

This chaptedescribeshearchitectureandfunctionalityof the Trellis Driver softwarelayer. We rst
demonstratdiow the ProteomeAnalyst(PA) applicationusesTrellis Driver to executeits work o w
over metacomputersiWe thendescribethe designof boththe Trellis Driver moduleandthe Trellis
metacomputingystemuponwhich theformermodulebuilds.

Chapter2 explainedhow metacomputingan boostthe performanceof scienti ¢ applications
throughincreasedthroughput. We gave an illustrative example of how schedulingthat is data
conscioudurtherincreaseperformancen metacomputerthat spanwide areanetworks (WANS).
Chapter3 contrastedandjusti ed our approacho parallelizingBLAST againstprevious solutions.
We justi ed our choiceof Trellis asanexecutionplatformfor PA, andTrellis Driverasa meandor
distributing jobs over multiple hosts.Finally, we reviewedrelatedwork in data-consciouschedul-
ing.

We now describeéhecomponentivolvedin integratingPA with Trellis. Initially, we shav code
snapshotfrom theoriginalandmodi ed versionsof PA to provide a clarifying exampleof how Java
programsauseTrellis Driver. Next, we introducethe Trellis metacomputingystem andexplain the
placeholdeschedulingnechanismNext, we provide anarchitecturabverview of theTrellis Driver
module.Finally, we describethe Trellis Driver applicationprogrammingnterface(API).

In Chapter5, we provide the implementatiordetailsof Trellis Driver, describingboth the job
barrierfunctionsandthejob batchingmechanismsontainedherein. Chapteré describesur sim-
ulation programwhich modelsa WAN-basedmetacomputingrvironment,andsenesasatestbed

for developingour DC schedulingpolicy.

4.1 SampleUsage

ExistingJava applicationssuchasPA, thatusethe Runtime.exec() facility to run externaljobs

caneasilybe adaptedo useTrellis Driver. Figures4.1and4.2,respectiely, shav the original PA
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codethatrunsthe BLAST jobslocally, andthe modi ed versionof the samePA codethatrunsthe
BLAST jobsacrosanetacomputersysingTrellis Driver. Numbersatthe startof eachline of text in
thesetwo gures representhe actualline numberswithin the PA sourceles. AdaptingPA to use
Trellis Driver requiresadding6 new lines of codeandreplacingl3 existing lineswith 6 new ones,
in thesectionof codeshavn here.Consequentlythe changesequiredto port PA to metacomputing
aremodest.

In Figure 4.1, codeis taken from two programsegmentsof the original PA: the execute()
method in the ClassifierWrapper class, and the executeBlast() method in the
BlastTaskPredictor class.Theformerroutinecoordinateshe four majoractvities involved
in the building andvalidationof a new classi er basedon a training set. Thesefour activities are
listed inside commentsn the code,from lines 316 to 319in Figure4.1. The rst taskof feature
collectionactually entailsthe two stepsof nding homologuesusingBLAST andfeatureparsing,
of which only the codefor the rst is shavn. As shavn onlines375to 382, PA iterateshroughthe
trainingsetandexecutestrainingtask(i.e.,a BLAST analysis)on eachprotein.

Thefunctioncalledin theloop body (line 381, Figure4.1) triggersa chainof function calls, of
which only thetop-level call is shavn, thattogetherformulateandexecutethe appropriateBLAST
commandfor the currentprotein. The executeBlast() routine,shovn on lines141to 153in
the latter codesegmentin Figure 4.1, makesthe actualcall to Runtime.exec() that invokes
the BLAST utility (line 146). After the BLAST job is startedthroughRuntime.exec() , the
Process.waitFor() methodis called(line 147)to await the job's completion. The execution
of BLAST jobsis synchronoussincethe programstartseachBLAST job, andthenwaitsfor it to
completebeforeproceedingo the next analysis. The original PA, therefore,hasno concurreng
betweerBLAST jobs.

Figure4.2 shavs the sametwo programsegmentsfrom the modi ed (i.e., parallelized)version
of PA, which we referto asPA-Trellis. Notethatthereis an extra line of codeat the beginning of
the ClassifierWrapper.execute() function(line 326, Figure4.2) thatobtainsa reference
to the associatedrellis Driver object,which is storedin the variabletd . The loop thatiterates
throughthetrainingsetandstartsthe BLAST taskfor every protein(lines379to 386)is unchanged
from theoriginal PA version.Thereis, however, anextraline of codejust beforetheloop (line 376)
thatinstructsTrellis Driver to groupthe executionof two BLAST jobs on the samemetacomputer

hostwhenever possible.Chapter5 shavs how batchingmultiple jobstogetheramortizesscheduling

overheads.
TheBlastTaskPredictor.executeBlast() routineis changedsubstantiallyfrom the
original version. A referenceto the TrellisDriver object (asopposedo the Runtime ob-

ject) thatis associateavith this Java virtual machine(JVM) instances rst obtainedline 141, Fig-
ure 4.2). The call site of td.exec() (line 146), which replacesthe original call to

Runtime.exec() , startsa BLAST analysison the currentproteinasa Trellis job. PA-Trellis
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ClassifierWrapper.execute():

313
314
315
316
317
318
319
320
321
322
323
324

364
365
366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383

public void execute() {

/*
* this method accomplishes the following tasks:
* 1. collects features  for the proteins for training
* 2. starts the classifier's training process
* 3. creates and runs the resubstitution cardSet
* 4. creates the Summary.html page for this classifier
*/
ReportTimer  timer = new ReportTimer(
"Classifier Training", this.classifierld,
ReportTimer.CLASSIFIER_TRAINING);
timer.startEvent("Classifier Training");
SequencelList seqs = new Sequencelist(this.user, this.listld);
numTraininglnstances = segs.getProteins().size();

timer.startEvent(
"Homologue Finding (BLAST)", "Classifier Training");

Protein  protein;

Task trainTask = this.trainingPolicy.getTrainingTask 0;
Task filter = this.trainingPolicy.getFilter();
/* 1. Get some features  */
for (lterator proteinlter = segs.getProteins().iterator();
proteinlter.hasNext();
) |
protein = (Protein) proteiniter.next();
I analyze proteins
trainTask.execute(protein, protein.getOutputDir());
}
timer.stopEvent("Homologue Finding  (BLAST)");

BlastTaskPredictor.executeBlast():

141
142
143
144
145
146
147
148
149
150
151
152
153

Runtime rt = java.lang.Runtime.getRuntime();

String  commandline = this.command + " - "
+ protein.getFile();

Process p = rt.exec(commandline);
int error = p.waitFor();
if (error = 0) {
System.err.printin(
"BlastTaskPredictor.executeBlast() Non-zero  exit
+ error);

}
p.destroy();

code:

Figure4.1: Codefor BLAST in Original (SequentialVersionof ProteomeAnalyst
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ClassifierWrapper.execute():

313
314
315
316
317
318
319
320
321
322
323
324
325
326

366
367
368
369
370
371
372
373
374
375
376
377
378
379
380
381
382
383
384
385
386
387
388
389

public  void execute() {

/*
* this method accomplishes the following tasks:
* 1. collects features  for the proteins for training
* 2. starts the classifier's training process
* 3. creates and runs the resubstitution cardSet
* 4. creates the Summary.html page for this classifier
*/
ReportTimer  timer = new ReportTimer(
"Classifier Training", this.classifierld,
ReportTimer.CLASSIFIER_TRAINING);
timer.startEvent("Classifier Training");
TrellisDriver td = TrellisDriver.getDriver();
SequencelList seqs = new Sequencelist(this.user, this.listld);

numTraininglnstances = segs.getProteins().size();

timer.startEvent(
"Homologue Finding (BLAST)", "Classifier Training");

Protein  protein;

Task trainTask = this.trainingPolicy.getTrainingTask 0;
Task filter = this.trainingPolicy.getFilter();
td.setGroup("BLAST", 2);
/* 1. Get some features  */
for (lterator proteinlter = segs.getProteins().iterator();
proteiniter.hasNext();
) |
protein = (Protein) proteinlter.next();
I analyze proteins
trainTask.execute(protein, protein.getOutputDir());
}
int[] exitcodes = td.waitForAll();
timer.stopEvent("Homologue Finding  (BLAST)");

BlastTaskPredictor.executeBlast():

141
142
143
144
145
146

TrellisDriver td = TrellisDriver.getDriver();

String  commandline = this.command + " - "
+ protein.getFile();

td.exec(commandline, "BLAST");

Figure4.2: Codefor BLAST in Modi ed (Parallel)Versionof ProteomeAnalyst
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eliminatesthe call to Process.waitFor() sincethis versiondoesnot wait for oneBLAST job
to completebeforestartingthe next. With this asynchronougob launchingstrateyy, all BLAST
jobs areissuedbeforeary resultsare collected. PA-Trellis canthenobtaina maximumdegreeof
concurreng equalto thenumberof placeholderén theunderlyingmetacomputer

After having iteratedthroughthe training setand startedthe appropriateBLAST job for each
protein, the ClassifierWrapper.execute() routine mustawait the completionof all the
BLAST jobsbeforeit may proceedwith the featureparsingstep,the codefor which is not shavn
in the gure dueto spaceconstraints. The call site td.waitForAll() (line 387, Figure 4.2)
causesheapplicationto block until all outstandinBLAST jobshave nished, andreturnsanarray
containingthe exit codesof thesegobs.

We have shavn the front end of Trellis Driver to emphasizéhe easeof porting existing Java
applicationdo metacomputergiroughthis module.We next provide the back-endietailsby giving
anarchitecturabverview of theTrellis metacomputingystemandthe Trellis Driver moduleitselfin
Sections4.2 and4.3, respectiely. The commandnterfaceof the TrellisDriver Java package

is furtherdescribedn Subsectior.3.1.

4.2 Trellis Metacomputing System: Overview

TheTrellis system[23, 22] is ametacomputingolutionaimedat scienti c researcheraho require
the computationatesource®of mary high-endseners. Developedin a Unix ernvironment, Trellis

providesa corvenientuserlevel aggreationof high-performanceomputingcentrefHPCCs)that
arecontainedwithin separatedministratve domains,possiblyspanningmultiple platforms,oper

atingsystemsandjob queuingsystemsTrellis is layeredon top of existing infrastructurepffering

job managemenserviceshat provide the abstractiorof a single,powerful resourcefrom multiple

resourcesAs mentionedn Section3.2,the only new softwarerequiredis the widely-available Se-
cureShell(SSH)securitytool [21]. Moreover, Trellis is deployedentirelyatthe userlevel, meaning
usersmay installandcon gure their own instancewithout administratoisupport.

Userscande ne a personaimetacomputeby combiningspeci ¢ hostsfrom ary of the HPCCs
to whichthey have accessNotethatusersneednot have exclusive accesso theseconstituenhosts.
HPCCresourcesretypically sharedamongmembersof a dedicatedesearctor industrycommu-
nity. Local job batchingsystemsenforceequitableusageof their respectie computingsystems,
accordingto the policiesof local administrators All thatusersof Trellis requireis a regular, non-
privilegedaccounbn arny HPCCwhoseresourceshey wishto use.Usersgetthebene t of utilizing
resource$rom multiple HPCCswhile local administratorgetaintheir autonomy

After specifyingthe participatinghostsin their metacomputeruserscan createone or more
metaqueue$o which they candepositjobs that areto be run over the Trellis system. Multiple
metaqueuearesupportedsothatuserscanrun andmonitor multiple applicationsat the sametime.

In addition, usersmay createmetaqueuesvith differing properties,suchasjob ceiling time and
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the maximumor minimum numberof processordoundto placeholders.A metaqueuenay be
customizedo theneedsof a speci c application.

Trellis is implementedasa thin layer of softwarethat sits betweenapplicationsandthe infras-
tructureof HPCCs.TheTrellis platformconsistof multiple componentshathandleall theessential
tasksinvolvedin the cross-domairschedulingandexecutionof large work o ws with inter-job de-

pendenciesndperjob datarequirementslin particular Trellis includes:

1. Trellis File System(Trellis FS)
As job migratefrom onemetacomputehostto anothera practicalproblemthatoccursis that
of ensuringthe requireddatais alwaysavailable. Trellis FS[25] providestransparenaccess
to remotedataandsupportanary common le systemoperationssuchassparseaccessand

caching.

2. Trellis Security Infrastructur e (Trellis SI)
Sincemetacomputehostsspanmultiple HPCCs,securityacrossadministratve domainsis a
primaryconcern.Trellis SI [14], layeredon top of SSH,providessinglesign-onandhandles

cross-domaimuthenticationauthorizationanddatamanagement.

3. Trellis Metaschedulerand Command Line Sewer (CLS)
The Trellis Metascheduleincludesall commandsecessaryor specifyingand managing
hostsandmetaqueuesaswell asthosefor submittingandmonitoringjobs. Containedn the
metascheduleis the CLS, which carriesout the distribution of jobsto metacomputehosts.

Themetaschedulds the Trellis componenthis work focuseson.

4.2.1 PlaceholderScheduling

In Trellis, jobsareassignedo speci ¢ hoststhroughthe mechanisnof placeholderscheduling[22],
whichfollowsa“pull” model.In placeholdeschedulinglocal batchqueuesnteractwith metaque-
uesto retrieve andexecutejobson demandA placeholdeis formally de ned asa unit of potential
work. For a givenunit of work, which in this caseconstitutesa job in an applications work o w,
it is possiblefor ary placeholdemithin all of thosepreviously launchedo actuallycompletethat
work. Eachplaceholdeiis associatedvith a particularmetaqueuendis submittedto a particular
hostby theuser Onecanthenview a placeholdelasa special-purposgb thatis submittedto the
batchqueueof aremotehost.

Often,placeholderareimplementedasjob scriptsfor batchschedulerskFromtheperspectie of
thelocal batchingsystemthen,placeholdersiresimply regular, non-privilegeduserjobsthat must
wait in thequeuefor theirturnto run.

Figure4.3illustratesthe placeholdeschedulingnechanismEachTrellis userinstallsandruns
oneinstanceof Trellis CLS, createmetaqueueasdesired,andsubmitsplaceholdergo hostsasis

necessaryo achiese thedesiredevel of concurreng. Whena placeholdejob runs,it rst contacts
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its associatednetaqueueyia the Trellis CLS, andasksfor a new commandine. A commandine
is the meansof specifyinga unit of actualwork (a job) in a Unix ernvironment. Thus,the binding
of jobsto hostsoccursat placeholderexecutiontime (not submissiortime), underthe control of
the CLS. Whenassigned new job, the placeholdesimply runsthe correspondingommandn its
local ervironment,and thenreportsthe job's completion,via the Trellis CLS, to the metaqueue.
Whenthereareno jobsin the metaqueughat are presentlyavailableto run, the CLS informsthe
placeholderof this, andthe placeholdeicaneitherre-submititself to its local batchqueueor take
itself of ine.

This schedulingnechanisnfollowsa “pull” model,in which jobson remotehostsinitiate com-
municationby requestingwork, and pull jobs out of a metaqueuend onto their local computer
system. This is in contrastto a “push” model,in which a schedulingprocessof oads jobs onto
individual computersaccordingto a work distribution algorithm.

While simplein nature the pull modelin Trellis effectively solvesthe problemof loadimbal-
ance,which stemsfrom an unevendistribution of jobs over the availableresourcesHoststhatare
heaily loadedwill have fewer placeholdersaskingfor work over a given time interval and will
pull fewer jobs from the metaqueueHostswith a lighter load will have more placeholdersasking
for work and pull morejobs from the metaqueue Placeholdeschedulingthereforeachiezesload

balancingacrossall hosts.

4.2.2 JobControlin Trellis CLS

The namesand semanticof the CLS job managementommandsare basedon thoseof existing

batchqueuingsystemssuchasthePortableBatchSystem(PBS)[3] andthe SunN1 Grid Engine[7]
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job schedulers PBS providesthe commandsjsub , gqdel , andgstat to addjobs, remove jobs,
andlist the contentsof alocal job queue respectiely. A PBSqueuefunctionsmuchlike a printer
gueue. New jobs are addedat the back of the queueand mustwait until all previousjobs nish
beforethey are processedi.e., executed). By analogy Trellis' placeholderschedulingis similar
to having a pool of printers(in this casehosts)pull jobs from a queueinsteadof having a printer
daemonnd idle printersandpushjobs ontothoseprinters. Trellis CLS providesthe commandof
mqsub, mgdel , andmgstat to addjobsto a metaqueuesemove jobs,andquerythe metaqueue
statusrespectiely.

Following areexamplesof usage®f thethreeTrellis CLS commandgor job management:

1. mgsub -b -p proteinlBLAST  proteinlParse "java  FeatureParser 1
15 1 0.01 /output/proteomel5/proteinl”
Adds a job to the default Trellis metaqueue. The new job belongsto the tamget “pro-
teinlRarse” and has the commandline “java ca.pence.utils.Featura®er1l 15 1 0.01

/output/proteomel5/pteinl”, asgivenby thelasttwo arguments.

A targetrefersto agroupof work o w jobsthataremutuallyindependenandcan,therefore,
be executedn parallel. The-p ag allows Trellis usersto specifyinter-targetdependencies.
In thiscase,protein1BLAST” is a prerequisitdarget. The newly-submittedjob will notrun
until all jobsin the“protein1BLAST” targethave completed.
The -b ag speci esthatthe commandrunsin blocking mode,meaningthe caller is sus-

pendeduntil Trellis completeghejob.

2. mgsub -g gram_neg proteinlBLAST "BLASTpgp -E 0.001"
Adds a job belongingto the tarmget “proteinlBLAST”, which hasno prerequisitesto the

“gram_ney” metaqueu@amedwith the-q ag.

3. mgdel -q plantl 20

Deleteghejob whosenumericidenti er is 20 from the“plantl” metaqueue.

4. mgstat -q animall -t squirrelBLAST s E
Displaysinformationon the jobsin the“animall” metaqueueThe-t ag selectghosejobs
belongingto the“squirrelBLAST” target,while the-s ag andE parametespecifyonly jobs

thatarecurrentlyexecuting.
4.3 Trellis Driver

Trellis Driver is a Java modulethat integratesapplicationswith the Trellis metacomputingystem.
Trellis Driverallowsapplicationgo launchexternaljobsandtransparentlgcheduléhesgobsacross
the hostsof an overlay metacomputer Sincejobs are no longerrestrictedto the local sener, the

computationatapacityof theapplications executionernvironmentcanbegreatlyincreasedleading
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to increasethroughputand reduceturnaroundtimes. The fundamentakonceptof Trellis Driver
is generalenoughto lenditself to any programminganguagethat providesfunctionsfor running
commandinesasseparat@rocesses.

PA, andotherJava programsjmport Trellis Driver asa Java package.The front end of Trellis
Driver is a well-de ned API, designedo be similar to that of the Runtime class(andits associ-
atedfunctionssuchas Runtime.exec() ) for easeof portability. A detailedlisting of all API
functionsis presentedn Subsectiot.3.1. Brie y, Trellis Driver's API providesfunctionality for
specifyingjob groupingpatterns startingjobs throughthe function TrellisDriver.exec() ,
and synchronizingwith their completion. The backend of Trellis Driver interactswith the rele-
vantmetaqueudy issuingblockingmqgsub calls, throughthelocal operatingsystem.Accordingly,
theremustbe an instanceof the CLS actively running on the samemachineon which the Trellis
Driver-enabledapplicationruns.

Trellis Driver addsto the Trellis metascheduleandCLS, thefollowing threefeatures:

1. Job Launching Througha Library Function

Although a driver processcould call out to the mgsub utility via a library function suchas
system() , specifyinga new job in this manneroften requirespassingseveral parameters,
asseenin the examplemqgsub usecasesshowvn in the previous subsection. Trellis Driver
automatesandsimpli es thesubmissiorof jobsto mgsub by abstractingumbersomengsub
commanddetails,suchasthe ags andprerequisitaargetlist. Externaljobs may be started
from within an applicationthroughTrellis Driver library functions, which take command

stringsasarguments.
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2. Job Batching to Amortize SchedulingOverhead

Programmersnay provide hintsaboutthe groupednatureof the applications work o w jobs.
Trellis Driverautomaticallybatcheghe executionof a preseumberof jobsfrom aspeci ed
job groupto amortizethe overheadf creatinga new mgsub procesgor runningthesejobs.
Thefunctionsfor enablingjob batchingaregivenin Table4.1while the purposeandconcept

areexplainedin Chapters.

3. Job Barriers for Driver Synchronization with Work o w

Sincescienti ¢ work o wscanconsistof hundredor eventhousandsf jobsthatcanruninde-
pendentlyof the driver processsupportfor computationabynchronizations necessaryThe
driver processanawait the completionof someor all work o w jobsthroughthe job barrier
functionsprovidedby Trellis Driver. Thesesamefunctionsprovide ameansof collectingthe

exit codesof jobsthatwereexecutedasynchronously

Figure 4.4 shaws the varioussoftware componentsn our metacomputingntegrationsolution.
The Trellis Driver component(horizontally central)is nenvly developed,while the other compo-
nentswereimplementedorior to this work. Thedata o w resultingfrom multiple job submissions
follows a producerconsumepattern. Threadswithin the application(producersgeneratgobs by
calling TrellisDriver.exec() , abbreviated as td.exec() here. Threadswithin Trellis
Driver (consumersprocesgobsby callingmgsub to sendthemto the Trellis metaschedulewhich
executeson the samesener asthe application. mgsub insertsthe commandine into the desired
metaqueudor processindy the Trellis systemasseenin thebottomright cornerof Figure4.4.

Eachapplicationthreador producercancall td.exec() multiple times, sincea threadmay
launchasmary externaljobs asit desires.Figure4.4, however, shovs the data o w situationthat
occurswhentwo differentproducerseachmake only onecall to td.exec() . At the samethe
two producersarepushingjobsinto the buffer, thereis oneconsumethatis pulling jobs out of the
buffer. Dark gray entriesrepresenfobs submittedby Producerl, white entriesjobs submittedby
Producer?, andthelight grayentryajob submittedby a third producerthatis not currentlyadding
ajob to thebuffer. WhenProducetl callsawork barrierfunctionto wait on all its outstandingobs,
Trellis Driver walksthelinkedlist of jobsbelongingto Producerl by following the “per-producer
next” links shavn, waiting for eachjob to completein turn. In the exampleabove, Trellis Driver
waits at buffer entry 1 until thatjob hascompletedbeforeexaminingbuffer entry 3. Only afterthe
job atentry 3 hascompleteddoesthejob barrierfunctionreturn.

To decouplehenumberof producetthreaddrom thenumberof consumethreadsJrellis Driver
usesa standardoundedouffer to storeincomingjobs. The boundedbuffer is a limited-sizestorage
spacdor commandines. Theadvantageof thisdesignis thatwe keepthegeneratiorof jobsseparate
from the executionof jobs. We wish to avoid startinga newv consumethreadfor every incoming

job, sincethis could ood the JVM with hundredsor eventhousand®f threads.Having this mary
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threadsactive at the sametime would seriouslyundermineperformance.Thereis no limit on the
numberof producetthreadssincethis depend®ntheapplicationcode.Maintaininga x ednumber
of consumethreadsthatis independenof the numberof producersensurescalability

Trellis Driver allows usersto setthe size of the boundedouffer andthe numberof consumer
threads.Thus,if anapplicationprogrammeiis consciousof resourceusagewithin the JVM, they
may specify a relatively small buffer size andlow numberof consumers.If the programmerthas
mary thousand®f jobsto run within a shorttime frame,andsufcient JVM resourcesthey may
specifyarelatively large buffer sizeandhigh consumercount. Programmersanalsospecifywhich
Trellis metaqueud¢o use,sothatthey may pick ametaqueuthatis tailoredto their currentapplica-
tion.

Applicationscan submit jobs either synchronouslyor asynchronouslyhrough Trellis Driver.
In synchronousnode,the calling producerthreadblocks until Trellis completeghe givenjob. In
asynchronoumode thecaller continuesafter submittinga Trellis job, andcon rms thecompletion
and collectsthe exit statusof that job at a later time. Implementingthe work barrier functions
requireskeepingtrack of which jobsaresubmittedby which producersBuffer entriesmaintainthe

special-purposiper-producemext” links to maintainthis information.

4.3.1 Trellis Driver API

TheTrellis Driver API providesacommandnterfacethroughwhich Javaprogramsanhandoff jobs
to the Trellis metascheduleior remoteexecution. The API providesmethoddor de ning the Trel-
lis Driver executionervironment(e.g., specifyingwhich metaqueugo use),startingand stopping
the job schedulingmechanismrunningjobs synchronouslyand asynchronouslyand awaiting the
completionof oneor mary outstandingrrellis jobs. The completeTrellis Driver API speci cation
is givenin Tables4.1,4.2,and4.3.
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API Function Description

getDriver() Returnsthe Trellis Driver object associatedvith the cur
rent application. The Trellis Driver object is then used
for all subsequencommunicationbetweenthe applica-
tion and Trellis Driver.  Analogousin purposeto the
Runtime.getRuntime() method.

getConsumersCount() , Retrieve andspecifythenumberof consumersiespectiely.

setConsumersCount( Acceptablevaluesfor consumerountcurrentlyrangefrom

count ) 2t0512.

getBufferSize(), Retrieve and specify the numberof buffer entries,respec-

setBufferSize( size tively. Acceptablevaluesfor the buffer sizecurrentlyrange

) from 100to 10,000.

getQueueName(), Retrieve and specify the nameof the Trellis metaqueuedo

setQueueName( whichjobsaresubmittedrespectiely.

metaqueue _name )

setGroup( Registersa new job group, labeledas group_-name with

group _name, Trellis Driver.  The numeric value batch_factor indicates

batch _factor )

how mary suchjobs areto be batchedtogetherinto a sin-
gle mgsub command.

createPipeline(

De nes a new job pipeline, labeledas pipelinename that

pipeline  _name, containsasmary stagesasspeci ed by length This means
length ) thatlengthjobs, possiblyof differenttype,areto bebatched
togethetinto a singlemgsub command.
start() Informsconsumerso startrunningjobs.
stop() Informsconsumerso stoprunningjobs.
Table4.1: Trellis Driver API: Con guration Functions
API Function Description
execSynch( Runsthegivencommand(i.e.,commandine) asanexternal

commandline )

Trellis job, in synchronousnode. The functioncall blocks
until Trellis completeghe job, at which time the exit code
of themqsub procesghatranthisjob is returned.

exec( commandline
commandgroup )

Runsthegivencommandi.e.,commandine) asanexternal
Trellis job, in asynchronousnode. The optionalparameter
commandgroup speci esthejob groupor pipelinethis job
belonggo. Thefunctioncall returnswhenthejobisinserted
into the boundedbuffer. The functionreturnsa key thatthe
callercanuseto referencehe newly-submittedjob later.

exec( prod .id ,
commandline
commandgroup )

Identical in purpose and behaiour to the version of
exec() shawvn above,exceptfor anextrainitial parameter|
thatidenti es the producerthatis submittingthis job. This
versionof exec() allows differentproducersto separate
theirjobsfrom oneanother

Table4.2: Trellis Driver API: JobLaunchingFunctions
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API Function Description

waitForOne(  key ) Waitsfor the Trellis job associatedavith the givenreference
key (i.e.,key) to nish. Theexit codeof themqsub process
thatranthespeci edjob isreturnedo thecaller, afterTrellis
nishes executingthejob.

waitForAll() Waits for all outstandingTrellis jobs to nish, regardless
of which producersubmittedthem. An array of exit codes
from the respectre mqsub processeshat ran the various
jobsis returnedto the caller, assoonasthelastjob nishes

executing.

waitForAll( prod _id Waits for all Trellis jobs that were submittedby the speci-
ed produceri.e.,prod.id) to nish. An arrayof exit codes
fromtherespectie mqsub processethatranall of this pro-
ducers jobs is returnedto the caller, as soonas this pro-
ducerslastjob nishes executing.

Table4.3: Trellis Driver API: Work o w Synchronizatior-unctions

In the next chapterwe follow the computationalo w within Trellis Driver thatoccurswhenPA

launchesa seriesof externaljobs. For now, we provide anexampleof the stepsinvolvedin starting

andmonitoringjobsthroughTrellis Driver:

1. Con guration

The programmerrst calls the functionsshowvn in Table4.1to con gure the Trellis Driver
executionernvironment. The runtime parameter®f numberof consumerspuffer size,and
metaqueu@amearesetthroughcallsto the appropriatehreefunctions. Work o w informa-
tionisthencorveyedto Trellis Driverwith callsto setGroup()  andcreatePipeline() ,
which the programmeluses,respectiely, to de ne new job groupsand pipelines. The pro-

grammerthencalls start() (only once)to enablgob processindpy Trellis Driver.

. Job Launching

Throughcalls to TrellisDriver.exec() (Table 4.2), the programmerstartsall de-
siredexternaljobs. Multiple callsto TrellisDriver.exec() , Whichreplaceary former
Runtime.exec() invocationsachieve job parallelismin the Trellis environment. Work-
o w jobs may alsobe executedsynchronouslyia TrellisDriver.execSynch() ,in

which caseonly oneexternaljob runsatatime.

. Work o w Synchronization

Usingthefunctionslistedin Table4.3,the programmeenforcesynchronizatiorbetweerthe
driver processandthe work o w jobs that werelaunchedby the driver. Work ow synchro-
nizationis achievzed by imposingwork barriersthat block the applicationuntil someor all

outstandingvork o w jobs have completed.Callsto TrellisDriver.waitForAll()

allow the applicationto block until all jobs startedby a given producerthread,or all jobs
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startedby ary thread,complete. Calls to TrellisDriver.waitForOne() , Which are
analogougo Process.waitFor() calls,allow theapplicationto await the completionof
individual jobs. Finally, the programmercallsstop()  (only once)to endthejob processing

by Trellis Driver, andterminatethe JVM threadswithin Trellis Driver.

4.3.2 Comparisonswith MPI

Programmer$amiliar with the popularMessagePassinginterface(MPI) messageassinglibrary
standard18, 8] will notethe similarities betweenthe functionality offered by our Trellis Driver
packageandthe messag@assingservicesof MPI. Notethatwe did notdesignTrellis Driverto be-
havelike MPI or beareplacemenfior MPI. MPI is astandardor exchangingmessagei distributed
systemswhereasTrellis Driver is a Java interfacethat links applicationswith an actively running
Trellis metaschedulerHowever, analogiescan be madebetweenthe semanticof MPI functions
asseenby the programmerandthe internalmechanismef Trellis Driver, which help provide this
modulesvisible semantics.

Commandinesissuedby a sender(producerthread)can be thoughtof asmessagesentto a
recever (consumethread),which overseeghe executionof thatcommandn the Trellis erviron-
ment. MPl managesommunicationin the form of messagesentbetweenprocessesunningin
separatanemoryspaces. Trellis Driver managescommunicationin the form of commandlines
passedetweenseparatelava threadsexecutingin the samevirtual machineinstance. Table 4.4
providesfurther descriptionsof the six Trellis Driver API routinesthat handlethis commandine

communicationandalsoindicatesto which MPI routineeachonecorresponds.

4.4 Concluding Remarks

In this chapterwe presenteaur solutionfor porting driverbasedlaza applicationssuchasPA, to
metacomputingWe describedhefunctionalityandthe architectureof the Trellis Driver Jasza mod-
ule thatis usedin placeof the Runtime.exec() facility. We explainedthe Trellis placeholder
schedulingmechanismyhich providesload balancingof jobsacrossall hosts.

Having integratedPA with metacomputinghroughTrellis Driver, we now wishto studythecost
of moving dataover the network connectingthe individual metacomputehosts. Whenthe meta-
computerspansalocal areanetwork (LAN), the metaschedules’policy towardsdatalocality is not
critical to applicationperformanceln Chapters, we experimentallycon rm this assertion.When
themetacomputespansa wide areanetwork (WAN), we expectandobsene,in Chapter6, thatthe
datamovementoverheadecomesigh enoughto necessitatéhe useof aschedulingpolicy thatco-
locategobsanddata.We developanew schedulingpolicy for Trellis thatis shavn experimentally
to reducedatamovementoverheadsy placingjobs on hoststhat hold their input data. Thus, the
next two chapterseneto demonstratéhesubstantiaperformancéene t of runningPA'swork ow

overametacomputemwhetherthe metacomputedeployedspansaLAN or a WAN.
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Trellis Driver
Function

MPI Function

SemanticSimilarities

start()

MPI_Init()

Initializes the executionernvironment. In Trellis
Driver, the ernvironment dependson parameters
presety theapplicationsuchasbuffer sizeandthe
numberof consumers.In MPI, the ervironment
dependson commandline settingssuchas stated
procesgriority anddehuggingsettings.

stop()

MPI_Finalize()

Terminatesthe executionervironment. No more
jobs may be startedor messagesentafter a call
to eitherof thesefunctions. A singlecall mustbe
madeat the end of the masteror driver procesgo
properlycleanup all programthreads.

execSynch()

MPI_Send()

Startsa synchronousnessagsendoperation.The
calleris blockeduntil it recevesnoticethatthe op-
erationhascompleted.In Trellis, a messageon-
stitutesa commandline and getsprocessedy a
consumethread,which executeshe speci ed job
in the underlyingmetacomputerIn MPI, a mes-
sageconstitutesa chunk of programdatathat is
processednd acknavledgedby a designatede-
cipient.

exec()

MPI_Isend()

Startsan asynchronousnessagesend operation.
The caller returnsright away andis given a han-
dlethroughwhichthey mayverify theresultof this
operationlater In Trellis, the handleis a numeric
key thatrefersto a job in the buffer. In MPI, the
handleis arequesbbjectthatis modi ed whenthe
statusof thecommunicatiorchanges.

waitForOne()

MPI_Wait()

Provides a synchronizationbarrier for one out-
standingmessagewhich may be eitheran un n-
ishedTrellis job or an MPI communicatiorthatis
still active.

waitForAll()

MPI_WaitAll()

Providesasynchronizatiorarrierfor all outstand-
ing messagesyhetherthey are un nished Trellis
jobsor active MPI communications.

Table4.4: SemanticComparisorof Trellis DriverandMPI methods.
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Chapter 5

Trellis Driver: Implementation and
Empirical Evaluation

Chapte# presentednillustrative exampleof how ProteomeAnalyst(PA) useshenewly-developed
Trellis Driver moduleto run multiple work ow jobs concurrentlyover a Trellis metacomputer
The precedingchapterthen outlined Trellis' placeholderschedulingmechanism. We then gave
an overview of Trellis Driver's boundedbuffer architecture and explainedthe intrinsic producer
consumedata o w pattern.Finally, we annotatedhe Trellis Driver applicationprogrammingnter-
face(API).

In this chaptey we provide full implementatiordetailson the Trellis Driver Java module. We
describethe computationalo w within this softwarelayerthroughouta job's lifetime. In our run-
ning example,we follow the pathway of function calls that aretriggeredwhenthe PA application
speci esthe propertiessubmits,andcollectstheresultsof BLAST jobsthroughTrellis Driver. Af-
terdescribinghefunctionality of eachclassin Trellis Driver, we explain thetwo technique®ffered
for groupingmultiple work o w jobsinto a commonmqsub processwhich addresswo different
inherentschedulingoverheads.

We thenpreseniempiricalresultsfrom our testcaseof PA. We obsene that while mgsub im-
posessigni cant lateng in the schedulingof jobs, batchingmary jobs of the sametype together
successfullyamortizesmgsub latencies|eadingto linear speed-umf the BLAST phase.Therela-
tionshipbetweerthenumberof placeholderghenumberof jobsbatchedandloadbalancings then
explainedthroughanillustrative example.Finally, we examinethe differencen speed-uprendsfor
theBLAST andParsingphases.

5.1 Trellis Driver: Implementation asa Java Package

Trellis Driver consistsof four distinct Java classesthat are groupedinto a common package:
TrellisDriver , ConsumerThread , BoundedBuffer , and BufferEntry . Figure5.1

providesanillustrative diagramof the interactionbetweenobjectsfrom thesefour classesandthe
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Figure5.1: Pathway of FunctionCalls During Executionof Jobsin Trellis Driver

externalcomponentsjuringtheexecutionof jobs. Arrowsin the gure represeninvocationsof one
object's methodshy the codewithin anotherobject. Dottedlines representain expandedview of a
componenfrom aninstanceof a certainclass,suchasthe buffer for storingjob informationthatis
containedn thesingletonTrellisDriver object.We abbreviate TrellisDriver with TD.

Trellis Driverwaspreviously describedisasoftwaremodulethatintegratesapplicationswith the
Trellis metacomputingystem.To clarify thisconceptuatle nition, theleft sideof Figure5.1shavs
thepartof the PA applicationthatutilizesTrellis Driver'sjob schedulingservices More speci cally,
theboxin the upperleft cornershows callsto the API functions,suchasTD.setGroup() , dis-
cussedn the previouschapter Theright sideof the gure shavs onemqsub procesghatis created
whena ConsumerThread instanceretrievesonesetof jobsfrom the buffer, andsendgsheseobs
to Trellis for execution. The mgsub processhavn herelivesuntil all the latestjobs sentto Trellis
nish executing.

An instanceof eachof the PA applicationandmgqsub utility areshavn in Figure5.1 merelyto
shaw theexternalprogramshatareinvolvedin theexecutionof work o w jobs. We avoid discussing
theinternalworkingsof eitherPA or mgsub here.We presentedhe computationapipelinesfor the
training and predictionusecasesf PA in Section2.1, andexplainedhow mgsub addsjobsto a
metaqueueso that thesejobs are later assignedo placeholdersn Section4.2. We now presenta

step-by-stemlescriptionof the processingf a new job by Trellis Driver.

5.1.1 Functional Pathway During Job Executionin Trellis Driver

This sectionprovidesa walkthroughof all the tasksinvolvedin executingthe work o w jobs from
theBLAST phaseén the PA application.As discusseth Section2.1,boththetrainingandprediction

usecasesf PA entailrunningBLAST asthe rst stepin theanalysispipelineof aninput protein.
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Ontheleft sideof Figure5.1,we seesomeof thecall sitesto key API functionsfrom the partof
PA thatinteractswith Trellis Driver. Althoughnot shown in this diagramfor the sale of compact-
nessijt is alwaysnecessaryo call TrellisDriver.getDriver() to obtainareferencdo the
singleTrellisDriver instanceassociatedvith the currentapplication.This referencas stored
in aprogramvariable representedsTDin the PA boxin Figure5.1,andis thenusedto invoke API
methodsin all subsequentrellis Driver operations.The applicationmay alsosetthe buffer size,
numberof consumersandmetaqueu@ame andmustcall the start() functionto enablethe job
processingnechanisnwithin Trellis Driver. The call sitesto the relevant con guration functions
arenotshown in theinterestof compactness.

To enablethe reductionof job schedulingoverheadswithin Trellis Driver, PA musttake the
importantstepof registeringthe BLAST job group. The TD.setGroup()  call informs Trellis
Driverof anew job group,entitled“BLAST”, for which multiple jobsof thiscommontypeareto be
bundledtogetherin a singlemqgsub processandtherefore yun onthe samemachine.Section5.3.1
explainshow batchingtogethemultiple jobs of the sametype amortizesschedulingoverheadsin
thisexample thePA applicationspeci esabatcingfactorof two (2), whichmeanghattwo BLAST
jobsareto be groupedinto acommonmqgsub process.The programmemmay; in fact,chooseary
valuewithin a certainlegal range which we discusdaterin Section5.2.

After registeringthe BLAST job group,the PA applicationtheniteratesover all proteinsin the
input proteomeandstartsa BLAST analysison eachone. This is donethroughthe TD.exec()
invocationswithin the while()  loop, shavn in the centreof the PA box in Figure5.1. Trellis
Driver storesthe commandine of eachincomingBLAST job in its own buffer entry, whichis then
protectedrom beingoverwrittenwith anotheicommandine until theapplicatiorhasacknavledged
the completionof thatparticularjob. Detailson the transitioningof buffer entry stateshroughouta
job'slifetime aregivenin Section5.2.

The rst agumentin thecall to TD.exec() shawn in this example,hashCode , is anumeric
value that uniquely identi es the producer One sourceof unique numericvaluesfor individual
producerss the hashcodeof the Java virtual machine(JVM) threadencompassinthis producer
Recall,from Figure4.4,that Trellis Driver keepstrack of which jobsbelongto which producersdy
setting“per-producemext” links betweertherelevantbuffer entries.

The secondargumentgivento TD.exec() is astringcontainingthe BLAST job grouplabel.
Trellis Driver usesthis string asa key in the job group hashtablego nd the batchingfactor for
BLAST jobs (in this casetwo). Whenstoringcommandines of BLAST jobsin the buffer, Trellis
Driver forms sublistsof two buffer entriescontainingBLAST commandines. Consumetthreads
cantheniterateover thesesubliststo recruittwo BLAST jobsatatime for execution.

Thethird and nal agumentto TD.exec() is thecommandine itself. In PA, BLAST jobs
arespeci edby theabsolutepathof the BLAST binaryfollowedarbitraryargumentswhich specify
propertieof the BLAST search.
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Execution Parameter Lower Upper
Buffer Size 100 10,000
Numberof Consumers 2 512
JobGroupBatchingFactor 1 Buffer Size
JobPipelineLength 1 Buffer Size

Table5.1: UpperandLower Boundson Trellis Driver ExecutionParameters

After starting BLAST analysesfor all proteinsin the input proteome,the PA code calls
TD.waitForAll() , giving the hashcodeof the calling producerasthe only argument. Trel-
lis Driver thenwalks the correspondingperproducerjob list, blocking at eachbuffer entryin that
list until theassociate@LAST job hasbeenmarkedascompletedby a consumer

Including the JVM thread-speci chashcodein all TD.exec() calls whensubmittingjobs,
and providing this samehashcodein the subsequentD.waitForAll() call, allows multiple
producersto executeseparatepiecesof an applications work o w without interfering with each
other'sjobs. Althoughthe above exampleshaws only oneproducertherecouldin factbe multiple

copiesof this samePA coderunningBLAST analysedor distinctproteomegoncurrently

5.2 Trellis Driver Classes

1. TrellisDriver
The TrellisDriver objecthandlesall communicatiorwith the client Jasa program,as
well aswith the otherobjectsin the Trellis Driver package.As describedpreviously, pro-
grammeranust rst obtainareferenceo the singletonTrellisDriver objectbelonging
totheirapplicationandthenmayinvoke APl methodson this objectasneededo run external
jobs. The TrellisDriver objectalsostoresthe boundedbuffer thatholdsthe command

lines,andmanageshe pool of consumethreadghatprocesgobs.

As a pre-processingtep,aninput validity checkis performedn thefour con gurationfunc-
tions of setBufferSize() , setConsumersCount() , setGroup() , andcreate
Pipeline() . Table5.1 shows the x ed rangesfor eachof theseexecutionparameters.

Althoughcurrentlynot adjustabléyy the user the parametershovn could easilybe madeso.

2. ConsumerThread
ConsumerThread objectscommunicatevith the underlyingmetacomputeby continually
pulling commandinesout of the buffer andsubmittingthemto the desiredTrellis metaqueue
with mgsub. During work o w execution,ConsumerThread objectsfollow a basiccycle

of fetching,executing,andmarkingjobsascomplete.

3. BoundedBuffer

ThesingleBoundedBuffer  instanceholdsthe commandinesof all jobsissuedto Trellis
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Producer adds job to buffer
with TD.exec()

Producer collects return
code with TD.waitOne()

Consumer retrieves commar
line for execution

Consumer observes
completion of mgsub job

Figure5.2: StateTransitionsand AssociatedOperationgor BoundedBuffer Entries

Driver. For performancecalability theBoundedBuffer  objectusesabufferthatis of x ed

size(i.e.,bounded}o decouplehe numberof consumer$rom the numberof producers.

Eachincomingcommandine is placedin a buffer entrythatwaspreviously marked asFree.
Trellis Driver keepsup-to-datdinked lists of buffer entriesin eachof the four stateswhich
areoutlinedin the subsectiorimmediatelyfollowing. All buffer manipulationfunctionsare

synchronizedlara methodsso mutualexclusionis enforced.

The BoundedBuffer  objectalsocontainshashtablegor storinginformationon producer

threadsjob groups,andjob pipelines.

. BufferEntry

An arrayof BufferEntry instancesmplementghe boundedouffer for storingcommand
lines. Individual BufferEntry objectscontainmultiple elds for recordingall pertinent
job information. Whenrequired,the label of the job groupis stored. The job's command
line andthe returncodeof the mgsub procesghat passeghis commandine to the Trellis

metaschedulesrealsostored.

Figure5.2 providesa statetransitiondiagramfor a boundedbuffer entry. In this example,one
produceiis executingonejob asynchronouslyWhenthe producetinvokesTD.exec() ,the
new job's commandine is written to a previously Freebuffer entry, which thenmovesto the
Filled state. A consumethreadretrievesthe commandine andpassest asan argumentto
the mgsub utility for execution,changingthe stateof thatentryto InProgress.The mqsub
procespassedts returncodebackto theconsumeuponthejob's completion.Theconsumer
recordsthis returncodein the buffer entry, which is movedto the Finishedstate.Finally, the
producercallsTD.waitOne()  to synchronizevith thecompletionof thisindividualjob and

collectthemgsub exit code.Thebuffer entry's statethenmovesbackto Free.
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Figure5.3: HomogeneouBatchingof BLAST JobsWithin Trellis Driver

5.3 Batching of Multiple Jobs

The following subsectionslescribeour two techniquedor batchingjobs of the sameanddifferent
types, respectrely, into a commonmgqsub process. The two batchingstratgies describedhere

amortizedifferentsourcef overheadbothof which areinherentin work o w scheduling.

5.3.1 Job Groups: HomogeneoudBatching of Jobs

In PA, the shortruntimesof BLAST and Parsingjobs make for poor job granularity Thereis an
inherentoverheadn moving a commandine throughTrellis Driver andin startingthe associated
mqsub processLikewise,thereis anoverheador a mqgsub procesgo terminateandpassits exit
codebackto Trellis Driver. AggregatingseveralBLAST or Parsingjobsinto onemqsub process
cangreatlyamortizethe Trellis Driverandmgsub latencies.

Trellis Driver supportghe groupingof multiple jobsfrom a commonwork o w phaseo reduce
schedulingpverheadsWe referto thisjob batchingstratey ashomaeneoudbatcing sincethejobs
bundledtogethelby Trellis Driver arealwaysof thesametype(i.e.,they areinvocationsof thesame
externalprogram).

Figure 5.3 illustratesthe o w of BLAST commandines within Trellis Driver whenhomoge-
neousbatchingis used. The left side of the diagramprovides a snapshoof PA codefrom the
BLAST phase.Here,the work o w is speci ed in termsof control ow, so PA startsall BLAST
jobs,invokesawork o w barrierfunctionto await their completion.andthenrepeatghis procesgor
theParsingphase.

WhenPA callsTD.setGroup() , Trellis Driver registersthe BLAST job groupby addingan
entry to the job group hashtablgnot shavn), which mapsthe BLAST labelto the given batching
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factorof two. TheTD.exec() callssendtheBLAST commandinesto Trellis Driver, whichstores
themin separatéuffer entries,asseenn thecentreof thediagram.A seriesof “per-consumenext”
links is maintainedo form job groupsof the desiredsize.

On theright, we seeoneconsumerrecruitingtwo BLAST commandines from the buffer and

passinghemto anmgsub processThecommandine recruitingproceedsn threesteps:

1. TheconsumereadsheBLAST job grouplabelfrom thetop buffer entryshavn andconsults

thejob grouphashtabléo nd thatthedesiredbatchingfactoris two.

2. The consumerollows the perconsumemnext links until it hasgrabbedwo BLAST jobs, or

until a x edtimeouthasexpired.
3. Theconsumepasseshe concatenationf thetwo BLAST commandinesto mgsub.

Having a timeout preventsthe stanation of anincompletejob groupat the end of a work ow
phase.For instancejf PA executesl,000BLAST jobsandthe BLAST batchingfactoris 16, this
produces$2 groupsof 16 —accountingor the rst 992jobs—andoneremainingsmallergroupof 8
BLAST jobs. With no timeout,the consumerecruitingthe lastfew BLAST commandineswould
wait inde nitely for 8 morejobsthatwould never come.

Whena placeholdeis givenajob bundle(i.e., a setof jobs groupedtogethetby homogeneous
batching),it recevesone commandstring that consistsof multiple BLAST commandines sepa-
ratedby semi-colons.As per Unix corvention, placeholderscriptsexecutethesecommandines
individually. With homogeneoubatchingthe exactorderof job executionwithin a singlejob bun-
dle is irrelevant, sincethe jobs comefrom the samework o w phaseand are, therefore, mutually

independent.

5.3.2 Job Pipelines: HeterogeneousBatching of Jobs

Although Trellis Driver andmqgsub imposesigni cant overheador jobs with shortruntimes,the
costof transferringdatabetweerjobsfrom successie pipelinestageghatarerun on differenthosts
canalso entail considerableverhead. The late binding of jobs to placeholdersn Trellis means
thatBLAST andParsingjobsfrom a commonpipelinecanberun on differenthosts particularlyat
high placeholdercounts. In suchcasesthe homologuele outputtedby the BLAST job mustbe
transferredo the machinewherethe successoParsingjob runs.

To avoid datamovementoverheadsTrellis Driver supportsthe bundling of jobs from different
work o w phasesWereferto this stratey ashetepgeneoudbatdcing sincethejobsbundledtogether
areof distincttypes(i.e., they areinvocationsof differentexternalprograms).

Figure5.4illustratesthe o w of proteinpipelinejobswithin Trellis Driver whenheterogeneous
batchingis used. The left side of the diagramshaws a codeextract from the overlappedBLAST

andParsingphasesHerethework ow is speci edin termsof data o w, SO PA issueshe BLAST
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Figure5.4: HeterogeneouBatchingof ProteinPipelineswithin Trellis Driver

job andthe Parsingjob from the rst pipeline,thenthe BLAST andParsingjobs from the second
pipeline,andsoon.

Before executingeachpipeline, however, PA calls TD.createPipeline() to registerthe
next job pipelinewith Trellis Driver. Thisfunctioncall addsanew entryto thejob pipelinehashtable
(not shawn), which mapspipelinelabelsto their givenlengths which arealwaystwo in this work-

ow. TheTD.exec() callsaddthecommandinesof the BLAST andParsingjobsto the buffer,
asseenin the centreof thediagram.The perconsumenext links aresetaccordingto the speci ed
pipelinelength.

Theconsumerecruitscommandinesin amannesimilarto thatusedn homogeneoukatching.
Thedifferencds thatthereis notimeoutfor recruitingjobs. Thus,aconsumethat nds oneBLAST
job, which is part of a two-stagepipeline,will wait inde nitely for the accompaging Parsingjob.
This approachs usedbecausehe applicationis expectedto supplythe correctnumberof jobs for
every pipeline.

Data o w dependenciesetweerthe BLAST andParsingjobsarerespectedsincethecommand
stringsgivento placeholdersalways specify the commandlines in the sameorderin which the
correspondingobs wereissued. For instance jn Figure 5.4, the consumerconstructsa command
stringcontainingthe rst BLAST commandine, followedby asemi-colonandthenthe rst Parsing
commandine. Following Unix convention,the placeholdereceving thecommandstringshown in

theabove gure executeBLAST 1 beforeParsingl.

5.4 Experimental Results

In Section2.1, we explainedthe threestagesof PA's job pipelines. Stagesl and 2, BLAST and

Parsing,respectiely, areidenticalin boththetrainingandpredictionusecasesTable2.1 presented
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Figure5.5: PA-Trellis Makesparwith VaryingBatchingStratejies
BLAST andParsingPhasefRunAcrossaLAN

theruntimesof all four phasesn our PA testcasejn whichwe trainedandvalidatedanew classi er.
The BLAST phasehadby far the longestruntime. Although Parsinghada muchshorterruntime,
like the BLAST phase Parsingis alsoembarrassinglyarallel, meaningary numberof jobs from
eitherStagel or Stage? may executeconcurrently Accordingly, we parallelizedboththe BLAST
andParsingphase®f PA.

Experimentatesultspresentedn this chaptershow:

1. Homogeneoubatchingis moreeffective thanheterogeneousatching(Figure5.5). Thefor-
merstratgy reducesnakesparto amuchgreaterdegreethanthelatter, suggestinghatin this

PA work o w, mgsub imposegyreateroverheadhandatatransfer
2. Linearspeed-umf the BLAST phasés approachear achievedat all placeholdercounts.

3. TheParsingphaseactuallyslows down whenparallelizedat low placeholdecounts.Evenat

high placeholdecounts speed-uparenowherecloseto linear.

We parallelizedthe Parsingphaseof PA the samewe did for the BLAST phase Recallthecode
snapshotdérom the original and parallel PA (PA-Trellis), presentedn Section4.1, in the latter of

whichwe replacedRuntime.exec() callswith TrellisDriver.exec() calls.
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Num. No Hetero. Homo. Batching

PHs | Batching | Batching | 2BF 4BF 8 BF 16 BF 32BF 64 BF
2 4:17:14 | 3:26:17 | 3:30:02 | 3:06:50 | 2:54:43 | 2:49:16 | 2:46:27 | 2:45:44
4 2:18:20 | 1:43:55 | 1:47:35| 1:33:47| 1.27:44| 1:24:48 | 1:23:22 | 1.25:42
8 1:26:03 | 1:00:32 | 0:59:52| 0:49:21| 0:44:55| 0:43:21 | 0:43:57 | 0:44:46
16 1:08:41 | 0:40:14 | 0:40:42| 0:28:36| 0:24:45| 0:23:29 | 0:23:24 | 0:24:56

Table5.2: CombinedBLAST andParsingMakesparfor Varying BatchingStratgjiesandFactors
(H:MM:SS)
Original (SequentialBLAST andParsingMakesparnwas4:59:59

To benchmarkPA-Trellis againstthe original PA, we traineda new classi er with the same
input proteomeof 3,916sequenceand 1,531 featuresthat we usedin our testcase,presentedn
Section2.1. In all experimentsliscussedbelon, PA-Trellis wasrunoveraclusterof Linux machines,
connectedvia Fast Ethernet. Thus, the underlyingmetacomputespanneda local areanetwork
(LAN). Eachconstituenthostwasa Linux box thathadtwo AMD Athlon MP 1800+ processors,
1.5 GB mainmemory andran RedHat 7.1. The BLAST executableandthe Swiss-Protdatabase
werereplicatedon all metacomputehosts. The sequenceext les (i.e., the BLAST inputs),were
storedon an NFS-mountedvolume, making for transparenaind x ed-time dataaccessacrossall

hosts.Therewasno needto usethe Trellis File System(Trellis FS)for dataaccess.

5.4.1 Homogeneousss. HeterogeneouBatching

Figure 5.5 shavs the combinedmakespanfor the BLAST and Parsingphasef PA-Trellis with
varyingbatchingstratgjiesandfactors.The“No Batching”seriesrepresents basecasewherethe
BLAST andParsingjobswereall runindividually, andthustherewasno amortizationof mgsub or
datamovementoverheadsHere,batchingfactoris abbreviatedasBF.

Weimmediatelyseethateitherbatchingstratgyy decreasesiakespamoticeablyagainsthebase
caseatall placeholdercounts.For clarity, Table5.2 displaysthe valuesof the combinedmakespan
of the BLAST andParsingphasesThelabel PHis anabbreiation for placeholderThesenumbers
shav that homogeneou$atchingreducesmakespanconsiderablymore than doesheterogeneous
batching. Already at a batchingfactor of 4, homogeneoubatchingwins easily againstheteroge-
neoushatchingin termsof makespanFor instanceat 16 placeholdergheheterogeneousakespan
is 0:40:14 whichis a41.4%reductionof thebasecasemakesparof 1:08:41.However, thehomoge-
neousmakesparwith abatchingfactorof only 4 is 0:28:36,whichis amuchlarger58.4%reduction
againstthe basecasemakespan.Similar trendscanalsobe seenwith fewer than 16 placeholders.
At all higherbatchingfactors the homogeneoustrateyy outperformsheterogeneous/enmorede-
cisively, atall placeholdecounts.Thus,mqgsub appeardo beafar greatersourceof overheadhan
datamovement,rrespectve of the numberof placeholders.

With homogeneoubatching,thereare diminishingreturnsin makespanmprovementswhich

eventually go negative, as the batchingfactorincreases.This is evidentin the attening out of
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Figure5.6: LoadBalancingwith Varying PlaceholdeC€ountsandBatchingFactors

successie makesparbarsin Figure5.5 (exceptfor the heterogeneousarson the far right). Note
thathomogeneoumakesparis reducedconsiderablywhengoing from a batchingfactorof 2 to 4,
but only slightly, if atall, whengoingfrom a batchingfactorof 16 to 32. The batchingfactorthat
produceghe lowestmakesparvarieswith the numberof placeholdersFrom Table5.2, it appears
thatlargerbatchingfactorsleadto betterperformancet lower placeholdercounts.We discusghis

phenomenoin thefollowing subsection.

5.4.2 Causesof Load Imbalance

Having establishedhathomogeneoubatchingworksbestfor our testPA work o w, we now exam-
ine the differentcharacteristicef the BLAST and Parsingphases.We begin by investigatingthe
relationshipbetweerthe numberof placeholdersthe batchingfactor andmakespan.

As anillustrative exampleof inherenoadimbalancdn somesituations Figure5.6 shavsthree
differentload balancingscenarioseachof which has100jobs but a distinct combinationof place-
holdercountandbatchingfactor Columnsin the diagramsllustratethe assignmenof job bundles
to speci ¢ placeholdersyhicharelabeledatthebottom.Numbersn theboxesrepresenthesizeof
the job bundles.Rows represenjob assignmentrounds”, in which the Trellis schedulehandsoff
onebundle of jobsto eachplaceholder Time proceedslonnwardsin the diagrams meaningthat
the rst row representshe rst roundof job assignmentghe secondow the secondound,andso
on. Dashedinesfrom thetime arrow to the box of job assignmentgrovide a visual measurement
aid.

Figure5.6(a)shavs a scenarian which the numberof placeholdergimesthe batchingfactor
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Num. PHs | 2BF 4BF 8BF 16 BF 32BF 64 BF
2 2:47:08 | 2:35:35| 2:29:09 | 2:27:11| 2:25:38 | 2:25:12
4 1:23:26| 1:17:15| 1:14:26 | 1:12:53 | 1:12:32 | 1:15:19
8 0:42:49| 0:39:07| 0:37:26 | 0:37:07 | 0:37:58 | 0:38:56
16 0:23:33| 0:20:09| 0:19:24 | 0:19:41| 0:19:51 | 0:21:33

Table5.3: BLAST Makesparwith VaryingHomogeneouBatchingFactors
(H:MM:SS)
Original (SequentialBLAST Makespanvas4:51:26

Num. PHs | 2BF | 4BF | 8BF | 16BF | 32BF | 64BF
2 174 ) 187 | 195 | 198 | 200 | 2.01
4 349 | 3.77 | 392 | 4.00 | 402 | 3.87
8 681 | 745 | 779 | 785 | 7.68 | 7.49
16 12.38| 14.47| 15.03 | 14.81 | 14.68 | 13.52

Table5.4: Speed-upf ParallelBLAST over SequentiaBLAST with VaryingHomogeneouBatch-
ing Factors

evenly dividesthe numberof jobs, andthus perfectload balancingis achieved. In Figure5.6(b),

whenthe batchingfactoris 10, thereis someloadimbalancesincethe placeholdersio not all run

the samenumberof job bundles. The work o w's executiontakeslongerin this secondscenario,
requiringsix time unitsasopposedo the verequiredin the rst scenario.

Figure 5.6(c) shavs the samework ow asin (a) but with eight placeholdersnsteadof four.
Again,we seesomeloadimbalancesincethe placeholdersun differentnumbersof job bundles.In
this case doublingthe numberof placeholdersloesnot cut turnaroundime in half (i.e., by 50%).
Thework o w executiontakesthreetime unitsasopposedo ve, or 60%of theoriginal runtime.

Admittedly, if therewere120jobsinsteadof 100in the abose example,perfectload balancing
would be achieved with a batchingfactor of 10, or with 8 hosts. However, the above example
is intendedto shav that asthe job bundle granularityor the numberof placeholdersncreasesit
becomedesslikely to be ableto assigneachplaceholdethe samenumberof jobs. Fromthethree
scenariosllustrated,we seethateithera high numberof placeholdersr alarge batchingfactorcan

throw off loadbalancingtherebyprolongingmakespan.

5.4.3 Differencesn BLAST and Parsing Phases

Table5.3 displaysthe BLAST makespandor the PA-Trellis work o w introducedin the previous
section,with the bestmakespansobtainedat eachplaceholdercount highlighted. Note that the
optimalhomogeneoubatchingfactordecreaseasthenumberof placeholderincreasesWe believe
this is due to the load balancingtrendsdiscussecreviously. At 2 placeholderswhen half the
work o w jobs(50%),onaverage areassignedo eachplaceholderabatchingfactorof 64 produces
the shortesimakespan At 16 placeholderswhenonly onesixteenthof thework o w jobs (roughly

6%), on average,are assignedo eachplaceholderthe optimal batchingfactoris 8. Thus, the
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Num.PHs | 2BF 4BF 8 BF 16 BF 32BF 64 BF
2 0:42:54 | 0:31:16| 0:25:34| 0:22:05| 0:20:49 | 0:20:32
4 0:24:09| 0:16:31| 0:13:19| 0:11:56| 0:10:50| 0:10:22
8 0:17:03| 0:10:14| 0:07:29| 0:06:14 | 0:05:58 | 0:05:50
16 0:17:09| 0:08:27| 0:05:22 | 0:03:59| 0:03:33 | 0:03:23

Table5.5: ParsingMakesparwith VaryingHomogeneouBatchingFactors
(H:MM:SS)
Original (SequentialParsingMakesparwas0:08:33

Num. PHs | 2BF | 4BF | 8BF | 16BF | 32BF | 64BF
2 0.20| 0.27 | 0.33| 0.39 | 0.41 | 042
4 035|052 | 064 | 0.72 | 0.79 | 0.82
8 050 | 084 | 114 | 1.37 | 143 | 1.47
16 050 101| 160 | 2.15 | 241 | 253

Table5.6: Speed-upf Parallel Parsingover SequentiaParsingwith VaryingHomogeneouBatch-
ing Factors

combinationof large job bundlesanda high numberof hostsprolongsmakespan.This obsenation
is consistentvith our earlierillustrative load balancingscenarios.

Measuringspeed-upatiosfor theBLAST andParsingphasesllows usto asseshow effectively
we are amortizingthe overheadof mgsub and datatransfer Table 5.4 shovs speed-updor the
BLAST phaseNot surprisingly asthebatchingfactorincreasesndhencetheoverhead®f mqsub
areamortizednore,speed-upsmprove. For the2-placeholdecasewe achieselinearspeed-upvith
batchingfactorsof 32 and64. For the4-placeholdecase]inearspeed-ups achievedwith batching
factorsof 16 and32. For the 8 and 16-placeholdecasesywe fall just shortof linear speed-upWe
believe that contentionfor the commonTrellis CommandLine Sener (CLS), which mustprocess
requestgor alargernumberof placeholdersis thereasorfor this slightly wealer performanceWe
explorethisissuefurtherin Chapter6.

Table 5.5 displaysthe Parsingmakespandor the PA-Trellis work ow. Table 5.6 shavs the
correspondingpeed-upsimmediately we notethat parallelizingthis phasedoesnot produceary
worthwhile speed-up.At 2 or 4 placeholdersthereis actually an increasen the Parsingtimes,
regardlesof how high we setthe batchingfactor Evenat 8 or 16 placeholderswhenwe seesome
reductionin phasetime at higherbatchingfactorsthe speed-upsbtainedarequite low, well short
of linear

We believe this poor speed-ups simply dueto the small granularityof the Parsingjobs. The
shortruntimesfor individual Parsingjobs, which we estimateto be within the 0.5to 0.7 second
rangein Chapter6, makesfor a low ratio of computationto communicatiorin this phase.Here,
computatiorrefersto the time spentactually executingParsingjobs, and communicatiorrefersto

all overhead®f Trellis Driver, mqsub, andevenplaceholdergontactingthe CLS.
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5.5 Summary of Results

In Chapter4, we outlined Trellis Driver's scalable boundedbuffer architectureaswell asits API,
which is basedon that of Runtime.exec() . The codeextractsfrom the original PA and PA-
Trellisdemonstratetiow Trellis Driverfunctionsasadrop-inreplacemenfor Runtime.exec()
with theaddedfeatureof work o w barrierfunctions.

In this chapter we describedthe implementationof Trellis Driver. We followed the compu-
tational o w asTrellis Driver processesll the BLAST jobs launchedby the PA application. We
explainedour two differentjob batchingstrateyies,which addresswo differentinherentscheduling
overheads Our empiricalresultsshovedthatthe overheadof mgsub anddatamovementcanbe
amortizedby batching.In particular homogeneoubatchingleadsto linearspeed-umf the BLAST
phasein our testcase.The speed-upvaluesshovedthatthe optimal batchingfactorvarieswith the
numberof placeholdersyve believe thisis dueto load balancingtrends. The Parsingphaseobtains

low speed-upslueto smalljob granularity
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Chapter 6

Data-ConsciousSchedulingPolicy:
A Simulation Study

This chaptelinvestigateshe circumstancesnderwhich the ProteomeAnalyst(PA) applicationcan
bene t from aschedulingpolicy thatassigngobsto hoststhathold their input data. We implement
andre ne ournew schedulingolicy in thecontext of asimulationstudy which providesacontrolled
ervironmentfor easilyalteringkey parametersuchas le sizesandcommunicatioroverheads.

Chaptel5 presente@mpiricalresultsshaving the effectivenes®f homogeneougmb batchingat
amortizingjob schedulingoverheads We saw thatlinear speed-ugdor the BLAST phaseof PA is
achievedat higherbatchingfactors,eventhoughthejob schedulingstrategyy usedby Trellis is First
ComekFirst Sened (FCFS),which doesnot considerdatamovement.

Theresultsfrom the previous chapterdemonstratethatgoodspeed-upsreachiezablewithout

dataconsciousness schedulingHowever, threeimportantquestionsareleft unanswered:

1. While PA achiezesimpressve performancegainswhenthe metacomputespansalocal area

network (LAN), whatarethegainswhenthemetacomputespansawideareanetwork (WAN)?
2. Whataretheeffectsof usingschedulingpoliciesotherthanFCFSwithin the metacomputer?

3. Whatin uence do applicationandmetacomputingparameterssuchas le sizesor contention

for thecommandine sener (CLS) amongmultiple placeholdershave on performance?

Thischapteexplorestheabore questionsWe rst explainthedesignof ournew Data-Conscious
(DC) schedulingpolicy. We thendeterminehe casesn which co-locatingjobsandtheirinput data
improvesperformancesigni cantly. Finally, we explore theimpacton performanceof parameters

suchasjob batchingstratey anddatatransferrate.

6.1 Why UseSimulation?

The previous chapterpresentedesultsfrom experimentsthat wererun in a real settinginvolving

a LAN-spanningmetacomputewhoseresourcesvereall containedwithin a singleadministratve
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domain.Sincemetacomputingvorksacrossnultiple administratve domainghatmaybegeograph-
ically dispersedye wish to measurehe performanceof PA-Trellis on a metacomputethat spans
aWAN aswell. However, WAN ervironmentsare hardto regulatefor our own use. Many factors
that canimpactperformancesuchassustainableross-domaibandwidth lie beyond our control.
Obtainingexclusive accesgo all the resource®ver which we wish to distribute our metacomputer
canbedif cult sinceit requiresthe cooperatiorof all partieswho sharethoseresources.

A more practicalalternatve is to usesimulationto modelthe executionof PA-Trellis over a
WAN-spanningmetacomputerA simulatorprogramallows usto reproducehe PA-Trellis appli-
cationandits executionervironmentin sufcient detail, while controlling all factorsthatin uence
performanceincluding datatransfertimes. Additionally, we canadjustthe settingsof the relevant
modelparameters$o explore their theoreticalimpacton performance For example,we canin ate
the le sizesto seehaw well our new schedulingpolicy handlesdata-hesy work o ws.

Two morepropertiescommonto all simulatorsgreatlyaid our work. First, virtual experiments
executedby asimulatorarecarriedoutin virtual time andnotrealtime. Thus,we canrun arangeof
simulatedPA-Trellis experimentsn afew secondf realtime whereequivalentexperimentswith
the actualapplicationwould take hoursto complete. Secondthe importantscienti ¢ objectie of
reproducibilityof resultsis easilymetin simulation. The deterministicnatureof mary simulators,
including the onewe develop, meansthat preciselythe sameperformanceaesultsare obsenedin

successie trials with identicalinputs.

6.2 Smurph Simulation

We usethe Smurphsimulationpackagdg12], developedat the University of Alberta,to modelthe
executionof the PA applications work o w over a Trellis metacomputerThe Smurphutility is de-
signedfor writing discreteeventsimulationsof paclet-basedetwork protocols.We found Smurph
to beeasilyadaptabldor creatinganaccuratesimulationof the PA work o w andthe Trellis place-
holderschedulingervironment.

Figure 6.1 providesa diagramof the o w of control and databetweenthe key objectsin our
Smurphsimulation. The thick grey arrows indicatedata o w or the passingof information, such
ascommandines, betweenobjects. The thin black arrows indicatecontrol o w betweenobjects,
typically donethroughsignalling. In our simulation,we modelthe batchqueueson hostswithin
the metacomputemwhich controlthe executionof local placeholderg¢alsomodelled),andthe CLS
processwhich storesinformationon all jobsinjectedinto the Trellis systenmvia mgsub calls.

Thereis a single Root or masterobjectwhosecodeis executedat the beginning of every sim-
ulation. At start-uptime, the Rootobjectreadsonetext le specifyingthe placeholdetto-hostas-
signmentsBasedon thisinformation,the Rootcreateghe appropriatébatchqueueandplaceholder

objects.TheRootthenopensanotherle containingthelist of work o w jobsto beexecuted.
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Root Command Line Server (CLS)

Start:
while more jobs:
while more jobs: wait for contact from PH$

Wofz:gk)w L\ " assign workflow phas process done job reports( ==
assign jobs to idle PHs |7

< signal phase completion

if more jobs, goto Start

plc hidr
file

read placeholder info

wait for CLS to
finish all jobs

/ print workflow stats

Batchqueue (BQ Placeholder (PH)
repeat forever: d/ wait for turn to run
run PH at BQ heg retrieve cmd line (‘=
wait for current move data
| <&— Control Flow | PH to finish run cmd line
reinsert PH at report job completion
1 <¢:| Data Flow BQ tail | resubmit self

Figure6.1: ControlandDataFlow in SmurphSimulator

Our simulatorthenentersits mainwork o w processindoop, which functionsin threesteps:

1.

TheRootreadsthroughthelist of work o w jobsuntil it reachegheendof the currentphase.
For eachjob readin, the Root submitsthat job to the appropriateCLS object, creatingthat
CLSobject rst if necessaryThe handingof jobsto CLS instancess our way of simulating

themqsub invocationsdby consumethreadswithin Trellis Driver.
In all our simulations,we assumeonly one userrunninga single copy of PA. We therefore

createonly oneCLS instancethat processeall thework o w jobs.

The Rootsleepso allow the single CLS instanceto distribute the work o w jobs amongthe

placeholdersWhenthe CLS hasrecordedhe completionof all its jobs, it signalsthe Root.

. The Rootresumegeadingthe work ow le at the point just after the end of the previous

phaself therearemorejobslisted(i.e., thereis anotheiphasan thework o w), the programs
executionrepeatdrom Stepl. If theendof the le is reachedthe Rootprintsout work o w

executionstatisticsjncluding makesparandtotal datamovementandthe simulationends.

During the executionof a work o w phase,asin ary real Trellis setting,placeholdersnitiate

contactwith the CLS by sendingmessagegither reportingthe completionof jobs or askingfor
work. First,the CLS processeary outstandingeportsof nished jobsandsendsacknavliedgments
to the relevant placeholders.Second;o eachplaceholdemskingfor work, the CLS sendsa reply

messageontainingthecommandine of anew job. This actiity repeatstself until everyjob in the
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currentwork o w phaseas recordedcascomplete atwhich pointthe CLS signalsthe Rootandawaits
thearrival of a new phaseof jobs,asdiscussedbove.

Eachbatchqueueobjectsimulatesalocal batchingsystenthatexecuteson onehostandcontrols
wheneachplaceholdeboundto thatparticularhostruns.Local placeholderare,in essencegueued
jobs. Batchqueuedollow arepetitve proces®f: signallingthe placeholdeatthefront of thequeue
thatit may run; waiting for that placeholdetto retrieve the commandine of a new job andwhen
necessaryhe input data,executethe job, andreportthe job's completionto the CLS; and nally,
reinsertingthatplaceholdeat the backof the queue.

Placeholdeobjectsmodelthemovementof data les betweemmetacomputenostsby sleepinga
x edamountof virtual time relatecto theinputdataretrieval time aswell asto thenetwork type(i.e.,
LAN or WAN). Likewise, placeholdersexecute”jobs simply by sleepingfor a numberof virtual
time units that correspondso the job's runtime. Thus, the executionof work o w jobs proceeds
almostinstantaneouslin realtime sincethe simulatorprogramhasonly to advancevirtual time.

Includedin the job information passedrom the Rootto the CLS is the inter-job dependeng
informationre ecting thedata o w betweerBLAST andParsingjobs,for eachproteinpipeline. The
simulatorkeepgrackof thehostsonwhichparticularBLAST jobsrunandgenerateheirhomologue

les. Whenmodellingtheactionsof our data-consciouschedulerthe simulatorconsidersvhether
or not the placeholderthat is currently askingfor work is running on the samehost that stores
the homologueinput le of any ready-to-runParsingjob (i.e., any Parsingjob whoseprerequisite
BLAST job hascompleted).Parsingjobs whoseinput is availablelocally, if boundto the current
placeholderaregivenhigher priorities thanthosewhoseinput datamustbe copiedfrom a remote

host. We now describethe equationausedfor job priority calculationswithin our new scheduling

policy.

6.3 Job Priority Calculations

Whenwe introducedhe notion of dataconsciousness schedulingn Sectionl.1.3,we raisedtwo
importantpoints: First, althoughdataaf nity is the primaryobjective of our new schedulingpolicy,
thereare otherjob-speci ¢ characteristicshat are relevant when assigningjobs to hostswithin a
metacomputerSecondschedulersisuallymapeachcandidatgob to a numericpriority value,so
thatthe highestrankedjob maybe choserfor execution.

In our DC schedulingalgorithm, we employ a job priority calculationschemethat examines

threepropertiedor eachjob. Theabstracform of our priority equations:
(6.1)

Equation6.1shavsthatthepriority assignedo acandidatgob is thelinearsumof threenumeric
values.eachrepresentingneof therelevantjob properties Data af nity is ameasuref the poten-

tial datamovementavings. Highervaluesindicatethatlittle or nodatamovements requiredshould
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thegivenjob beassignedo the presently-gailableplaceholdeascomparedo anothemplaceholder
in the nearfuture. Dependentjobs is the numberof otherwork o w jobsthatcannotrun until this
particularjob hascompleted Thus,jobsthatarebottlenecksn thework o w have highervaluesfor
this seconderm. Queuetime is a measuref how long this job hasbeenin the metaqueuehigher
valuesindicatea job haswaitedin the queuefor a long time. Including this third term prevents
stanationof jobswith heary datamovementrequirementsr few dependents.

In practice the priority of acandidatgob for agivencurrentplaceholdecurrentPHanda set

of upcomingplaceholdersuturePHs is de ned asfollows:

_ . (6.2)

ThefunctionData Af nity _-R_C measuregherelative costof dataaf nity for job . Therelative
costof dataaf nity is afunctionof thecandidatgob , the currentplaceholdercurrentPH andthe
setof all future placeholderguturePHs which constitutesghoseplaceholderexpectedto askfor
work in the nearfuture. We explain theintuition behindthe relative costmetricandhow this value
is calculatedcbelow. Before,however, we discusgwo importantcharacteristicef Equation6.2.

First, notethatthereis no termfor dependenjobs. While the algumentof favouringthe execu-
tion of jobsthatarework o w bottlenecksds quitevalid in the context of work o w schedulingthe
PA work o wswe considerdo not containary suchbottleneckobs. The BLAST jobsthatcomprise
the rst pipelinestagealwayshave only onedependenjob, which is the Parsingjob from the same
pipeline. The Parsingjobs comprisingthe secondpipelinestagehave zerodependenfobs, sincein
ourwork we executethethird pipelinestagewithin thedriver processRudimentantestingshoved
thattheinclusionof thedependenjpbs metrichadno signi cant effectonthe performancef ary of
ourwork o ws. For this reasonwe excludethe dependenjpbs countfrom our priority calculations.

Secondpbsenre thatqueuetime is divided by whatwe call “placeholdedateng”. Here,queue
time is a function of job  andplaceholdedateng is a constantmeasuringhe time for one-way
communicatiorbetweerplaceholderandthe CLS, in the speci ¢ network ervironment(i.e., LAN
or WAN). For example whenaplaceholdecontactgshe CLSto askfor work, thereis a nite amount
of time for thatrequesto traversethe network andreachthe CLS. Placeholdetateng is ameasure
of this communicatiortime.

We performthe division in the secondterm of the equationto scaledown the impactof queue
time on nal priority. Throughpreliminaryevaluationsof job priorities, we foundthatusingqueue
timesdirectly madethevalueof this secondermtoolargeagainsthe metricof relative cost. Conse-
guently thegoalof co-locatingobsandtheir datawould oftenbeeclipsedy thegoalof minimizing
the queuetimesof jobs. Normalizingqueuetimesby placeholdetateng bringsthe valuesof this
job propertyin line with thoseof relative cost.

We choseplaceholdelateny asa scalingfactorbecauseve wantedto reducequeuetimesin
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a mannerthat wasconsciousof the underlyingnetwork. For example,in WAN ervironments the
dispatchingof jobs proceedsnoreslowly thanin LANs dueto theincreasedcommunicatiortimes
betweertheplaceholdersindthe CLS. This slower executionof thework o w re ects theproperties
of the metacomputingervironmentand not the actionsof the scheduler The larger placeholder
latengy valuein WAN ervironmentghenscalesvell with theinevitably longerqueuetimesof jobs.

We now explain our metricof relative cost,de ned as:

(6.3)

Equation6.3de nestherelative costof dataaf nity forajob astheminimumecostof assigning

to oneof the rst  upcomingplaceholdergPH for 1 to n), minusthe costof assigning to

the currentplaceholdei(currentPH). In practice,both thesequantitiesare expressedn simulation

time units. Conceptuallycostcanbe thoughtof asthe performancepenaltyincurredby having a

particularplaceholderun the given candidatgob. A job's relative costtells uswhetherit is better
to runthatjob now or later.

The costof runningjob  on the currentplaceholdeiis calculatedin a similar mannerto that
of running on an upcomingplaceholder As Equation6.4 will shav, measuringhe coston the
currentplaceholdeis a specialcaseof measuringhe coston anupcomingplaceholder

Whenthe policy predictsa highercostof bindingjob to anupcomingplaceholdeasopposed
to thecurrentplaceholderthevalueof the rst termin Equation6.3will begreaterthanthevalueof
the seconderm. Relative costwill thenbe positive, indicatingthatit is advantageous$o assignjob

to the currentplaceholderatherthananupcomingplaceholderWhenthe policy predictsa lower
costfor assigningob to anupcomingplaceholderthe rst termwill besmaller Relative costwill
thenbenegative,indicatingthatit is desirablgo delaythe executionof

We take the minimum value in the setof job assignmentostsfor the respectre upcoming
placeholdersothatin our priority calculationswve alwaysconsiderthe mostpromisingupcoming
placeholderThus,evenif thereis only oneupcomingplaceholdethatcanguaranteeataaf nity for
job , wecompareheperformancegenaltyof assigning to thecurrentplaceholdewith thatof as-
signing tothebest- tting upcomingplaceholderWheneverassigning to the currentplaceholder
entailsdatamovementwe will delaytheexecutionof whenthereis any opportunityto place on
a hostthatstoresits datain the nearfuture. This is assuminghatthe future job assignmenbccurs
soonenoughthatthedelayin executiondoesnot overwhelmthe datamovementsavings.

Following is the equationfor calculatingthe costof assigningob to eitherthe currentor an

upcomingplaceholder:

(6.4)
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Thearrival _time(PH) termin Equation6.4is anestimateof whenplaceholdePH will next ask
for work. For calculatingthe costof runningajob onthecurrentplaceholder is used
insteadof , andarrival time is zero,sincethe currentplaceholdecanrun ajob immediately

Arrival timesin Equation6.4 aremeasuredn the simulators virtual time units andarealways
relative to thepresentWe make our predictionson future placeholdearrivalsbasedn information
of pastarrivals. We keeptrackof the averagetime betweersuccessie arrivalsfor eachplaceholder
andusethis metricto estimatea givenplaceholdessnext arrival time (arrival time(PH)). Although
usingaveragearrival timesworksin our simulationstudy in generalcomputingfuturearrival times
is quitedif cult. Forinstancethevariationin job runtimesoverdifferentplatformsmustbe consid-
eredin a heterogeneousetting.

By examiningthe next arrival timesfor all placeholdersye canconstructa list of upcoming
placeholder@andthensortthatlist in the orderin which thoseplaceholdersvill askfor work. In-
spectingthe rst  entriesof this list thentells usthenext placeholderghatwill requestwork.
In practice we have foundthatconsideringhe next 32 placeholdearrivals (using = 32in Equa-
tion 6.3)produces highdegreeof dataaf nity withoutrequiringthesimulationprogramto examine
anunnecessariljong next arrivalslist.

Thedatatransferfunction,the secondermin Equation6.4, measureghevirtual time required
to transferjob 's input datato the hoston which placeholdePH runs. Section6.4 describeshe
model parameterspertainingto the network ervironment,that are usedto calculatedatatransfer
time. As mentionedn Section6.2, our simulatortrackswhich BLAST jobs run and producetheir
homologueles onwhich hosts.Thework ow le readin atthe beginning of the simulationcon-
tainsthe namesandsizesof the homologueinput les for eachParsingjob. Using the locationof
homologueles andinformationfrom the work ow le, our simulatorcandeterminehow much
data,if any, would needto betransferredf job wasassignedo placeholdePH .

Notethatwe in ate the costof datatransferthroughmultiplicationby a constan{penalty). This
way, the nal priority of a candidatgob is moredependenbn whetheror not thatjob's input data
needsto be shippedacrossthe network. This helpsour schedulingpolicy betterattainits primary
objective of co-locatingjobswith their data. Also, usersof Trellis cancontrolthe degreeto which
dataaf nity is enforcedby adjustingthe valueof the penaltyconstant.n our simulationswe have
foundthatusingpenalty= 25is sufcient to achieve high dataaf nity levels.

The nal termin Equation6.4 measureshe runtime of job . We assumgob runtimesare
constantacrossall hosts.In arealsetting,the runtimefor a givenjob mayvary greatly depending
on the placeholderto which that job is bound— given that metacomputingaggreyatesheteroge-
neousresourcesHowever, theassumptiorof runtimeuniformity is acceptablén the context of our
motivating application,PA, whosework o w is oftendistributedover clustersof hostswith similar
hardwareand software capabilities. For instance we have obsened no signi cant variationin the

runtimesof eitherthe BLAST or Parsingjobsondifferenthostsin the LAN environmentusedin the
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Model Parameter Lower | Upper
Sequencéile Size(B) 250 850

BLAST Runtime(s) 2.0 8.0
HomologueFile Size(B) | 5,000 | 85,000
ParsingRuntime(s) 0.5 0.7

Table6.1: Approximationof PA Work o w ParameteRangeBasedon Measurement

PA-Trellis experimentsf the previouschapter

Thereis obviously someroomfor variationin the priority calculationschemepresentedbove.
In Equations6.2 and 6.3, for instance pone could add numericcoefcients to the varioustermsto
altertheweightplacedonthedifferentjob characteristics.ik ely, thereareseveralcoefcient values
thatcouldleadto dataaf nity beingwell-balancedgainsiimiting maximumqueuetime. However,
thevaluesasshawn in the equationsabose make the priority calculationsimple,andareknown to

work in practice.

6.4 Model Parameters

Beforewe could carry out ary experimentscontrastingthe performanceof competingscheduling
algorithmsin simulated. AN andWAN settingswe rst neededo determineappropriateconstant
valuesfor all modelparameters.

To properlycharacterizeeal PA work o ws, we measuredhe input sizesandruntimesof the
BLAST andParsingjobsfrom a handfulof the proteinsfrom the sameproteomeusedin Chapters.
Table 6.1 lists the rangesfor the four work o w parameter®f interest. We basethe valuesof our
theseSmurphmodel parametersn the characteristicof ve different proteinswhosesequence
speci cation les arevariedin size,andcover (roughly)the overallrangeof sequencde sizesthat
we have obseredin proteomesanalyzedoy PA.

Recallthatthe analysisof a singleproteinentailsexecutinga shortpipelineof jobs,which was
shawvn in Figure2.1. WhengeneratingsyntheticPA work o ws for our simulation,we selectthe
sizeof thesequencde, whichconstitutegheinitial inputto a pipeline,from auniform probability
distribution spanningherangeof sequencde sizesshavnin Table6.1. Following ourobsenations
of realPA input le sizesandjob runtimeswe generat¢heruntimesof theBLAST andParsingjobs,
andthehomologuele sizesbasednthesequencde sizes.

In additionto replicatingthe PA work o wsin our simulation,we mustalsoreplicatethe execu-
tion ervironmentof thosework o ws. Table6.2 shavs measurement®r the four relevantparame-
tersof the Trellis placeholdeervironment,for bothLAN —andWAN —metacomputers.

The rst parametetistedin Table6.2, CLS ServicelnvocationTime, is a measureof thetime
for interactionbetweerplaceholdereandthe CLS. To measuréhis parametemwe launchedasingle

placeholdemwhosescriptwasmodi ed to reportthe turnaroundimesfor the CLS functionscalled
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Model Parameter LAN | WAN
CLS ServicelnvocationTime (s) | 0.66 1.30

QueuingDelay(s) 0.35 | 0.35
SCPLateny (s) 0.58 1.20
SCPTransferRate(B/s) 20,000| 5,000

Table6.2: SmurphSimulationParameter8asedon Measurement

by placeholderdor job retrieval andjob completionreporting. As the table shavs, the time for
placeholdeinteractionwith the CLS in aWAN settingis roughlydoublethatin aLAN setting.

The secondparametetisted, QueuingDelay, is a measureof the processingime of a single
placeholderequesby the CLS. An importantconsequencef runningmultiple placeholderss that
oftenmorethanoneplaceholdecontactshe CLS simultaneouslyAll placeholdergxecutingwork-

o w jobs from the active PA instancesharea commonmetaqueueand so individual placeholder
requestsnustbe queuedat the CLS asplaceholderswait their turn for accessinghatmetaqueue.

To measur&ueuingDelay, we launcheda“dummy” placeholdethatconstantlypullscommand
lines out of the metaqueudut doesnot executethem, therebycontinuouslyinteractingwith the
CLS. Oneplaceholdethatwasmodi ed to reporttheturnaroundimesof thetwo job management
functionsbut still executedcommandinesgivento it, wasalsolaunched.Turnaroundimesfor the
job managemerfunctionsin this casewerecomparedgainsthosein the casewith no contention.
The averagedifferencein thesetime valueswas taken as a measureof the queuingdelay This
parameters the samein a LAN or WAN setting,asshovn in Table6.2, sincethe queuingdelayis
purelyatthe CLS end,andis independentf the network type.

The remainingtwo parameter®f SCPLateny and SCP TransferRate measurehe time re-
quiredto transferaninput le betweemmetacomputehosts. SecureCopy (SCP),partof the SSH
suite[21], provides le transfersover an encryptedchannel. SCPLateng representshe start-up
costof transferringa le overthenetwork usingSCP Theper le lateng in aWAN ervironmentis
roughlydoublethatin a LAN ervironment.

The SCPTransferRaterepresentshe averagebandwidthattainedduring the copying of a le
from one metacomputehostto another LAN transferratesare basedthe time to copy homo-
logue les betweerhostsin theLinux clusterwe usedin our PA-Trellis experiments WAN transfer
ratesare representatie of actual le transfertimesbetweenhigh-performance&omputingcentres
(HPCCs)in EdmontonandCalgary andbetweenrHPCCsin EdmontonandNew Brunswick. Note
thefour-fold reductionin the datatransferrategoingfrom a LAN to a WAN ervironment. To esti-
matethis nal simulationparametemwe examinedthedifferencesn transfertimesof thehomologue
les ascomparedo their sizedifferencesfor eachof the ve proteinspreviously mentioned.

Thebandwidthmeasureshawn in Table6.2 may seemrathersmall giventhe speedof modern
LANs andWANs. Therearethreereasonsvhy we usethesenumbers:First, they arebasednreal

transfertimesof homologueles takenfrom anactualPA work o w. SecondSCPhasanencryption
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overheadthat reducessustainabldandwidth. Third, the maximumsize of ary homologuele is
only 85,000B. Giventhepropertieof modermetworks,PA or ary applicationis unlikely to achieve

maximumbandwidthfor suchsmallmessages.

6.5 Practicality of Data Consciousnest Scheduling

An important rst stepin developinganew schedulingoolicy thatconsidersiataplacements to an-
swerthe question:Underwhatcircumstancedoesintentionallyplacingjobswith their datanotably
improve applicationperformanceTlearly, input le sizesarea centralfactorin the schedulingde-
cisions.Whentheinput les areof asufcient size,theschedulemaychooseo delaytheexecution
of ajob for the sale of achieving dataaf nity , dependingn how far into the futurethe desiredhost
will becomeavailable.

Theresultspresentedh this sectionshow:

1. DC schedulingoffers a moderatereductionin makespanof almost15% over FCFSfor PA

work o wsbasedntheoriginalhomologuele sizes.

2. Themakesparreductionachieved by DC schedulingncreaseso 53% over FCFSasthe le

sizesarescaledup sufciently .

3. Our DC algorithmplacesthe maximumpossiblepercentag®f jobs on hoststhat hold their

inputdata,regardlesf le sizes.

We simulatedthe executionof our syntheticwork o w by reproducingthe job placemenide-
cisionsof the threeschedulingalgorithmsof FCFS,Shortestlob First (SJF),andDC. The FCFS
algorithmsimply assignghejob at the front of the queueto the rst availablemachine.Thus,jobs
are boundto hostsin the preciseorderthat they enterthe Trellis metaqueue.The SJFalgorithm
walksthelist of availablejobs, examiningtheir expectedruntimes,andalwayschooseghe shortest
job to run. We discusgthe situationsin which SJFis desirablejn Section6.7. As Section6.3 ex-
plained,our DC algorithmcalculategob priorities basedon multiple job characteristic§the most
importantbeinglocationof input data)in orderto reducedatamovementand, hence,application
responsdime.

The following threesubsectionsespectiely discussthe performancamprovementsachieved
by DC over FCFSandSJFfor virtual experimentausingthe original le sizes(i.e., thosethatwere

obsenedin practice),le sizesin ated by 10,and le sizesin ated by 100.

6.5.1 WAN Results: Original File Sizes

Figure6.2 shavsthe makesparof our syntheticl,000-pipeline-instanagork o w, furtherexplained
below, for the three competingschedulingalgorithms. Valuesin this graph, and all upcoming

graphsof makespanand dataaf nity , arethe averageof ten trials with differentrandomnumber
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seedsgeachof which producesa 1,000-pipelinevork o w with unique le sizesandjob runtimes.
We usehomogeneoubatchingof 16 jobswithin Trellis Driver sincethisis known to beaneffective
batchingfactor (i.e., onewhich provides good speed-upratios) in real PA work o ws, asseenin

Chaptens.

The numberof placeholderss plottedalongthe horizontalaxisin Figure6.2. Makesparmea-
surementareplottedalongtheverticalaxisandaregivenin Smurphindivisible time units (ITUs),
whicharethesimulations virtual time units. Here,makesparrefersto theelapsedirtual time from
whenthe rst BLAST job entersthe metaqueu¢o whenthe nal Parsingjob, andhencethe entire
work o w, completes.We speci ed all modelparameterandjob informationin sucha way thata
singleSmurphlTU correspondo 0.01seconds$n arealsetting.Soamakesparof 3.00 10 ITUs
conceptuallyrepresentarealmakesparof 3.00 10 seconds.

Figure 6.2 shavs that the DC algorithm provides a minor performancebene t againstFCFS
andSJFE Thedifferencesn the magnitudeof makespandbetweernthe FCFS,SJF andDC casesare
more pronouncedor smallernumbersof placeholdersalthoughDC continuesto outperformthe
othertwo algorithms,evenwhen32 placeholdersreused. The greatesproportionataeductionin
malkespanoccurswith 8 placeholderswhenthe DC makespanof 9.00 10 ITUs is 13.5%and
14.3%lessthantherespectie makespan®f 1.04 10 ITUs for FCFSand1.05 10 ITUs for
SJE

As the precedinghumberssuggestFCFSand SJFmakespansareroughly the same while the
DC makespansare someavhat less, at all placeholdercountsexcept32. At 32 placeholdersthe
malkespandor all threealgorithmsarewithin a muchnarraver rangeof oneanotherwith the DC
malkesparbeingonly 6.9%lessthanthatof FCFS.

We claim contentionfor the CLS asthe mainreasorfor DC's wealer performanceat 32 place-
holders. The greaterthe numberof placeholdersthe morelikely their individual communications
with the commonCLS areto overlap. Sincethe CLS can processonly one placeholderequest
at a time, multiple requestsrefrequentlyqueuedup, job dispatchings sloved, and makespanis
prolonged.We believe that contentionaffectsthe performanceof DC morethanfor the othertwo
algorithms.In Section6.6, we discusghis phenomenoim detail,andpresentesultsshaving thatif
the queuingdelayis reducedevenslightly, DC outperformg=CFSand SJFby a reasonablenamgin
with 32 placeholders.

In Section5.4.2,our illustrative exampleof loadimbalancedemonstratetiow high placeholder
countscanleadto anunevenjob distribution, which prolongsmakespan With 32 placeholdersfor
example,minor discrepanciem the numberof jobs executedon eachhostaremorelikely to occur
thanat 4 placeholdersWe believe, hawever, thatimperfectload balancinghasonly a minorimpact
onthe32-placeholdecase andsowe do not furtherinvestigatdoadbalancingeffects.

Figure 6.3 shaws the proportionof jobs for which dataafnity was achieved (i.e., jobs that

wereplacedwith theirinput data)for thethreeschedulingalgorithms.The horizontalaxis plotsthe
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numberof placeholdersvhile theverticalaxis plotsthe degreeof dataaf nity attained.

We intentionally placedall protein sequencespeci cation les, which are the inputsto the
BLAST jobs (Stagel in Figure 2.1), on a remotehostthat was not part of the simulatedmeta-
computer Thus,the rst job in apipelineis neverlocalto its data,analogouso anunavoidablecold
cachemissonthe rst dataaccessnadeby a program.Giventhateachpipelinehastwo stagesand
thatall input les for the rst stagemustbecopiedfrom a hostthatis externalto the metacomputer
themaximumpossibledataaf nity for ourwork ow is 0.5,0r 50%of all jobs.

Figure 6.3 shaws that the DC algorithm achiezesthe maximum50% dataaf nity level at all
placeholdercounts. In practice,we do not considerevery job thatis readyto run, sincewalking
along list of candidatgobs slows down our simulatorprogram. We have found that considering
up to 128readyjobsis sufcient to consistentlynd ajob whoseinput datais local to the current
placeholder

Thedataaf nity measurements Figure6.3 con rm thatDC meetsts objective of co-locating
jobsandtheir datafor this particularcombinationof batchingstratay, input le sizes,andnetwork
type. The gure alsoshavsthatFCFSandSJFattainmuchlower levels of dataaf nity . Thisis not
surprisingsinceneitherschedulingstrat@y considerghelocationof input data.

Although SJFmay appearto have higherdataaf nity levelsthan FCFSat lower placeholder
counts,it is importantto understandhatthe job assignmentsmadeduringthework o w's execution
vary greatly betweendifferentrandomseedtrials. To emphasizehis last point, we calculatedthe
standarddeviation in the ten dataaf nity valuesfrom the individual randomseedtrials whoseav-
eragesorm the datapointson the curvesin Figure6.3. The overlappingof the standarddeviation
barsbetweerthe valueson the FCFSand SJFcurvesindicatesthatthereis no statisticaldifference
betweerthedataaf nity levelsobtainedby thesetwo stratgies.

While DC outperformsothFCFSandSJFby awide mamgin for dataaf nity , it is evidentfrom
the precedingnakespamrmeasurementthatthereis not a large performanceyainto be achiezedby
usingschedulinghatis dataconsciouswhenthevirtual work o ws usetheoriginal homologuele
sizes. Thisis understandablagyiventhatthe maximumsizeof ary homologuele passedetween
pipelinestagess only 85,000B, asshavn by Table6.1. Although present-dayVANs do impose
non-nealigible latenciesthehomologueles in ourvirtual PA work o w aresimply notlargeenough
to give DC a strongperformancesdgeover its two competitors.

Thetotal quantityof potentialdatamovementalsodepend®nthesizeof thework o w. Forthese
experimentswe generated syntheticPA work o w consistingof the rst two stagegBLAST and
Parsing)of 1,000proteinanalysispipelines.Our choiceof 1,000pipelinesis intendedto producea
work o w thatentailsnon-trivial datamovementbut is still within the scopeof realPA usecasesin
practice PA usershave analyzedsomeproteomegontainingonly 1 sequencandotherscontaining

upto 100,000sequencesThus,1,000proteinsentailsa moderateamountof datamovement.
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6.5.2 WAN Results: File Sizesln ated by 10

Following the modestperformancamprovementsin our rst setof experimentswe in ated the
homologuele sizessothatthe potentialamountof datato be transferrecbecamdarge enoughto
affect performancesigni cantly.

Figure 6.4 shavs makespansbtainedwith the three schedulingalgorithmsfor the samePA
work o w usinghomogeneoubatchingof 16 jobs,but with le sizesmultipliedby 10. As expected,
malkespangor DC arelowerthanthoseof FCFSandSJFatall placeholdecountsby awider maigin
thanin theoriginaltrials. Thegreatesproportionateeductionoccurswith 8 placeholdersyhenthe
DC makesparof 9.07 10 ITUs s 19.0%lessthanthe FCFSmakesparof 1.12 10 ITUs, and
20.4%lessthanthe SJFmakesparof 1.14 10 ITUs. Thus,DC hasa moderatgerformanceyain
over FCFSor SJFwhenthe le sizesin ourwork o w aremultiplied by 10.

Figure6.5shovs dataaf nity levels. DC achieresthe maximumlevel of 50%atall placeholder
counts,far outperformingFCFSand SJF As in the previous dataaf nity graph(Figure6.3), the
curve for FCFSappearso be higherthanthatof SJFatlower placeholdecounts.However, thereis
onceagainoverlappingbetweerthe barsmarkingthe standardieviationsin the measuredaluesfor
FCFSandSJFE meaninghereis no statisticaldifferencebetweerthe dataaf nity levelsobtainedby

thesetwo algorithms.

6.5.3 WAN Results: File Sizesln ated by 100

Figure 6.6 contrastanakespanf the competingschedulingstratgjiesfor the samePA work o w,
usingthe samejob batchingstratgy, but with le sizesmultiplied by 100. Not surprisingly there
is a dramaticreductionin makespanfor DC againstFCFSor SJFat all placeholdercounts. The
greatessavings occurwith 16 placeholderswhenthe DC makesparof 5.05 10 ITUsis 52.8%
and53.7%lowerthantherespectie makespan®f1.07 10 ITUsand1.09 10 ITUsfor FCFS
andSJF DC, then,hasa large performanceadvantageover the othertwo algorithmswhenthe le
sizesare multiplied by 100. Makespanvaluesfor FCFSand SJFare quite close exceptwhen 2
placeholdersireused.

Dataaf nity levelsareshavnin Figure6.7. As before,DC achiezesthe maximumlevel of 50%
atall placeholdercounts,with FCFSand SJFattainingmuchlower dataaf nity levels. We seethe
samewide standarddeviation barson the averagedataaf nity valuesplottedby the FCFSandSJF
cunes. Note, though,that thereis no overlappingof barsfor the 2-placeholdercase,suggesting
FCFSfaresworsethanSJFhere.

While thecauseof this performanceliscrepang maybeof generainterestin work o w schedul-
ing, we have not yet found a satishctoryreasorfor it. We do notinvestigatethis phenomenomry
further, sinceour dataaf nity resultsachieve their main purposeof demonstratinghat DC attains

higherdataaf nity levelsthaneitherFCFSor SJF
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6.5.4 Summary of Results

The makespanmeasurementBom the precedingthreesetsof empiricaltrials indicatethat data-
consciousschedulingorovidesa minor reductionin makespanagainst-CFSand SJFfor synthetic
PA work o ws using le sizestaken from a real setting. We would expecta real PA work o w of
roughly 1,000pipelines,then,to bene t only slightly from our new algorithmwhenrunin a WAN
ervironment.However, whenwe multiply the le sizesby 10, andespeciallyby 100,we seemuch
larger proportionatemakespanreductions. As expected,workloadsthat are more data-intensie
performnotablybetterwith DC thanwith FCFSor SJE

The precedingresultsdemonstratéhat data-consciouschedulingis mostusefulin situations
whenthe amountof datapassedetweeninterdependenivork o w jobs, and hencethe amountof
time spenttransferringdata,is signi cant comparedo the overallmakespan.

Thedataaf nity measurementsom theprecedingrialsindicatethatthe DC algorithmachieres
optimaldataaf nity levels,irrespectveof le size.Thus,in aWAN environment,DC minimizesthe
numberof job assignmentshatresultin datatransfer evenwhenthe total datamovementsavings

aresmall.

6.6 LAN vs. WAN: Differencesn Performance

In our rst setsof experimentswe simulateda WAN becaus®f the high datamovementoverhead
in suchan ervironment. The WAN experiments then, formed a suitabletestbedfor determining
the circumstances which data-consciouschedulings desirable.However, it is commonfor PA
work o ws (andthoseof otherscienti ¢ applications}o be run over LANs. Onereasorfor using
aLAN is thatit offersa controlledenvironmentin which applicationadministratorcaneliminate
unwantedcontentiorfor computingresourcesndnetwork bandwidth.

Theresultsin this sectionshaw:

1. Performancdene tsof DC schedulingn a simulatedLAN follow the sametrendsobsened
in aWAN. As le sizesin the PA work ow areincreasedmakesparreductionsof DC over
FCFSandSJFincreasenotably reachinga respectabl@5.0%when le sizesarein ated by
100.

2. The DC algorithmplacesa slightly lower percentag®f jobswith their datain LANs thatit

doesin WANs, whentheoriginal le sizesareused.
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Figure 6.8 shaws the makespanobtainedwith the threeschedulingstratgies at the same ve
placeholdercountsusedin the WAN trials, with homogeneoubatchingof 16 jobs. We illustrate
bothLAN andWAN malkespangthe latter borrovedfrom Figure6.2) to highlight the differences
in malkespan®btainedn the two network environments.With 2 placeholdersthe FCFSmakespan
is3.18 10 ITUsin aLAN setting,ascomparedo 3.78 10 ITUs in a WAN setting— which
is a reductionof 15.9%. The SJFmakesparof 3.15 10 ITUsin aLAN is 15.1%lessthanthe
3.71 10 ITUsmakesparin aWAN. Finally, theDC-LAN makesparof 3.00 10 ITUsis11.5%
lessthanthe DC-WAN makesparof 3.39 10 ITUs.

The makespanreductionfor DC is somavhat smallerthan that for the two other algorithms
becausdhe only sourceof makespansavings for DC whenrun over a LAN versusa WAN is the
decreasedostof placeholdecommunicatiorwith the CLS, aslistedin the rst row of Table6.2.
SinceDC minimizesdatamovementin any network ernvironment,the total overheaddueto data
transferexperiencedy DC is muchlessthanthatexperiencedy eitherFCFSor SJE Themakespan
reductionvaluesabove suggesthatplaceholdecommunicationmposessigni cant overhead.

Migrating from a WAN to a LAN ervironment,we continueto seethe sametrendsin both
makesparreductionandtherelative performancesf thevariousalgorithmsatall placeholdecounts,
exceptfor 32. At 32 placeholdersthe DC-LAN makesparnf 2.91 10 ITUs is amere6.4%less
thanthe DC-WAN makesparof 3.11 10 ITUs. This DC makesparalsois slightly higherthan
themalkespan®f FCFSandSJFE whichare2.88 10 ITUsand2.74 10 ITUs,respectiely.

In Section6.5.1,we claimedthatthemainreasorfor DC'sdropin performancet 32 placehold-
erswascontentionfor thecommonCLS. We reasonedhata high placeholdecountcausesndivid-
ual placeholderequestdo overlapoften, resultingin oneplaceholdetbeingservicedby the CLS,
while the othersidly await their turn. This frequentcontentionincreaseshe averageturnaround
time for the two placeholdemperationsof retrieving a nev commandline and reportinga job's
completion therebyslowing thework o w execution.

Thewaiting time for queuedblaceholderslepend®nthe QueuingDelayparameterthe concept
of whichwasexplainedin Section6.4 andfor which avalueof 0.35secondsvasgivenin Table6.2.
We ran our simulationwith a decreasedueuingDelay value of 0.25 secondgo verify whether
reducedqueuingtimessigni cantly decreasehe performancepenaltyimposedby contention.We
obtainedFCFS-LANandDC-LAN makespan®f 2.83 10 ITUsand2.76 10 ITUs, respec-
tively, for our syntheticwork o w at 32 placeholdersFurtherreducingthe QueuingDelay valueto
0.15secondswvidenedthe gap betweenFCFSand DC makespansn a LAN, producingvaluesof
2.79 10 ITUsand2.67 10 ITUs, respectiely. Theseresultsindicatethatreducingthe Queu-
ing Delay evenmoderatelycauseshe makesparof DC to dropbelow thatof FCFS,suggestinghat
contentionis indeedthe maincauseof DC's slightly wealer performancet 32 placeholders.

Figure6.9plotsthedataaf nity levelsfor theLAN trialsusingtheoriginal le sizes.DC obtains

dataaf nity of almost50%atall placeholdercounts far outperforming=CFSandSJF Theslightly
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suboptimaldataaf nity levels are not problematic. The lower costof datamovementin a LAN
meanghatthe schedulesometimeghoosesotto co-locatgobsandtheir data.

Despitethe high dataaf nity attainedoy DC, however, the makesparresultsshowv thatthereis
atbesta minor performancemprovementand,at 32 placeholdersa slight drop-off in performance
whenDC is usedinsteadof FCFSor SJFE

As we increasehe le sizes,DC's performancebene ts graduallyincrease.Figures6.10and
6.11provide themakesparanddataaf nity resultsfrom theLAN experimentaltrialswith le sizes
in ated by 10. The DC makespansareonly slightly lessthanthat of FCFSand SJF eventhough
DC attainsmaximumdataafnity at all placeholdercounts. Figures6.12 and 6.13 provide the
resultsfrom the LAN trials with le sizesin ated by 100. Here, DC beginsto offer a noticeable
performancébene t over FCFSand SJF The greatesteductionoccurswith 8 placeholderswhen
theDC makesparof 8.02 10 ITUsis 25.0%lessthanthe FCFSmakesparof 1.07 10 ITUs.

As expected,increasingthe le sizesdoesnot hurt performancesubstantiallyin a LAN. This
last obsenationis evidentin the increasinggapsbetweenthe makespanvaluesfrom the two trial
setsaswe scaleup the le sizes. WAN makespansncreasesigni cantly while LAN malkespans
increasemoderately With le sizesin ated by 100,the FCFS-LAN makesparat 2 placeholderss
3.73 10 ITUs,asteepdl.1%lessthanthe FCFS-WAN makesparof 6.33 10 ITUs.

We concludethatalthoughthe bene ts of DC schedulingollow the sametrendsin a simulated
LAN asin a WAN, the potentialdatamovementsavings aretoo smallto bene t makesparnto ary

signi cant degree,unlessthe le sizesarein ated by atleast100.

6.7 Advantagesof SJF

Thusfar, we have emphasizedhe performancebene ts of DC primarily over FCFS,which is the
schedulingmechanisncurrentlyusedin Trellis. We include SJFmetricsin our makesparanddata
afnity resultsfor threereasons:1) SJFis a widely-usedjob schedulingstrateyy thatis easyto

implement;2) SJF like FCFS,is unavareof input datalocationandis thereforea suitablesecond
baselinestratgly to compareour DC algorithmagainst;and3) SIFminimizesmeanresponsgime,

whichis a standardperformanceneasuran scheduling.Meanresponsdime refersto the average
time elapsedrom whenajob is submittedto the Trellis systemto whenthatjob nishes executing.
In this section,we shawv that despitethe tendeng of SJFto minimize meanresponsdimes, DC

actuallyproducedower meanresponséimesthanSJFin WANs for all le sizes,andin LANs when
the les arein ated by 100.

PA usersareconcernegrimarily aboutthe end-to-endime for traininganew classi er or using
anexistingoneto classifyanentireproteomeandnotindividualjob respons¢éimes.However, some
scienti ¢ applicationshave work o ws that consistof a single pipelineof jobs. In thesecasesthe
meanresponsegime determinesherateat which the resultsareproducecandmadeavailableto the

user The SJFstratgly would thenbealogical schedulingstratayy to use.
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The bene ts of SJFaremostapparentvhenthereis a substantiatangein servicetimes. This
is becausehe algorithmavoids executingthe longest-runningobs, which cantie up all otherjobs,
until theendof thework o w'sexecution.Figure6.14plotsthedistribution of runtimesfor theTrellis
jobs comprisingthe BLAST phase.Theseresultsare basedon a homogeneoubatchingfactorof
16, with arandomseedvalueof 1. Examinationof thework ow les producedby differentseed
valuesrevealeda similar variationin job runtimes.

In Table6.1,we sav therewasconsiderableariationin theruntimesof individual BLAST jobs
(betweentwo andeightseconds) Whenmultiple BLAST jobs arebundledinto a commonTrellis
job with homogeneoubatching thediscrepancies runtimesevidently becomemagni ed.

Figures6.15and6.16illustratethe meanresponsdime acrosshe BLAST andParsingphases
atour vestandardplaceholdercountsin WAN andLAN settings respectiely. Theresultsin both

gures indicatethat FCFShasthe highestmeanresponsdime for any numberof placeholdersn
eithernetwork type. This is not surprisingsinceFCFSis designedo be fair andnot to minimize
job respons¢imes. TheWAN resultsshavn in Figure6.15indicatethatonly at 2 placeholdersloes
SJFproducea lower meanresponsgime thanDC. At higherplaceholdeicounts,DC outperforms
SJF The datamovementsavings realizedby a data-consciouschedulingpolicy, evenwhenusing
the original, relatively small les, evidently pay off againstthe baselineSJF stratgy in a WAN

environment.
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