
University of Alberta

Library ReleaseForm

Nameof Author : NicholasPeterDavid Lamb

Title of Thesis: Data-ConsciousSchedulingof Work�o ws in Metacomputers

Degree: Masterof Science

Year this DegreeGranted: 2005

Permissionis herebygrantedto theUniversityof AlbertaLibrary to reproducesinglecopiesof this
thesisandto lendor sell suchcopiesfor private,scholarlyor scienti�c researchpurposesonly.

The authorreservesall otherpublicationandotherrights in associationwith the copyright in the
thesis,andexceptashereinbeforeprovided,neitherthe thesisnor any substantialportion thereof
maybeprintedor otherwisereproducedin any materialform whatsoeverwithout theauthor'sprior
writtenpermission.

NicholasPeterDavid Lamb
221AthabascaHall
Universityof Alberta
Edmonton,Alberta
Canada,T6G2X5

Date:



University of Alberta

DATA-CONSCIOUS SCHEDULING OF WORKFLOWS IN METACOMPUTERS

by

NicholasPeter David Lamb

A thesissubmittedto the Faculty of GraduateStudiesand Researchin partial ful�llment of the
requirementsfor thedegreeof Master of Science

in

Departmentof ComputingScience

Edmonton,Alberta
Fall 2005



University of Alberta

Faculty of Graduate Studiesand Research

Theundersignedcertify thatthey haveread,andrecommendto theFacultyof GraduateStudiesand
Researchfor acceptance,a thesisentitledData-ConsciousSchedulingof Work�o wsin Metacom-
puters submittedby NicholasPeterDavid Lamb in partial ful�llment of the requirementsfor the
degreeof Master of Sciencein theDepartmentof ComputingScience.

PaulLu (Supervisor)

MikeCarbonaro(External)

Pawel Gburzynski

Date:



Abstract

We developtheTrellis Driverpackagefor integratingJavaapplicationswith Trellis metacomputers,

which areuser-level aggregationsof hosts. Using TrellisDriver.exec() calls in placeof

Runtime.exec() calls, applicationscandistribute their work�o ws acrossmetacomputers.For

example,ProteomeAnalyst (PA) is a high-performancebioinformaticstool that executesa work-

�o w of jobsto annotateproteomes.Runningall work�o w jobson a singleserver severelyrestricts

throughputfor largeanalyses.Empiricalresultsshow thatTrellis Driver's job schedulingoverheads

canbeamortizedby batchingtogethermany jobs,leadingto linearspeed-upof applicationphases.

We further investigatetechniquesto optimize PA's performanceby reducingdatamovement

betweenwork�o w jobs. We testour new Data-Conscious(DC) schedulingpolicy for Trellis in a

simulationstudy. Simulationresultsshow thatDC schedulingis mostbene�cial whenco-locating

jobsanddataoffersconsiderablesavingsin eithernetwork overheads,or overheadsdueto applica-

tion �le sizes.
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Chapter 1

Intr oduction

Many areasof science,includingbioinformatics,chemistry, andphysics,exhibit problemsthat re-

quire yearsof computingcyclesto solve. Examplesof suchproblemsincludeproteinannotation,

thermodynamicmolecularmodelling,simulatingion transport,andsimulatingproteinfolding [26].

Regardlessof theadvancesin centralprocessingunit (CPU)power, or thedataprocessingandstor-

agecapabilitiesof even the mostpowerful supercomputersat any point in time, therearealways

scienti�c problemswhoseresourcedemandsexceedthe capacityof any single machineor even

a collection of dedicated,high-endservers from onecomputingsite. For example,the study of

thechiral recognitionsurfacesof two chiral moleculesinvolvescalculatinginteractionenergiesat

many differentseparationsandorientations[34]. Thecomputationfor onedatapoint cantake up to

four hourson a singleserver, usingpresent-daytechnology. A chiral recognitionexperimentwith

10,000datapointswould,for example,require40,000CPUhours,or approximately4.6CPUyears.

Thereis, then,a persistentneedto aggregateresourcesfrom multiple computingsitesto improve

throughput– theamountof work completedoveracertaintimeperiod– andsigni�cantly reducethe

turnaroundtime of thecomputation.By doingso,systemsintegrationis ableto furthera particular

areaof science.

Softwareapplicationsthatarewritten to solve large-scalescienti�c 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 dependenciesbetweendifferentpartsof the computationthat forms a work�ow, which is a di-

rectedacyclic graph(DAG) of interdependentapplicationtasks.Work�o ws areexplainedin detail

in Section1.1.1. As an externalexamplefrom the literature,which we will discussonly here,we

canconsiderthework�o w of anatmosphericmodellingapplication[1, 2], shown in Figure1.1.

In the�rst stageof thework�o w, environmentaldatais acquiredfrom a distribution of sensors,

andthenfed to a generalcirculationmodellingtask,which computesglobalweatherpatterns.The

circulationmodellingtasksendsits outputdatato a regionalweathermodel,which produceswind

datafor a �x edarea,usingsomeadditionalsensorydata.Outputvaluesfrom theregionalweather

modelarethensentto severalpollutionmodellingtasks,includingaphoto-chemicalmodel,aparti-
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Figure1.1: AtmosphericSciencesWork�o w

cledispersionmodel,andabush�re model.Theoutputsfrom thevariouspollutionmodelsarethen

passedto a 3D visualizationtask,whichprovidesagraphicalrepresentationof atmospherictrends.

In Figure1.1, the directionof the arrows indicatesthe �o w of data. For instance,the general

circulationmodeltaskpassesdatato the regionalweathermodeltask. Therefore,the former task

mustcompletebeforethelattermaybegin. Thus,theexecutionof jobsproceedsdownwardsin the

diagram.

We refer to a singleunit of computation,or task,asa job. Typically, thereis a masteror driver

job thatmanagestheotherjobs. This masterjob startstheotherjobs,monitorstheir progress,and

combinestheir individual resultsto generatea completesolution. Thus, the masterjob controls

the overall executionof thework�o w. Although Figure1.1 doesnot show a masterjob, a master

job could be addedto this work�o w to perform, for example, the transferringof datafrom the

sensorsto the hoststhat executethe variousmodellingprograms,aswell asthe invocationof all

dataacquisition,modelling,andvisualizationjobs.

A metacomputingsystemis a commonplatformfor executingscienti�c applicationswith large

andcomplex work�o ws. In a metacomputingsystem,resourcesbelongingto differentcomputing

centresthat aremanagedby differentadministrators,areaggregatedto boostcomputingcapacity.

Runningapplicationson a metacomputingplatform posesseveral technicalchallenges– namely,

transparency of dataaccess,securityof communications,fault toleranceand,�nally , schedulingof

theresultingworkloadacrossmultiple sites.

Herethe term schedulingrefersto the mappingof individual jobs to speci�c processors.The

2



problemof job schedulinghasbeena topic of interestin high-performancescienti�c computing

for decades.Much work to datehasfocusedsolelyon maximizingapplicationthroughput.While

this metric is importantin determiningtheoverall effectivenessanduseracceptanceof a particular

schedulingalgorithm,themagnitudeof datathatmustbe transferredbetweennetworks is another

essentialperformancefactorin schedulingin metacomputing.Unduedatamovementimposesaper-

formancepenaltyonwork�o w execution,asindividual jobsmustwait for their typically largeinput

�les to be transferredacrosssharednetworks beforethey canrun. An idealpolicy for scheduling

scienti�c work�o wsplacesthecomputationnearthedatawheneverit is feasibleto doso,while still

ensuringhigh throughput.

1.1 KeyConcepts

Havingexplainedthemainmotivationbehindthisresearch,wenow providebackgroundinformation

on thekey conceptsof work�o ws, metacomputing,dataconsciousnessin scheduling,andmecha-

nismsversuspolicies. Finally, we explain how theseconceptsarecombinedto form the basisof

the experimentalanddevelopmentwork presentedin this thesis. A solid understandingof these

conceptsandhow they �t togetheris necessaryto fully appreciatethecontributionsof thiswork and

its placein thebroadresearchareaof high-performancescienti�c computing.

1.1.1 Workloads and Work�o ws

Certainapplicationsin scienceperforma large numberof independentcomputations.We refer to

the setof all computations,or jobs, that mustbe run within an applicationasthe workload. One

speci�c type of workloadis an embarrassinglyparallel computation,in which no communication

betweenindividual jobsis required.Parameterspacestudiesarea goodexampleof embarrassingly

parallelworkloads[23]. In suchexperiments,eachjob is aninvocationof thesamecalculationwith

a uniquedatapoint, andhasno in�uence on theoutcomeof othercalculations.Schedulingof such

workloadsis easysincetherearenoconstraintson job ordering;theschedulercanassignany job to

any availablehost.

Other applications,however, perform computationsthat have a patternof interdependencies.

Theworkloadsof theseapplicationsconstitutework�ows, whicharecontrol-�ow or data-�ow struc-

turesof typically heterogeneoustasksthat collaboratively solve a large-scaleproblem. Work�o ws

areconvenientlyexpressedasDAGs[13]. Dataanalysisapplicationswith discerniblecomputational

phasesaregoodexamplesof applicationsthatexecutework�o ws. Recallourearlierexampleof the

atmosphericmodellingprogramwhosework�o w wasshown in Figure1.1. The �rst application

phaseof dataacquisitiongeneratesenvironmentaldatathat is consumedby thegeneralmodelling

phasethat follows. This secondphaseproducesdatathat is consumedby the regional weather

modellingphase,andsoon. Thedata�o w betweenphasesplacesconstraintson theorderin which

individualjobsmayrun. For instance,any combinationof thedataacquisitiontasksmayrunconcur-

3
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rently, but all dataacquisitiontasksmustcompletebeforethegeneralmodellingtaskcanrun. The

schedulingof thesetypesof workloadsis morecomplicatedthanit is for embarrassinglyparallel

workloads.

1.1.2 Metacomputing

Academicresearchersandindustryprofessionalswho run scienti�c applicationswhosework�o ws

containhundredsor thousandsof jobs often wish to harnessthe power of multiple independent

serversto maximizethethroughputof their applications.Theserversusedmayfall underdifferent

administrative domains, which areautonomouscomputingcentreswherelocal administratorsen-

force their own policiesconcerningresourceusage.It is commonfor usersto obtainaccountsat

severalhigh-performancecomputingcentres(HPCCs)sothatthey mayaggregateresourcesto pro-

videtheneededhardwareandsoftwarecapacity. Thedif�culty in executingwork�o wsovermultiple

HPCCsis thatjobsanddatamustbepassedbetweenadministrativedomains,eachof which runsits

own batchschedulingsoftware,andmaysit behindits own �re wall.

For effectiveandconvenientutilizationof all availableresources,usersshouldbeableto submit

their jobs to oneinstanceof a schedulingservicethat automaticallydistributesjobs over multiple

executionhosts(or servers). Metacomputingaims to abstracta collectionof individual comput-

ing serversby providing the userwith a view of a singlesupercomputer. Overlaymetacomputers

provide this abstractionby building on top of existing infrastructurewith software that performs

cross-domainjob scheduling.

Userscancreatetheir personalmetacomputerby combiningspeci�c machinesfrom any com-

putingcentreto which they haveaccess.Considertheschematicdiagramof ametacomputershown

in Figure1.2. In this case,the userhasaccessto two differentadministrative domainsfrom two

differentuniversities. The separateresourcesfrom thesetwo systemsappearasonelarge system

to theuser. Overlaymetacomputersoftwareprovidestheuserwith a singlepoint of control for job

admissionandmanagement.

A commonsolutionfor providingmetacomputer-wideschedulingis to implementauser-speci�c

metaqueue. A metaqueueis a centraldepositoryfor jobs that areto be run over a metacomputer.

Metaqueuesaresimilar to globalqueuesin thesensethatthey providehigh-level job queuing.Jobs

4



in a metaqueuearenot boundto any particularhostor HPCCeitherat thetime they aresubmitted,

or while they wait in thequeuefor resourcesto becomeavailable. Only whena job is selectedfor

runningis that job boundto a speci�c machineor groupof machines.Basedon a well-de�ned set

of criteria,themetacomputingsystemdecidesontowhichHPCCto of�oad a job, andautomatically

handlesprogramanddatashippingbetweendomains.Userssubmitandmonitor jobs throughthe

metaqueueonly; they neednot interactwith local job schedulingsystemsto handletheexactplace-

mentof individual jobs. This featuremakessubmittingjobs intuitive andstraightforwardto users,

andallows localadministratorsto retaintheir autonomy.

1.1.3 Data Consciousnessin Scheduling

Certainschedulingalgorithmsfocusexclusivelyonmaximizingapplicationthroughput.Throughput

is de�nedasthenumberof workunitscompletedin a�x edtimeinterval. Thesealgorithms,however,

areoftenunawareof the locationof data�les requiredby individual jobs. If a largepercentageof

jobsmustcopy theirdatafrom aremotehostbeforeexecuting,thecumulativedatamovementwhen

executinga work�o w of thousandsof jobs could be substantial.Moving sucha large amountof

databetweenmachinesacrossseparatenetworksmaylimit theattainablethroughput,sinceagreater

proportionof executiontime is now spentin communicationasopposedto computation.

Weaimto de�ne aschedulingstrategy thatis dataconscious, whichwe de�ne asa strategy that

considersthe locationof a job's input datawhenevaluatingthat job's suitability for executionon a

speci�c processoror groupof processors.Dataconsciousnessis animportantgoalfor job schedul-

ing in metacomputingenvironments.Metacomputerscomprisehostsfrom differentadministrative

domains,possiblyatgeographicallydistantsites,sothereis oftenconsiderableoverheadin fetching

theinput dataof a job from a remotehost.

While dataaf�nity (i.e., enforcingdatalocality throughjob assignmentdecisions)is the pri-

mary designgoal of the schedulingpolicy we develop, thereareother job-speci�c traits that can

in�uence performanceof work�o w execution. Considerthe importanceof thepatternof inter-job

dependencies.Thecompletionof certainjobsmayfreeupor unblockmorewaiting jobsthanwould

thecompletionof others.Jobswith a highernumberof dependentsshouldbepreferredfor running

overthosewith fewerdependents.Thelengthof timeagivenjob hasbeenin thework queueshould

alsobe considered,in the interestof limiting themaximumtime for servicingjobs. By favouring

jobs with a long waiting time for execution,theschedulerpreventsstarvationof jobs deemedless

importantby othermeasures.

Typically, schedulersconsidera variety of job criteria and map the jobs to a single priority

value;thejob with thehighestpriority is thenchosenfor running.Thus,our fundamentalchallenge

in designinganef�cient schedulerfor a metacomputingenvironmentis to de�ne a setof equations

thattakesquanti�edmeasuresof all of theaforementionedjob characteristicsfor agivenjob,weighs

eachof themappropriately, andreturnsa numericvaluerepresentingthatjob'spriority.
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1.1.4 Mechanismsvs. Policies

It is importantto distinguishbetweenthenotionsof mechanismsandpolicies. A mechanismpro-

videstheinfrastructureor meansfor carryingouta task,whereasapolicy outlinesrulesonhow that

taskis to becarriedout. Thus,policiesformulateheuristics(i.e., rulesof thumb)to make intelligent

decisionsasto how to bestusemechanismsto accomplishtheir tasks.Considerthetask,requiredby

anoperatingsystem,of providing userswith accessto a �le. Theopen() systemcall providedby

Unix systemsis a mechanismfor accomplishingthis task.Any prefetchingandcachingtechniques

usedby a particularversionof Unix for optimizing �le accessarea matterof policy. Separation

of themechanismfrom thepolicy is advantageousbecausesystemsprogrammersmaychangeone

without affectingtheother. For instance,implementorsof open() may integratea new prefetch-

ing policy into this routinewithoutmodifying its semanticbehaviour or syntacticsignature,bothof

whichareexamplesof mechanism.

Althoughdesigningandimplementinga mechanismfor executingwork�o wswith inter-job de-

pendenciesis non-trivial, solutionsthatarebothef�cient andscalabledo exist [13]. Suchmecha-

nismsprovidea meansfor usersto submitjobs,andhave thosejobsrun on remotehosts.Choosing

thebestjob to assignto a freehost,however, is amatterof policy.

A policy for schedulingwork�o w jobsin metacomputersde�nesamethodfor choosingthemost

appropriatejob to runnext, from agroupof severalcandidatejobs.Duringtheexecutionof any non-

trivial work�o w, thereareoftenmultiple jobsthatcanberunat agivenmomentdueto �e xibility in

thepatternof dependenciesbetweenjobs. A greaternumberof candidatejobsoffersthescheduler

more�e xibility in assigningjobsto hosts,which in turn canleadto betterjob assignments.

1.1.5 Integration of KeyConcepts

The individual conceptsdiscussedabove �t togetherin a speci�c way within the context of this

thesis. We addressscienti�c applicationsperforminglarge-scalecomputationsthat entail running

a work�o w of jobs, andthat requirehigh-performancecomputingresourcesto completewithin a

timeframeacceptableto theresearcherswho dependon thosecomputationalresults.Our execution

platform is an overlay metacomputer, which is a convenientaggregationof hostsfrom multiple

administrative domains. Overlay metacomputersare a simpleyet effective way of obtainingthe

necessarycomputingcapacityfor suchapplications.

Givenametacomputingenvironmentandawork�o w of stand-alonejobs,eachwith its own input

dataneeds,we seeka strategy of assigningjobsto hoststhatplacesjobswith their input datawhen

practicalto do so. We focuson developinga schedulingpolicy thatupholdsdataconsciousnessby

weighingthecostof moving �les acrossnetworksagainstotherjob-speci�c factors.
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1.2 Contributions and Outline

Having introducedthe computingscienceconceptsthat arefundamentalto this work, andsubse-

quentlyexplainedhow theseconceptsrelateto eachother, we now highlight themaincontributions

of this work, andprovideanoverview of theorganizationof this thesis.

1.2.1 Contributions

Therearethreemaincontributionsof this thesis:

1. Developmentof a Java Packageto Transform Process-level Concurrencyinto Work�o w

ConcurrencyWithin Metacomputers

Weusethebioinformaticstool ProteomeAnalyst(PA) asaguidingapplication.PA'swork�o w

containsseveralopportunitiesfor job parallelism,but exploitationof this parallelismrequires

integratingthe applicationwith the cross-domainschedulingservicetypical of a metacom-

puter. We developa new softwaremodulecalledTrellis Driver thatallows Java applications,

suchasPA, to integratewith theexistingTrellis metacomputingsystem.

2. Implementation of Job Batching Strategiesto Amortize SchedulingOverheads

TheadditionalsoftwarelayerbetweenthePA applicationandTrellis metacomputinginfras-

tructureimposesa non-negligible latency on the launchingof external jobs. We describe

our supportfor batchingtogetherjobs of eitherthe sameor a differenttype to amortizejob

schedulingoverheads.Empiricalresultsobtainedin a localareanetwork (LAN) settingshow

that job batchingprovideslinearspeed-up(i.e., a 4 timesspeed-upon 4 processors)of data-

parallelphases.

3. DevelopmentandEvaluation of a Data-ConsciousSchedulingPolicy that ReducesWork-

�o w Turnaround Time

After evaluatingPA's performancein a real setting,we developa simulatorthat modelsthe

PA work�o w andtheunderlyingTrellis system.We usethis simulatorto exploretheeffects

of executingPA'swork�o w overawideareanetwork (WAN), whichhashigherlatenciesthan

aLAN, andincreasingthesizesof thework�o w job input �les.

Theincreaseddatamovementcostin suchscenariosleadsusto developtheData-Conscious

(DC) schedulingpolicy thatconsidersthelocationof inputdatawhenassigningjobsto hosts.

Throughour simulator, we comparetheperformanceof our DC policy againsttwo existing,

widely-usedschedulingmechanisms.Our resultsshow thatDC schedulingproducesnotably

shorterwork�o w turnaroundtimeswhenthethenetwork communicationcostsor the�le sizes

arelarge.
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1.2.2 Outline

PA is a bioinformaticstool that providesa high-performanceclassi�cation framework for protein

sequences.It consistsof a Java driver programthat invokesotherhelperprogramsto analyzeand

infer functionalcharacteristicsof individual proteins.Prior to this work, PA ranall helperjobson

thesameserver. Testtrialsof theoriginalversionof PA indicatethatfor largeinputstherearephases

thattakeroughly� vehoursto complete.Usingthenewly-developedTrellis DriverJavapackage,we

integratePA with theTrellis metacomputingsystem– therebyallowing PA to distributeits work�o w

of jobsacrossaggregationsof serverscomprisinganoverlaymetacomputer. Empiricalresultsshow

thatlinearspeed-upscanbeachievedfor data-parallelphases.

OncePA is integratedwith metacomputing,we next optimizethe executionof PA's work�o w

by improving the schedulerwithin the Trellis system. We de�ne the DC schedulingpolicy that

placesjobs on hostswheretheir input dataresides,whendeemedpractical,so that thecumulative

datamovementis reduced. We develop a simulatorthat modelsthe executionof PA's work�o w

over a Trellis metacomputer. SimulationresultsindicatethatDC schedulingplacesthemaximum

possiblepercentageof jobswith their inputdata,andreducesmakespan(i.e.,turnaroundtime)by up

to 53%againstFirstComeFirstServed(FCFS)in aWAN settingwhenthe�le sizesaresuf�ciently

increased.
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Chapter 2

Moti vation

Chapter1 explainedthe fundamentalproblemin high-performancescienti�c computingthat our

researchaddresses,andhighlightedthekey conceptsof work�o ws,metacomputing,dataconscious-

ness,andschedulingpolicies.In this chapter, we providethemotivationfor ourchoiceof aguiding

scienti�c application,thedevelopmentof a softwaremodulethatenablesthesimpleintegrationof

our applicationwith Trellis metacomputersand, �nally , the considerationof input data location

whenmappingjobsto processors.

Initially, we describeour motivatingapplicationandits work�o w, andexplain why we believe

this applicationcanbene�t from beingrun acrossanoverlaymetacomputer. Next, we addressthe

shortcomingsin thecurrentmechanismour applicationusesfor runningexternaljobs,andexplain

the needfor a replacementmodulethat allows jobs to be handedoff to a metacomputingsystem

– therebyimplicitly schedulingthe jobs acrossmany remotehosts.Finally, we provide a detailed

illustrative exampleof a simplework�o w thatcanbene�t noticeablyfrom a schedulingpolicy that

placesjobswith their inputdata.

In Chapter3, we review existing solutionsfor parallelizingwork�o ws, integrating resources

from multiple computingsites,runningexternal jobs throughlanguagemechanisms,andconsid-

ering datalocation in job scheduling. In Chapter4, we provide an architecturaloverview of all

componentsinvolvedin theintegrationof ourchosenapplicationwith metacomputing.Wedescribe

how communicationis carriedoutbetweenthescienti�c application,themetacomputingintegration

module,andthemetacomputingsystemitself.

2.1 ExampleApplication: ProteomeAnalyst

We choseto usean existing scienti�c applicationwith an establishedusercommunityasa guide

in developingour metacomputingintegrationsoftware,andour Data-Conscious(DC) scheduling

policy. This way, we can be assuredthat the resultingproductsworks in real-world situations.

We alsohave the privilegeof contributing to anotherdisciplinein scienceby providing improved

computationalsupport.
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Figure2.1: JobPipelinesfor TrainingandPrediction

Among the many biological problemsthat requireyearsof computingpower to solve is that

of annotatinglarge setsof proteinsequences.Currently, therearemorethan1,200genomesana-

lyzed andstoredin public databases[9]; someof thesegenomeshave up to tensof thousandsof

sequences.Thesheervolumeof this biologicaldatanecessitatesthedevelopmentof tools thatcan

extractmeaningfuldatatrendsandtherebyconvey usefulbiologicalknowledgeto researchers.

ProteomeAnalyst(PA) is abioinformaticsapplicationthatprovidesdetailedannotationsof pro-

teomes(setsof proteinsequences)[29]. Annotationsofferedincludegeneralfunction,which indi-

catestheprimaryrole theproteinplaysin thecell; andsubcellularlocalization,which indicatesthe

locationwithin thecell wheretheproteinperformsits primaryrole.

PA usesthemachinelearningtechniqueof classi�cationto makepredictionsor annotationsof a

new protein[20]. Classi�cationanswersthequestion:Givenadatasampleanda�nite setof distinct

categories,of which of thesecategoriesis the datasamplea member?Oneusefor predictingthe

propertiesof aproteinis in suggestingthekindsof physicalexperimentsthatwouldbemostvaluable

for empiricallycon�rming thepredictionsmadeaboutthatprotein.

Althoughtheabovesummaryprovidesanaccuratesnapshotof PA, thePA applicationhasmany

morecapabilities.PA cancreatea customclassi�er to predicta new property, from a setof labeled

proteins.PA's graphicalexpositionof annotationresultsoffersa “what-if ” analysis,in which users

mayseetheeffectsof alteringanindividual featureona protein'spredictedproperties.

For ourpurposes,we focuson two distinctaspectsof PA, bothof whichhavesimilarwork�o ws

that are computationally-intensive. Figure 2.1 shows the work�o ws for thesetwo commonuse
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cases.First,PA canmachine-learna classi�er aspartof a trainingprocess(left sideof Figure2.1).

PA acceptsatrainingset,whichis asetof proteinswhoseclasslabelshavebeenassignedby domain

expertsthroughexperimentalanalysis,andfrom thistrainingsetautomaticallybuildsaNaive-Bayes

classi�er in a learn-by-examplefashion[20]. Second,PA canusean existing classi�er to predict

annotationsof new (i.e., previously unseen)proteins(right sideof Figure2.1). PA acceptsa query

sequence,performsa lexical analysison this sequence,andthenassignsit to a functionalcategory.

NotethatwhendescribingPA's inputs,weusetheterms“protein” and“sequence”interchangeably.

Both the training and predictionprocessesproducework�o ws that are three-stagepipelines.

Conceptually, aproteinis eitherpartof a trainingsetor it is aquerysequencethatis beinganalyzed

for prediction.Eachproteinin theinputproteomeproducesoneinstanceof thepipeline.

Duringthetrainingprocess,theinitial inputto apipelineis aproteinfrom thetrainingset,which

hasan assignedclasslabel. In Stage1, a text versionof the protein,which is a string representa-

tion of its primarystructure,is comparedagainsttheSwiss-Protbiologicaldatabaseof sequences,

usingthe BasicLocal Alignment SearchTool (BLAST) toolset[4]. Swiss-Protis a high-quality,

curateddatabaseof known proteinsandtheir variousproperties[5]. The output from this string-

matchingstepis a setof homologues,or proteinswith a similar primarystructure.In Stage2, the

known informationaboutthehomologuesis parsedto extractfeatures(descriptive keywords)from

the Swiss-Protdatabase.After the Parsingjob is complete,we possessa keyword summaryof a

particularprotein. In Stage3 of training,a mappingfunction from the featuresto a classlabel is

machine-learned,andusedin theconstructionof a new classi�er.

During the predictionprocess,the initial input is an unknown protein,which we call a query

sequence,whoseclasswe wish to determine. The �rst two stagesof the predictionpipelineare

identical to thosein the training pipeline: A string representationof the sequenceis fed to the

BLAST utility, whichproduceshomologues.Thesehomologuesarethengivento theparsingutility,

which producesfeatures.Stage3 is a predictionstepin which theextractedfeatures,or keywords,

of thequerysequencearegivento anexistingclassi�er for analysis.Theclassi�er producesa class

label,therebyassigningthatsequenceto anontological(i.e.,metaphysical)category.

In either usecase,the jobs from all threepipeline stagesare “small” in the sensethat they

have a shortrunningtime, typically on theorderof seconds,andwork with relatively small input

and output data,typically of size tensof kilobytes or less. A single pipeline thereforerequires

few computingcyclesandminimal datastoragespace.However, someproteomeshave thousands

or tensof thousandsof sequences.The humangenome,for example,consistsof approximately

23,000sequences[31], This resultsin roughly23,000pipelineinstancesbeingexecuted.Thus,the

collectivecomputationalanddatastoragerequirementsfor largeanalysescanbequitehigh.

To assessandillustratetheneedfor work�o w concurrency in suchcases,wemeasuredruntimes

of variousapplicationphasesin a testprogramusingtheoriginalPA. In this experiment,we trained

andvalidatedanew classi�er usingamoderately-sizedtrainingsetbasedonacollectionof proteins
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TestProgram Phase Work�o w Stage Runtime (H:MM:SS)
BLAST Stage1 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,UsingOriginal PA

from several gram negative bacteriathat consistsof 3,916protein sequencesand 1,531features

(keywords).PA wasrunonasingleLinux boxwith two AMD Athlon MP 1800+processors,1.5GB

mainmemory, andRedHatLinux 7.1.

Table2.1 shows the correspondencebetweeneachof the four phasesof our testprogramand

thepreviously illustratedwork�o w pipelines,aswell asthe runtimesfrom thesephases.Note the

long BLAST runtimeof nearly5 hours. Recallour earlierexampleof thehumangenomewith its

23,000proteins,which is roughlysix timesthesizeof thesampleproteomeusedhere.In thatcase,

theBLAST phasewould requireroughly30hours.

TheoriginalPA usesJava'sRuntime.exec() facility to invoketheexternalBLAST program

(Stage1 in thepipeline).Unfortunately, all thesejobsarerun locally (i.e.,on thesameserverasthe

mainPA process).Thus,theapplication's performanceis limited to thatof the local server, which

mustexecuteevery job in every pipeline. The BLAST phase's long runtime,shown in Table2.1,

empiricallycon�rms thedisadvantageof runningall thesejobsontothelocal server.

Sincethe �rst two stagesin eachpipelineperforman independentanalysison oneparticular

protein, we can executean arbitrary numberof BLAST and Parsing jobs concurrently, without

sacri�cing applicationcoherence.For this reason,Stages1 and2 areembarrassinglyparallel.Dis-

tributing BLAST jobs from distinct pipelinesover the constituenthostsof a metacomputercan

signi�cantly increasePA's throughput(i.e., work unitscompletedin a �x edtime interval) for large

or evenmoderately-sizedproteomes,includingthatusedin thetestprogramabove. EnablingaJava

applicationfor metacomputinghowever, requiresareplacementfor Runtime.exec() thatpasses

a job to ametacomputerschedulerinsteadof runningthatjob locally. Wedescribethenew software

modulewedevelopedto achievethis goalin Section2.2.

With the improvementin applicationthroughputthat a metacomputingplatform offers comes

thechallengeof avoidingexcessivedatamovementbetweenadministrativedomains.As mentioned

earlier, unduedatamovementimposesa performancepenaltyon PA. To effectively parallelizePA,

theassignmentof jobsto hostsmust�t well with thepatternof data�o w betweenjobs.

WhenexecutingPA'swork�o w, weshouldstriveto assignjobsfrom Stages1 and2 of acommon

pipelineto the samemachine.The homologue�le outputtedby a BLAST job (Stage1) mustbe

presentonthemachineonwhichthesubsequentParsingjob (Stage2) runs.Moving afew such�les
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betweenhostshasminimal impacton the work�o w's executiontime. Moving thehomologue�le

of every proteinin a proteomeaslargeasthehumangenome,however, producesa high volumeof

total datamovement.In somecasesit maybeworthwhile to delayexecutionof a Parsingjob until

themachinethat ran thecorrespondingBLAST job becomesavailable. Thevalueof delayingthe

executionof a job in theinterestof placingthatjob nearits datais furtherdiscussedin Section2.3.1.

2.2 SystemSupport: Trellis Dri ver

Metacomputersoffer a suitableparallelexecutionplatform for resource-intensive scienti�c appli-

cations. While therearemany existing metacomputingsolutions,thereis an ongoingneedfor a

mechanismthatprovidestheintegrationof applicationswith a metacomputerscheduler.

PA andotherscienti�c applicationsconsistof a main job that invokes,or drives,otherjobs. At

variouspointsin execution,themainjob invokesexternalprogramsto runspecialized“helper” jobs

thatperforma speci�c partof thecomputation.If therearemany of thesehelperjobs,or if they are

resource-intensive,it canbedesirableto run severalof themconcurrentlyacrossmultiple serversto

maximizethroughput.

PA, which is written in Java,usestheJava 2 Platformapplicationprogramminginterface(API)

functionRuntime.exec() [28] to launchtheBLAST jobs.As illustratedin Figure2.1,BLAST

constitutesStage1 of all pipelines. In theoriginal versionof PA, all BLAST jobs arerun locally,

which meansthat on a single-processormachine,thesejobs must contendwith the main driver

programfor thesameprocessor. On a multi-processormachine,it would bepossibleto run several

helperjobssimultaneouslyonseparateprocessors,but this only achievesjob parallelismwithin the

localhost.In thecaseof thehumangenomewith its 23,000oddproteins,restrictingall 23,000of the

requiredBLAST jobs to a singleserver would seriouslylimit theattainablethroughputandhence

increasetheturnaroundtime for theanalysisof this proteome.

A morepracticalsolutionis to modify thejob dispatchingfunctionalitywithin adriver-basedap-

plicationto usetheresourcesof ametacomputer. Usersgetthebene�t of executingseveralwork�o w

jobssimultaneously, without having to manuallyplaceindividual jobson remotemachines.

Giventheexisting PA application,which is alreadydriver-based,andtheexisting Trellis meta-

computingsystem[23, 22], we developa new softwaremodulecalledTrellis Driver that integrates

thesetwo components.As muchaspossible,Trellis Driver behavesasa drop-in replacementfor

Runtime.exec() . Trellis Driverprovidesa methodTrellisDriver.exec() , for instance,

that takesa commandstring to be run as a separateprocess. However, ratherthan passingthat

commandstring to the local operatingsystemfor execution,TrellisDriver.exec() sends

thecommandstringto theTrellis schedulingservicefor executionin anunderlyingmetacomputer.

Basingthecommandinterfaceandthefunctionalityof Trellis Driveron thatof theRuntime class

simpli�es modifyingPA (andotherJavaapplications)touseTrellisDriver. WefurtherdiscussTrellis

Driver in Chapter4.
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2.3 Optimization of Work�o w Execution: Data-Conscious
SchedulingPolicy

IntegratingPA with theTrellis metacomputingsystemenablestheparallelexecutionof PA's work-

�o w. Suchameasurereducesthetimeneededfor processingproteomes,possiblyby awidemargin.

Thereis, however, a contrastbetweenenablingmorebruteforce computingpower andusingthe

existing power morewisely. Performancecanalsobe improved by a metacomputingscheduling

policy that considersthe locationof the input �les of jobs. For reasonsarguedabove, we wish to

avoid shippingtoomany �les betweenthehoststhatcomprisea user'soverlaymetacomputer.

Although individual homologue�les arerelatively small, andconsequently, imposelittle data

movementoverhead,recall thatevery input proteinproducesoneinstanceof theanalysispipeline.

PA'swork�o w, then,becomesquitedata-intensive for largeinput proteomes.

In this section,we �rst explain the trade-off betweendataaf�nity andthroughput,andprovide

an intuitive argumentof how a schedulingpolicy can achieve both theseobjectives in a manner

thatmaximizesapplicationperformance.Next, we quantifyour previousargumentby providing an

illustrative exampleof theexecutionof a smallwork�o w, in which data�le sizesandjob runtimes

aretakenfrom PA. We show thatexploiting datalocality improvesperformancenoticeably, evenin

this simplecase.

2.3.1 Data Locality vs. Throughput

Schedulingpoliciesusedin any metacomputingenvironmentmustaddressthe centralgoal in ca-

pacitycomputing,thatof maximizingthroughput.Whenschedulingscienti�c work�o ws,theplace-

mentof jobsneartheir typically large input databecomesimportant.Blindly assigningany job to

any availablehost may producea substantialamountof datamovement,which cansigni�cantly

slow theoverall computation.Onestrategy for achieving datalocality is to withhold jobsfrom exe-

cutionwhentheirdatais not locally accessible,whichhastheundesirableeffectof loweringcentral

processingunit (CPU)utilization.

Sometimes,it maybedesirablenot to assigna job to any presentlyavailablehost,but wait until

anotherhost,on which a copy of that job's input dataresides,becomesfree. Thedelayin starting

the job's executionmaybecompensatedfor by theservicetime reductiondueto theavoidanceof

having to transfera large amountof dataacrossthe network. A job's servicetime is de�ned as

the time to fetch any andall input �les from a remotehost, if necessary, plus the time to execute

that job. Waiting too long for a desiredhost to becomefree may delaythe time of an individual

job'sstart(andcompletion)to thepointwheredatalocality producesnonetsavingsin servicetime.

Additionally, a scheduler's frequentrefusalto dispatchjobs to hostsbecausethey do not have the

desireddatamayresultin reducedjob parallelism.

Thereis then,atrade-off in preservingdatalocality andmaintaininghighthroughput.Figure2.2

provides a conceptualgraphof this compromise. This graphshows the throughputfor varying
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datalocality levels for two differentapplications.Thecurvesdrawn in Figure2.2 serve merelyas

illustrativeexamples,anddonot representany actualor expecteduniversalwork�o w behaviour.

Recall that throughputrefersto work units completedin a �x ed time interval, and that work

referssolely to computationandnot communication.Thus, if a job is idle for a �x ed amountof

time becauseit is waiting for a copy operationto �nish importing its requiredinput �les, the job's

throughputis zerofor thattime interval.

Data locality refersto the proportionof jobs that are placedwith their data. This metric is

a propertyof the scheduler's policy settings,andcannotbe directly set. By varying the emphasis

placedoninputdatalocationin thescheduler'sjob placementdecisions,wecanalterthelevelof data

locality realizedwhenexecutingwork�o ws, andobserve the correspondingeffectson application

throughput.In the graphshown above, a datalocality level of 0% meansno jobs areplacedon a

hostwheretheir dataresides.A datalocality level of 100%meansevery job is placedona hostthat

hasa copy of its input data.In practice,boththeseextremecasesmight neveroccur.

FromFigure2.2,we seethatwhentheschedulingpolicy providesno datalocality (i.e., the0%

case),throughputis not thathigh for eitherapplication.Every job mustcopy its input �les from a

remotehostbeforeit canrun,thereforeaconsiderableportionof every job'sservicetime is spentin

communicationasopposedto computation.Thedatamovementoverheadseriouslylimits through-

put. As datalocality is increasedby theschedulingpolicy, throughputat �rst improves,reachesa

maximum,andthensteadilydeclines,with bothapplications.A higherdegreeof datalocality im-

pliesthatatany giventime,a greaterproportionof jobsareactively workingon their computations,

andnotwaiting for their inputdatato beretrievedfrom aremotehost.Hence,throughputis higher.

However, therecomesapeakin performance.Thisoccurswhenthepenaltyto job servicetime,

causedby scheduler'srefusalto assignjobsto availablehostswhodonothavetheappropriatedata,
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PipelineEvent Protein 1 Protein 2 Protein 3
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.

begins to outweighthesavings from avoiding datamovementby handingout a job later. Note the

differencesbetweenthetwo applicationsin termsof theexactdatalocality valuethatdeliverspeak

performance.Thesecondapplicationis likely moredata-intensive thanthe�rst, andthus,requires

a higherlevel of datalocality to achievemaximumthroughput.

Whentheschedulerpursuesthegoalof datalocality too aggressively, it is morelikely to avoid

assigninga job to anavailablehost,choosinginsteadto wait for thehostwith the requireddatato

becomefree. With many hostsfrequentlyidle, fewer work�o w jobs are runningsimultaneously.

In the extremecaseof datalocality beingenforcedin every job assignment(i.e., the 100%case),

throughputis quitelow for bothapplications.

2.3.2 SchedulingExample

After explaining the trade-off betweendata locality and throughput,we now provide a detailed

schedulingexamplebasedon the behaviour of PA whenrun on a real metacomputerthat spansa

wide areanetwork (WAN). Our exampledemonstratesthe performancegainsthat exploitation of

datalocality offers.
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In our exampleusecase,threeproteinswhosepipelinesareshown in Figure2.3 aregiven as

input aspart of a predictionprocess.As explainedearlier, it is desirableto run Stages1 and2 of

a commonpipelineon thesamemachineto avoid transferringthehomologue�le, which is passed

betweenthesetwo pipelinestages,betweenmetacomputerhosts. In this scenario,thereare two

hostsin our user's metacomputerthatareconnectedvia a WAN; we refer to theseashostsA and

B, respectively. We assumethatthetwo hostshave identicalhardwareandthereforetheruntimesof

any job arepreciselythesameon bothhosts.We alsoassumethat the text �les for all threeinput

proteins,which containthe string representationof the sequencestructure,areavailableon either

host. Thus,the input to the BLAST job, which is the initial input to a pipeline, is alwaysstored

locally.

Table2.2 shows the non-negligible datatransfertimesbetweenthe hosts,for the homologue

�les thatareproducedby Stage1 andconsumedby Stage2, aswell astheruntimesof theBLAST

and Parsingjobs. Valuesare given for all threepipeline instancesfrom the work�o w shown in

Figure2.3,andareall shown in seconds.We seethatcommunicationtime is signi�cant compared

to computationtime: Thedatatransfertime is roughly1 second,andthecombinedprocessingtimes

for BLAST andParsingjobsareroughly4 seconds.

Typically, thePA userdoesnothaveexclusiveaccessto thehostscomprisingtheiroverlaymeta-

computer. Given the sharednatureof metacomputingresources,we simulateanotheruser's jobs,

which run on bothmachinesutilized by our PA user, throughoutour samplework�o w's execution.

For simplicity, we assumethatall theotheruser's jobstake exactly 1 secondto complete.We also

assumethatthebatchscheduleronbothhostsconstantlyalternatesbetweenexecutinga job belong-

ing to our PA user, andexecutinga job from the otheruser. Whenno jobs from our PA userare

availableto run, thelocal schedulerssimply runoneof theotheruser's jobs.

In our example,andin the real PA, the PA driver processcreatespipelinesof jobs in a serial

manner. That is, PA jobs are issuedto the metacomputerschedulerin the following order: the

BLAST job from the �rst pipeline(BLAST 1), theParsingjob from the �rst pipeline(Parsing1),

the BLAST job from the secondpipeline(BLAST 2), andso on. In addition,a job's submission

includesinter-job dependency information– sotheschedulerknows,for example,thatit mustwait

for aBLAST job to completebeforeit canrun thecorrespondingParsingjob.

Figure2.4 (a) shows the job mappingsfor our samplework�o w resultingfrom a First Come

FirstServed(FCFS)metaschedulingpolicy thatdoesnot considerthelocationof a job's input data.

Figure2.4 (b) shows the job mappingsresultingfrom a data-consciousmetaschedulingpolicy that

placesjobswith their inputdata.

Note that the initial job mappingsproducedby both policies are identical. The two policies

behavedifferentlywhenchoosinga job to runonhostB after4.3seconds,which is markedasDeci-

sionA in Figure2.4.TheFCFSschedulingpolicy choosesParsing1 overParsing2 sincetheformer

comesearlier in the job ordering. Parsing2 is chosento run on hostA somewhat later. Both job
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assignmentsentail fetchingthehomologue�le of therelevantproteinfrom theothermetacomputer

host,onwhichthecorrespondingBLAST job ran.A noticeableamountof time(1.1secondsin both

cases)is requiredto transferthedata�les beforetheParsingjobscanrun.

Thedata-consciousschedulingpolicy choosesParsing2 to run onhostB atDecisionA, instead

of Parsing1, sincetheformerjob's input datais alreadyon this host,having beengeneratedby the

BLAST 2 job. Parsing1 is thenchosento run on hostA, sinceBLAST 1 ran on this host. Since

no datamovementis requiredby either job assignment,these�rst two parsingjobs complete1.2

secondsearlierthanin theFCFSscenario.

Thetwo policiesnext differ whenschedulingthelastwork�o w job, Parsing3, which is marked

asDecisionB in Figure2.4. In theFCFSscenario,theParsing3 job is runonhostA assoonasthis

machinebecomesavailableafterBLAST 3 hascompleted.This entailstransferringthehomologue

�le of protein3 from hostB. In thedata-consciousscenario,theschedulerdecides,instead,to wait

for hostB to becomeavailable. The delay in startingthis �nal work�o w job is morethanmade

up for by the time savings from the subsequentavoidanceof datamovement. Sucha scheduling

decisionrequiresa strategy for knowing whenspeci�c metacomputerhostswill becomefree. We

discussourchosenstrategy in Chapter6.

Themakespan,or turnaroundtime,for theentirework�o w is 12.2secondsin theFCFSscenario

and 10.6 secondsin the data-consciousscenario. Sincetherewere threeproteinsanalyzed,the

throughputis 3 / 12.2 � 0.25proteinspersecondfor theFCFScaseand3 / 10.6 � 0.28proteinsper

secondfor thedata-consciouscase.Theimprovementin performancebecomesevidentwith larger

proteomes.For instance,givenaproteomewith 1,000sequences,theFCFSschedulerwill complete

the analysisin 1,000/ 0.25 = 4,000seconds(1:06:40)whereasthe data-consciousschedulerwill

requireonly 1,000/ 0.28= 3,572seconds(0:59:32).

To make the schedulingdecisionsnecessaryfor maximizing utilization and throughput,the

schedulermustsuccessfullyweigh the bene�ts of exploiting dataaf�nity againstthe cost of de-

laying a job's execution. The scheduler, then, requiresaccurateestimateson the timesat which

variousmetacomputerhostswill becomefree, the job's expectedruntime,thesizeandlocationof

all thejob's input �les, andthedatatransferrate.We explainour sourcesfor obtainingestimatesof

theseparametersin Chapter6.
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Chapter 3

RelatedWork

Thepreviouschapterprovidedthemotivationfor usingmetacomputingasanexecutionplatformfor

scienti�c applications,developinga softwarepackagethatallows Java programsto distribute jobs

acrossmetacomputers,anddevelopinga schedulingpolicy that enforcesdatalocality. To date,a

considerableamountof researchhasbeendonein metacomputing,job launchingmechanisms,and

schedulingpolicies.

In this chapter, we review existing solutionsto theaforementionedproblems.We thenexplain

why thediscussedsolutionsdo not adequatelysolve our overall problemof minimizing turnaround

timesfor scienti�c work�o wsthatareexecutedovermetacomputers.

First, we discussexisting strategies to parallelizethe BLAST programwithin bioinformatics

work�o ws, and justify our methodof parallelism. Second,we outline two existing systemsfor

distributing jobs over serversat distinct computingsites,andexplain why we useTrellis, instead,

to executeProteomeAnalyst (PA)' s work�o ws. Third, we review existing programminglanguage

mechanismsfor launchingexternaljobsfrom within anapplication.We explain how noneof these

legacy mechanismsprovideimplicit job schedulingacrossmultiplehosts.Finally, wediscussprevi-

ouswork in dataconsciousnessin inter-hostjob scheduling.

This chapterserves to justify the technologychoiceswe make in our work. The remaining

chaptersdescribe,in detail, thesoftwaretools andtheschedulingpolicy we develop to ef�ciently

executePA'swork�o wsovermetacomputers.

3.1 Parallelization of BLAST in Bioinformatics Work�o ws

Improving the performanceof applicationssuchasBLAST, which arecommonin bioinformatics

work�o ws, is a topic of considerableinterestto systemresearchers,particularlyasthesizeof bio-

logical databasesincreases.TheBLAST phaseis theperformancebottleneckof PA, asindicatedin

Chapter2. We now discussprevioussolutionsto parallelizingBLAST, andjustify our decisionof

runninga sequential(i.e.,non-parallel)versionof BLAST.

Braunet al. [6] discussthreeapproachesto parallelizingBLAST, eachat a different level of
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granularity. The�rst two �ne-grainedapproachesto parallelisminvolve partitioningthebiological

database,anddistributing thedatabasesubsetsovera clusterof workstations.Thesestrategiesseek

to reducethetime for a singlesimilarity search.Thethird coarse-grainedapproachinvolvesrepli-

catingthedatabaseonseveralworkstationsor hosts,andpartitioningthesetof inputqueriesamong

thehosts.This strategy seeksto improvethethroughputof multiple sequencesimilarity searches.

Usersof PA areprimarily concernedwith the throughputof many (i.e., possiblythousands)of

sequences,andnot theresponsetimefor anindividualsequence.Wethereforepreferthereplication

approachover thepartitioningapproach.Although this methodof parallelismrequiresstoringthe

entiredatabaseateachhost,theSwiss-Prot[5] databasethatPA usesis amere64MB in size,which

entailsnegligible storagerequirementsfor modernworkstations.

Meyer et al. [19] explore the performancegainsof alternatedatadistribution strategies on a

three-phasedprotein modelling work�o w. The work�o w is a pipeline of jobs consistingof two

initial phases– BLAST andasequence�ltering step– followedby anoptionalthird phase,in which

eitherof two programs– Modeleror Threader– might berun. Theselectionof which programto

run, if any, in thethird phaseis basedon theresultsof thesecondphase.

The authorsreporton experimentsin which the work�o w is parallelizedat a coarselevel by

runningmultiple pipelineson separatehostsconcurrently. The input datasetis evenly partitioned,

andtheresultingquerysubsetsaredistributedby amasternodeto theBLAST jobsonworkernodes

(i.e., executionhosts)at thestartof execution. Unfortunately, reductionsin turnaroundtime level

off signi�cantly whenmorethanfour hostsareused.This limit on performanceimprovementwas

attributedto loadimbalance.TheThreaderprogram(thethird phase)hasby far thelongestruntime,

but is only run for 3 out of 66 input sequences.Often,onehostendsup executingtwo, or evenall

three,of theThreaderprograms.

The above resultsdemonstratethat staticallydistributing all the BLAST jobs (and pipelines)

to thehostscanleadto a load imbalancewhentheruntimesof differentpipelinesvary drastically,

as is the casein PA. We believe that a dynamicschedulingstrategy, in which jobs are assigned

to hostsbasedon availability, hasgreaterpotentialto improve the performanceof suchpipelined

bioinformaticswork�o ws.

Wangetal. [33] proposetheBLAST++ tool thatexploitscommonsubstructures(words)within

multiple input sequencesto provide ef�cient processingof batchedqueries. BLAST++ follows

the samebasicalgorithmfor �nding similar sequencesasstandard(i.e., non-batched)versionsof

BLAST. In standardBLAST, however, batchesof queriesareprocessedsimply by runningBLAST

on querysequencesoneat a time. BLAST++ processesa batchof queriesin oneexecutionrun by

formulatingasinglevirtual queryfrom theconcatenationof all inputqueries,andthensearchingthe

databasefor sequencessimilar to thevirtual query. For
�

querysequences,then,BLAST++ scans

theentiredatabaseonly oncefor similarwordsasopposedto
�

times,asdoesthestandardBLAST.

Empirical resultsdemonstratethat BLAST++ reducesthe time for processingquerysetsdeci-
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sively – by at least50%– againstthebenchmark,non-batchedBLAST. Theperformancegainsof

BLAST++ areparticularlyevidentin trialsusingthehumangenomedataset,demonstratingthatthe

batchingapproachscaleswell to largedatasets.Batchingtheexecutionof multiple jobscanbene�t

PA by reducingthecommunicationbetweenhosts,andby amortizingschedulingoverheads.

Anotherversionof BLAST, MEGABLAST [35], also optimizesthe processingof queriesin

batches.However, Ma et al. [17] investigateMEGABLAST and�nd thatthealgorithmtradessen-

sitivity, which is thepercentageof actualsequencesimilaritiesfound,for ef�ciency (i.e.,processing

time). Thus,while MEGABLAST runs faster, it may missout on answersfound by the original

BLAST.

We chooseto usethenon-batchedBLAST [4] from theNationalCenterfor BiotechnologyIn-

formation(NCBI) becauseit is usedby domainexperts(i.e., biologists). Furthermore,PA views

BLAST as a black box, meaningthat PA is not dependenton the particular implementationof

BLAST. Thus,ourcurrentBLAST utility couldbesubstitutedwith BLAST++, if desired.To obtain

high throughput,we parallelizeBLAST by distributing the individual jobs over an aggregationof

servers,suchasagrid or ametacomputer. Metacomputersoffer performancescalability, sincemore

hostscanbeaddedasneededto augmenttheavailablecomputingpower.

3.2 ResourceIntegration: The Virtual Supercomputer

A commonstrategy for boostingcomputingcapacityis to aggregateresourcesfrom multiple sites

andmake themappearasa singleresource.Work�o w-basedapplicationssuchasPA canthenhand

off jobs to anunderlyingjob schedulingservicefor automaticplacementandexecution,insteadof

manuallyplacingjobsonspeci�c hosts,which is cumbersomefor largework�o ws.

In the following subsections,we �rst review two existing systemsthatprovide job scheduling

acrossadministrativedomains,andthenbrie�y explainwhy weadopttheTrellis systemasaparallel

processingplatformfor PA.

3.2.1 Globus

TheGlobusAlliance [11] is a well-known effort to developthefundamentaltechnologiesfor build-

ing computationalgridsin whichcomputingpower is tradedasaresource,muchlikeelectricityin a

powergrid. TheGlobustoolkit providessoftwarefor building grid systemsandapplications.Globus

offerstheessentialservicesof resourcediscoveryandmanagement,andcross-domainsecurity.

As discussedby Lamb andLu [16], Globus is feature-richandpowerful in concept,but hasa

numberof shortcomings:1) Administratorsfrom all participatingsitesmustnegotiateservice-level

andsecurityagreements;2) TheGlobusmiddlewareis non-trivial to setup; and3) Themiddleware

mustbeinstalledandmanagedby administratorswith privileges.Wethereforeseekamuchsimpler

solutionfor resourceintegration.
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3.2.2 Condor

Condor[30] is a distributedjob batchingsystemdesignedfor runningcompute-intensive jobsover

collectionsof servers.Althoughoriginally developedfor harnessingcentralprocessingunit (CPU)

cycles of idle workstations,Condorsupportsa variety of distributed systems,including clusters

andmultiprocessors.Condor's “�ocking” technology[10] allows it to work acrossadministrative

domains,creatinga grid-likecomputingenvironment.

Unfortunately, Condorsuffers from a signi�cant drawback: All workstationsthat are to be a

part of the Condorpool must have the Condorsoftware installedby systemadministrators.We

preferto aggregateresourcesthroughoverlaymetacomputing,whichdoesnot requireadministrator

privilegesto setup.

3.2.3 Trellis

TheTrellis metacomputingsystem[22] is a simpleway to integrateresourcesfrom multiple high-

performancecomputingcentres(HPCCs)to boostcomputationalcapacity. Unlike thetwo systems

describedabove,Trellis doesnot requireall participatingpartiesto adhereto a speci�c setof stan-

dards,or adoptnew infrastructure,anddoesnot requireadministratorprivilegesto setup anduse.

Basedon theconceptof overlaymetacomputers,whichwasexplainedin Section1.1.2,Trellis does

not replaceexisting local schedulers,but builds on top of themwith a centralizedschedulerthat

handsoff jobsto speci�c hosts,basedonavailability. No new hardwareor softwareneedbeadopted

by local administrators,exceptfor theSecureShell (SSH)softwaresuite,which is usedfor secure

inter-domaincommunication[21]. SSHis open-sourcesoftwarethatis 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 externaljobsfrom within anapplication.Trellis is

potentiallyeasyto usefrom aprogrammingstandpointbecauseit offersasinglepointof controlfor

administeringjobsovercollectionsof hostsfrom multiple sites.

As indicatedearlier, driver-basedapplicationsneeda way of ef�ciently calling out to external

programsfrom within themasteror driverprocess.We now review existingprogramminglanguage

mechanismsfor runningexternaljobs,andexplain our choiceof Trellis Driver for carryingout this

task.

3.3.1 SubprocessCreation: Running JobsLocally

Nearly all modernscripting andprogramminglanguagesprovide oneor several applicationpro-

gramminginterface(API) functionsthat allow one processto start anotherprocesson the same
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machine.ANSI C [15] andscriptinglanguageswith a similar syntax,suchasPython[32], provide

the commandsof system() andpopen() for creatingchild processes,or subprocesses.The

system() functiontakesacommandstring,passedin asanargument,andexecutesthatcommand

stringin aseparateprocess.system() blocksuntil theunderlyingsubprocesscompletes,atwhich

time its exit statusis returnedto thecaller. Thus,system() runssubprocessesin a synchronous

fashion.

In work�o w-basedexecution,however, we oftenwish to run subprocessesasynchronously. For

instance,to achieve maximumconcurrency within the BLAST phaseof PA, the driver shouldbe

able to start all the BLAST jobs and then await their completionbeforeproceedingto the next

phase.A PA driver processusingsystem() to launcha work�o w job would bestalleduntil that

onejob completes.This serializestheexecutionof work�o w jobs,eliminatingthepossibilityof job

concurrency. Thus,system() is notusefulin theasynchronousexecutionof jobs.

ANSI C providesthe popen() function asa non-blockingway of launchinga new process.

popen() runsagivencommandstringin a separateprocessandcreatesa pipefor communication

betweentheparentandchild process.While anopeninter-processcommunicationchannelis some-

timesdesirable,it is notnecessaryfor work�o w-basedapplications.Often,adrivermerelystartsthe

work�o w jobs,andchecksfor theircompletionata latertime. Moreover, popen() is too low-level

a mechanismfor our work. Using this function to run PA jobs over multiple hostswould require

specifyingthehostthatis to runeachjob. Manualplacementof jobsis onerousfor largework�o ws.

In commonversionsof Unix andLinux, the system() andpopen() functionsareimple-

mentedusingthe lower-level functionsof fork() , exec() , andwait() . TheUnix andLinux

APIsprovideaccessto thesethreefunctionsasameansof manuallystartingsubprocesses[27]. The

fork() commandcreatesa child processthat is anexactcloneof theparentprocess.Typically, a

call to fork() is followedby a call to exec() in thechild process,which startsrunninga new

commandin thatchild's executableimage.Theparentmayawait completionof thechild with the

functionwait() , which returnsthesubprocess'exit status.

A driver processcan run external jobs asynchronouslyby starting jobs, as desired,through

fork() andexec() invocations,andthenlaterawaitingthecompletionof jobsthroughwait()

calls. However, startingsubprocesseswith fork() andexec() requiresa latercall to wait()

for everyissuedwork�o w job,whichis inconvenientfrom aprogrammingperspective.A moreprac-

tical alternativewouldbeto usea job barrierfunctionthatblocksuntil everyoutstandingsubprocess

hascompleted.Thisway, driverscouldsynchronizewith thecompletionof anentirework�o w phase

with onefunctioncall.

As mentionedearlier, thePA applicationis written in JavaandusestheJavaAPI functionRun-

time.exec() to startexternal jobs, suchasthe BLAST jobs in Stage1 of the proteinanalysis

pipelines(Figure 2.1). Runtime.exec() automatesmany of the stepsinvolved in creatinga

new process.Runtime.exec() alsohasthebene�t of beinghighly portable,sinceJava 2 plat-
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form functionsareconstantacrossdifferentarchitectures.Unfortunately, like the combinationof

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

driver processmustthenmake a separatecall to Process.waitFor() to await thecompletion

of everywork�o w job it initiated.

In addition to lacking work�o w barrier functions,Runtime.exec() andall the other lan-

guagemechanismsdescribedabovedo not provide integrationwith job schedulers.All issuedjobs

are run locally, meaningit is only possibleto exploit process-level concurrency within a single

server. The large-scalescienti�c applicationswe are addressingin this research[26] requirea

high degreeof job-level concurrency, attainableonly by distributing their work�o ws acrossmul-

tiple hosts,to completewithin anacceptabletimeframe(i.e.,hoursor days,asopposedto weeksor

months).

Programmerscouldpassto job launchingmechanisms,suchasRuntime.exec() , command

lines that invoke remoteshell technologies,suchasSSH,to run work�o w jobs on remotehosts.

However, aswith popen() , this strategy requiresdecidingin advancewhereindividual jobswill

run. To successfullyloadbalanceanapplication'swork�o w, whichmeansdistributing thecomputa-

tion amongthehostsin a mannerthatre�ects thecurrentresourceusage,a runtimebindingof jobs

to machinesis moreappropriatethana priori job assignments,sincethe latter canonly be based

on a staticsystemview. Thus,we desirea languagemechanismthatpassesjobsto a schedulerthat

of�oads thosejobsontoavailablehosts.

3.3.2 RemoteMethod Invocation: Running JobsRemotely

TheJava2 PlatformincludestheRemoteMethodInvocation(RMI) package[28] thatallowsobjects

in one programto invoke the servicesof objectsin a different virtual machineand henceon a

differenthost.Theoretically, RMI couldbeusedto placeobjectsthatrun work�o w jobson remote

machines,andhave the PA driver invoke theseremoteobjectsasneeded.Unfortunately, RMI is

speci�c to Java,andthereforeonly worksbetweenJavaobjectsandprocesses.PA requiresawayof

callingout to non-Javautilities, suchasBLAST, to performproteinanalyses.We mustinsteadseek

a solutionthatsupportsnon-Javaexecutablesaswell.

3.3.3 Trellis Dri ver: Running JobsOver Metacomputers

We develop the Trellis Driver packageasa meansfor PA andotherJava applicationsto run jobs

over aggregationsof hostscomprisinga Trellis metacomputer. Trellis Driver sendsPA-issuedjobs

to theTrellis metascheduler, whichprovidescross-domainschedulingof thejobs.

Trellis Driver allows the PA driver processto invoke, throughTrellisDriver.exec()

calls,externalprogramsto runwork�o w jobsremotely. TheexternalprogramsinvokedmaybeJava

or non-Javaexecutables.TrellisDriver.exec() executesjobsasynchronously, meaningthat

PA is not blockeduntil thenewly-issuedjob completes,andmay, then,run multiple work�o w jobs
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concurrently. Trellis Driver's API hidesthedetailsof subprocesscreation,suchastheselectionof

anexecutionhost,andoffersa high-level interfacefor job dispatching.Additionally, Trellis Driver

provideswork�o w synchronizationfunctions,sothatapplicationsmaystartany numberof jobs,and

thenlaterissueasinglefunctioncall to await thecompletionof all outstandingjobs.

3.4 Co-Locating Jobsand Data

Trellis Driver enablesconcurrency within PA's work�o w by allowing PA to executemany jobs si-

multaneouslyacrossTrellis metacomputers.While work�o w concurrency cangreatlyenhanceper-

formance,further performanceoptimizationis possibleby adaptingthe metaschedulerto enforce

datalocality, which entailsplacingjobs neartheir input data�les. We now review a previousap-

proachto integratingschedulinganddataplacement.

Shanet al. [24] investigatethe impactof �le sizesandnetwork communicationcostson work-

loadturnaroundtime in a computationalgrid. Theauthorsemploy distributedscheduling,in which

multiple peerGrid Schedulers(GS'), locatedon disparateservers,exchangeresourceavailability

informationto decideon which server a job shouldberun. Throughsimulation,theauthorsmodel

the executionof large workloadsconsistingof up to tensof thousandsof jobs, at multiple sites

connectedvia awideareanetwork (WAN).

The�rst simulationresultsindicatethatthedistributedschedulingalgorithmproducesanaverage

responsetime that is almostasgoodasthatattainedby a baselinecentralizedstrategy. Shanet al.

do not considerthecentralizedstrategy further;they deemthis strategy impracticaldueto a lack of

fault-toleranceandscalability. AlthroughTrellis usescentralizedscheduling,Trellis' designis fault-

tolerantbecausethefailureof oneor many executionhostsdoesnotaffectthecontinuedexecutionof

theworkloadjobsby theremaininghosts.Previousreal-lifeexperiments[23] thatentailedexecuting

a scienti�c applicationover18administrativedomainshavedemonstratedTrellis' scalability.

Additional resultspresentedby Shanet al. show thatwheninput datasizesarenot considered,

thereis a severeperformancepenaltyfor large�le sizes.Whenthe�le sizesarein�ated by a factor

of 10,averageresponsetimesincreasemorethanten-foldover thecasewith theoriginal �le sizes.

Averageresponsetimes also increasesubstantiallywhen the servers are spreadover fewer sites

andmultiple serversat eachsite mustcontendfor the slower WAN links. From theselast results,

it appearsthatwhentheworkloadis distributedover multiple sites,WAN connectionscanbecome

performancebottlenecks.Theabove�ndings suggestthat�le sizesandnetwork transferratesshould

be consideredwhenschedulinglarge workloadsover aggregationsof serversfrom multiple sites,

whichmetacomputersconstitute.
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Chapter 4

Trellis Dri ver: Ar chitectureand
Functionality

Thischapterdescribesthearchitectureandfunctionalityof theTrellis Driversoftwarelayer. We�rst

demonstratehow theProteomeAnalyst(PA) applicationusesTrellis Driver to executeits work�o w

over metacomputers.We thendescribethedesignof boththeTrellis Driver moduleandtheTrellis

metacomputingsystem,uponwhich theformermodulebuilds.

Chapter2 explainedhow metacomputingcanboostthe performanceof scienti�c applications

through increasedthroughput. We gave an illustrative exampleof how schedulingthat is data

consciousfurther increasesperformancein metacomputersthatspanwide areanetworks(WANs).

Chapter3 contrastedandjusti�ed our approachto parallelizingBLAST againstprevioussolutions.

We justi�ed ourchoiceof Trellis asanexecutionplatformfor PA, andTrellis Driverasa meansfor

distributing jobsover multiple hosts.Finally, we reviewedrelatedwork in data-consciousschedul-

ing.

Wenow describethecomponentsinvolvedin integratingPA with Trellis. Initially, weshow code

snapshotsfrom theoriginalandmodi�ed versionsof PA to provideaclarifying exampleof how Java

programsuseTrellis Driver. Next, we introducetheTrellis metacomputingsystem,andexplain the

placeholderschedulingmechanism.Next, weprovideanarchitecturaloverview of theTrellis Driver

module.Finally, we describetheTrellis Driverapplicationprogramminginterface(API).

In Chapter5, we provide the implementationdetailsof Trellis Driver, describingboth the job

barrierfunctionsandthejob batchingmechanismscontainedtherein.Chapter6 describesour sim-

ulationprogram,which modelsa WAN-basedmetacomputingenvironment,andservesasa testbed

for developingourDC schedulingpolicy.

4.1 SampleUsage

ExistingJavaapplications,suchasPA, thatusetheRuntime.exec() facility to runexternaljobs

caneasilybeadaptedto useTrellis Driver. Figures4.1and4.2, respectively, show theoriginal PA
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codethatrunstheBLAST jobslocally, andthemodi�ed versionof thesamePA codethatrunsthe

BLAST jobsacrossmetacomputers,usingTrellis Driver. Numbersat thestartof eachline of text in

thesetwo �gures representtheactualline numberswithin thePA source�les. AdaptingPA to use

Trellis Driver requiresadding6 new linesof codeandreplacing13 existing lineswith 6 new ones,

in thesectionof codeshown here.Consequently, thechangesrequiredto portPA to metacomputing

aremodest.

In Figure4.1, codeis taken from two programsegmentsof the original PA: the execute()

method in the ClassifierWrapper class, and the executeBlast() method in the

BlastTaskPredictor class.Theformerroutinecoordinatesthefour majoractivities involved

in the building andvalidationof a new classi�er basedon a trainingset. Thesefour activities are

listed insidecommentsin the code,from lines 316 to 319 in Figure4.1. The �rst taskof feature

collectionactuallyentailsthe two stepsof �nding homologuesusingBLAST andfeatureparsing,

of whichonly thecodefor the�rst is shown. As shown on lines375to 382,PA iteratesthroughthe

trainingsetandexecutesa trainingtask(i.e.,aBLAST analysis)oneachprotein.

Thefunctioncalledin theloop body(line 381,Figure4.1) triggersa chainof functioncalls,of

which only thetop-level call is shown, that togetherformulateandexecutetheappropriateBLAST

commandfor thecurrentprotein. TheexecuteBlast() routine,shown on lines141 to 153 in

the latter codesegmentin Figure4.1, makes the 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.Theexecution

of BLAST jobs is synchronous,sincetheprogramstartseachBLAST job, andthenwaits for it to

completebeforeproceedingto the next analysis. The original PA, therefore,hasno concurrency

betweenBLAST jobs.

Figure4.2shows thesametwo programsegmentsfrom themodi�ed (i.e., parallelized)version

of PA, which we refer to asPA-Trellis. Note that thereis anextra line of codeat thebeginningof

theClassifierWrapper.execute() function(line 326,Figure4.2) thatobtainsa reference

to the associatedTrellis Driver object,which is storedin the variabletd . The loop that iterates

throughthetrainingsetandstartstheBLAST taskfor everyprotein(lines379to 386)is unchanged

from theoriginalPA version.Thereis, however, anextra line of codejust beforetheloop(line 376)

that instructsTrellis Driver to grouptheexecutionof two BLAST jobson thesamemetacomputer

hostwheneverpossible.Chapter5 showshow batchingmultiple jobstogetheramortizesscheduling

overheads.

TheBlastTaskPredictor.executeBlast() routineis changedsubstantiallyfrom the

original version. A referenceto the TrellisDriver object (asopposedto the Runtime ob-

ject) thatis associatedwith thisJavavirtual machine(JVM) instanceis �rst obtained(line 141,Fig-

ure 4.2). The call site of td.exec() (line 146), which replaces the original call to

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

313 public void execute() {
314 /*
315 * this method accomplishes the following tasks:
316 * 1. collects features for the proteins for training
317 * 2. starts the classifier's training process
318 * 3. creates and runs the resubstitution cardSet
319 * 4. creates the Summary.html page for this classifier
320 */
321 ReportTimer timer = new ReportTimer(
322 "Classifier Training", this.classifierId,
323 ReportTimer.CLASSIFIER_TRAINING);
324 timer.startEvent("Classifier Training");

364 SequenceList seqs = new SequenceList(this.user, this.listId);
365 numTrainingInstances = seqs.getProteins().size();
366
367 timer.startEvent(
368 "Homologue Finding (BLAST)", "Classifier Training");
369
370 Protein protein;
371 Task trainTask = this.trainingPolicy.getTrainingTask ();
372 Task filter = this.trainingPolicy.getFilter();
373
374 /* 1. Get some features */
375 for (Iterator proteinIter = seqs.getProteins().iterator();
376 proteinIter.hasNext();
377 ) {
378 protein = (Protein) proteinIter.next();
379
380 // analyze proteins
381 trainTask.execute(protein, protein.getOutputDir());
382 }
383 timer.stopEvent("Homologue Finding (BLAST)");

BlastTaskPredictor.executeBlast():

141 Runtime rt = java.lang.Runtime.getRuntime();
142
143 String commandline = this.command + " -i "
144 + protein.getFile();
145
146 Process p = rt.exec(commandline);
147 int error = p.waitFor();
148 if (error != 0) {
149 System.err.println(
150 "BlastTaskPredictor.executeBlast() Non-zero exit code: "
151 + error);
152 }
153 p.destroy();

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

313 public void execute() {
314 /*
315 * this method accomplishes the following tasks:
316 * 1. collects features for the proteins for training
317 * 2. starts the classifier's training process
318 * 3. creates and runs the resubstitution cardSet
319 * 4. creates the Summary.html page for this classifier
320 */
321 ReportTimer timer = new ReportTimer(
322 "Classifier Training", this.classifierId,
323 ReportTimer.CLASSIFIER_TRAINING);
324 timer.startEvent("Classifier Training");
325
326 TrellisDriver td = TrellisDriver.getDriver();

366 SequenceList seqs = new SequenceList(this.user, this.listId);
367 numTrainingInstances = seqs.getProteins().size();
368
369 timer.startEvent(
370 "Homologue Finding (BLAST)", "Classifier Training");
371
372 Protein protein;
373 Task trainTask = this.trainingPolicy.getTrainingTask ();
374 Task filter = this.trainingPolicy.getFilter();
375
376 td.setGroup("BLAST", 2);
377
378 /* 1. Get some features */
379 for (Iterator proteinIter = seqs.getProteins().iterator();
380 proteinIter.hasNext();
381 ) {
382 protein = (Protein) proteinIter.next();
383
384 // analyze proteins
385 trainTask.execute(protein, protein.getOutputDir());
386 }
387 int[] exitcodes = td.waitForAll();
388
389 timer.stopEvent("Homologue Finding (BLAST)");

BlastTaskPredictor.executeBlast():

141 TrellisDriver td = TrellisDriver.getDriver();
142
143 String commandline = this.command + " -i "
144 + protein.getFile();
145
146 td.exec(commandline, "BLAST");

Figure4.2: Codefor BLAST in Modi�ed (Parallel)Versionof ProteomeAnalyst
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eliminatesthecall to Process.waitFor() sincethis versiondoesnot wait for oneBLAST job

to completebeforestartingthe next. With this asynchronousjob launchingstrategy, all BLAST

jobs areissuedbeforeany resultsarecollected. PA-Trellis canthenobtaina maximumdegreeof

concurrency equalto thenumberof placeholdersin theunderlyingmetacomputer.

After having iteratedthroughthe training setandstartedthe appropriateBLAST job for each

protein, the ClassifierWrapper.execute() routinemustawait the completionof all the

BLAST jobsbeforeit mayproceedwith the featureparsingstep,thecodefor which is not shown

in the �gure due to spaceconstraints.The call site td.waitForAll() (line 387, Figure4.2)

causestheapplicationto blockuntil all outstandingBLAST jobshave�nished, andreturnsanarray

containingtheexit codesof thesejobs.

We have shown the front endof Trellis Driver to emphasizethe easeof porting existing Java

applicationsto metacomputersthroughthismodule.We next providetheback-enddetailsby giving

anarchitecturaloverview of theTrellis metacomputingsystemandtheTrellis Drivermoduleitself in

Sections4.2and4.3,respectively. Thecommandinterfaceof theTrellisDriver Java package

is furtherdescribedin Subsection4.3.1.

4.2 Trellis Metacomputing System:Overview

TheTrellis system[23, 22] is a metacomputingsolutionaimedat scienti�c researcherswho require

the computationalresourcesof many high-endservers. Developedin a Unix environment,Trellis

providesa convenientuser-level aggregationof high-performancecomputingcentres(HPCCs)that

arecontainedwithin separateadministrative domains,possiblyspanningmultiple platforms,oper-

atingsystems,andjob queuingsystems.Trellis is layeredon topof existing infrastructure,offering

job managementservicesthatprovide theabstractionof a single,powerful resourcefrom multiple

resources.As mentionedin Section3.2, theonly new softwarerequiredis thewidely-availableSe-

cureShell(SSH)securitytool [21]. Moreover, Trellis is deployedentirelyat theuser-level,meaning

usersmayinstall andcon�gure their own instancewithout administratorsupport.

Userscande�ne a personalmetacomputerby combiningspeci�c hostsfrom any of theHPCCs

to which they haveaccess.Notethatusersneednothaveexclusiveaccessto theseconstituenthosts.

HPCCresourcesaretypically sharedamongmembersof a dedicatedresearchor industrycommu-

nity. Local job batchingsystemsenforceequitableusageof their respective computingsystems,

accordingto thepoliciesof local administrators.All thatusersof Trellis requireis a regular, non-

privilegedaccountonany HPCCwhoseresourcesthey wish to use.Usersgetthebene�t of utilizing

resourcesfrom multiple HPCCswhile localadministratorsretaintheir autonomy.

After specifyingthe participatinghostsin their metacomputer, userscan createone or more

metaqueuesto which they can depositjobs that are to be run over the Trellis system. Multiple

metaqueuesaresupportedsothatuserscanrun andmonitormultiple applicationsat thesametime.

In addition,usersmay createmetaqueueswith differing properties,suchas job ceiling time and
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the maximumor minimum numberof processorsboundto placeholders.A metaqueuemay be

customizedto theneedsof a speci�c application.

Trellis is implementedasa thin layerof softwarethatsitsbetweenapplicationsandthe infras-

tructureof HPCCs.TheTrellis platformconsistsof multiplecomponentsthathandleall theessential

tasksinvolvedin thecross-domainschedulingandexecutionof largework�o ws with inter-job de-

pendenciesandper-job datarequirements.In particular, Trellis includes:

1. Trellis File System(Trellis FS)

As job migratefrom onemetacomputerhostto another, apracticalproblemthatoccursis that

of ensuringtherequireddatais alwaysavailable.Trellis FS[25] providestransparentaccess

to remotedataandsupportsmany common�le systemoperations,suchassparseaccessand

caching.

2. Trellis Security Infrastructur e(Trellis SI)

Sincemetacomputerhostsspanmultiple HPCCs,securityacrossadministrativedomainsis a

primaryconcern.Trellis SI [14], layeredon top of SSH,providessinglesign-onandhandles

cross-domainauthentication,authorization,anddatamanagement.

3. Trellis Metaschedulerand Command Line Server (CLS)

The Trellis Metaschedulerincludesall commandsnecessaryfor specifyingand managing

hostsandmetaqueues,aswell asthosefor submittingandmonitoringjobs. Containedin the

metascheduleris theCLS, which carriesout thedistribution of jobs to metacomputerhosts.

Themetascheduleris theTrellis componentthis work focuseson.

4.2.1 PlaceholderScheduling

In Trellis, jobsareassignedto speci�c hoststhroughthemechanismof placeholderscheduling[22],

which followsa“pull” model.In placeholderscheduling,localbatchqueuesinteractwith metaque-

uesto retrieveandexecutejobson demand.A placeholderis formally de�ned asa unit of potential

work. For a givenunit of work, which in this caseconstitutesa job in an application's work�o w,

it is possiblefor any placeholderwithin all of thosepreviously launchedto actuallycompletethat

work. Eachplaceholderis associatedwith a particularmetaqueueandis submittedto a particular

hostby theuser. Onecanthenview a placeholderasa special-purposejob that is submittedto the

batchqueueof a remotehost.

Often,placeholdersareimplementedasjob scriptsfor batchschedulers.Fromtheperspectiveof

thelocal batchingsystem,then,placeholdersaresimply regular, non-privilegeduserjobsthatmust

wait in thequeuefor their turn to run.

Figure4.3 illustratestheplaceholderschedulingmechanism.EachTrellis userinstallsandruns

oneinstanceof Trellis CLS, createmetaqueuesasdesired,andsubmitsplaceholdersto hostsasis

necessaryto achieve thedesiredlevel of concurrency. Whena placeholderjob runs,it �rst contacts
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Figure4.3: PlaceholderSchedulingMechanism

its associatedmetaqueue,via theTrellis CLS, andasksfor a new commandline. A commandline

is themeansof specifyinga unit of actualwork (a job) in a Unix environment. Thus,thebinding

of jobs to hostsoccursat placeholderexecutiontime (not submissiontime), underthe control of

theCLS.Whenassigneda new job, theplaceholdersimply runsthecorrespondingcommandin its

local environment,and then reportsthe job's completion,via the Trellis CLS, to the metaqueue.

Whenthereareno jobs in the metaqueuethat arepresentlyavailableto run, the CLS informs the

placeholderof this, andthe placeholdercaneitherre-submititself to its local batchqueueor take

itself of�ine.

Thisschedulingmechanismfollowsa“pull” model,in which jobsonremotehostsinitiatecom-

municationby requestingwork, andpull jobs out of a metaqueueandonto their local computer

system. This is in contrastto a “push” model, in which a schedulingprocessof�oads jobs onto

individualcomputersaccordingto a work distributionalgorithm.

While simplein nature,thepull modelin Trellis effectively solvestheproblemof load imbal-

ance,which stemsfrom anunevendistribution of jobsover theavailableresources.Hoststhatare

heavily loadedwill have fewer placeholdersaskingfor work over a given time interval andwill

pull fewer jobs from themetaqueue.Hostswith a lighter loadwill have moreplaceholdersasking

for work andpull morejobs from themetaqueue.Placeholderschedulingthereforeachievesload

balancingacrossall hosts.

4.2.2 Job Control in Trellis CLS

The namesandsemanticsof the CLS job managementcommandsarebasedon thoseof existing

batchqueuingsystems,suchasthePortableBatchSystem(PBS)[3] andtheSunN1 Grid Engine[7]
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job schedulers.PBSprovidesthecommandsqsub , qdel , andqstat to addjobs, remove jobs,

andlist thecontentsof a local job queue,respectively. A PBSqueuefunctionsmuchlike a printer

queue. New jobs areaddedat the backof the queueandmustwait until all previous jobs �nish

beforethey areprocessed(i.e., executed). By analogy, Trellis' placeholderschedulingis similar

to having a pool of printers(in this casehosts)pull jobs from a queueinsteadof having a printer

daemon�nd idle printersandpushjobsontothoseprinters.Trellis CLS providesthecommandsof

mqsub, mqdel , andmqstat to addjobsto a metaqueue,remove jobs,andquerythemetaqueue

status,respectively.

Following areexamplesof usagesof thethreeTrellis CLScommandsfor job management:

1. mqsub -b -p protein1BLAST protein1Parse "java FeatureParser 1

15 1 0.01 � /output/proteome15/protein1"

Adds a job to the default Trellis metaqueue. The new job belongsto the target “pro-

tein1Parse” and has the commandline “java ca.pence.utils.FeatureParser 1 15 1 0.01

� /output/proteome15/protein1”, asgivenby thelasttwo arguments.

A target refersto agroupof work�o w jobsthataremutuallyindependentandcan,therefore,

beexecutedin parallel.The-p �ag allows Trellis usersto specifyinter-targetdependencies.

In thiscase,“protein1BLAST” is aprerequisitetarget.Thenewly-submittedjob will not run

until all jobsin the“protein1BLAST” targethavecompleted.

The -b �ag speci�es that the commandruns in blocking mode,meaningthe caller is sus-

pendeduntil Trellis completesthejob.

2. mqsub -q gram neg protein1BLAST "BLASTpgp -E 0.001"

Adds a job belongingto the target “protein1BLAST”, which hasno prerequisites,to the

“gram neg” metaqueuenamedwith the-q �ag.

3. mqdel -q plant1 20

Deletesthejob whosenumericidenti�er is 20 from the“plant1” metaqueue.

4. mqstat -q animal1 -t squirrelBLAST -s E

Displaysinformationon the jobsin the“animal1” metaqueue.The-t �ag selectsthosejobs

belongingto the“squirrelBLAST” target,while the-s�ag andE parameterspecifyonly jobs

thatarecurrentlyexecuting.

4.3 Trellis Dri ver

Trellis Driver is a Java modulethat integratesapplicationswith theTrellis metacomputingsystem.

TrellisDriverallowsapplicationsto launchexternaljobsandtransparentlyschedulethesejobsacross

the hostsof an overlay metacomputer. Sincejobs areno longerrestrictedto the local server, the

computationalcapacityof theapplication'sexecutionenvironmentcanbegreatlyincreased,leading
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to increasethroughputand reduceturnaroundtimes. The fundamentalconceptof Trellis Driver

is generalenoughto lend itself to any programminglanguagethat providesfunctionsfor running

commandlinesasseparateprocesses.

PA, andotherJava programs,import Trellis Driver asa Java package.The front endof Trellis

Driver is a well-de�ned API, designedto besimilar to thatof theRuntime class(andits associ-

atedfunctionssuchasRuntime.exec() ) for easeof portability. A detailedlisting of all API

functionsis presentedin Subsection4.3.1. Brie�y , Trellis Driver's API providesfunctionality for

specifyingjob groupingpatterns,startingjobs throughthe functionTrellisDriver.exec() ,

andsynchronizingwith their completion. The backendof Trellis Driver interactswith the rele-

vantmetaqueueby issuingblockingmqsub calls,throughthelocaloperatingsystem.Accordingly,

theremustbe an instanceof the CLS actively runningon the samemachineon which the Trellis

Driver-enabledapplicationruns.

Trellis Driveraddsto theTrellis metascheduler, andCLS, thefollowing threefeatures:

1. Job Launching Thr ougha Library Function

Althougha driver processcould call out to the mqsub utility via a library function suchas

system() , specifyinga new job in this manneroften requirespassingseveral parameters,

asseenin the examplemqsub usecasesshown in the previous subsection.Trellis Driver

automatesandsimpli�es thesubmissionof jobsto mqsub by abstractingcumbersomemqsub

commanddetails,suchasthe �ags andprerequisitetarget list. Externaljobsmaybe started

from within an applicationthroughTrellis Driver library functions,which take command

stringsasarguments.
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2. Job Batching to Amortize SchedulingOverhead

Programmersmayprovidehintsaboutthegroupednatureof theapplication'swork�o w jobs.

Trellis Driverautomaticallybatchestheexecutionof a presetnumberof jobsfrom aspeci�ed

job groupto amortizetheoverheadof creatinga new mqsub processfor runningthesejobs.

Thefunctionsfor enablingjob batchingaregivenin Table4.1while thepurposeandconcept

areexplainedin Chapter5.

3. Job Barriers for Dri ver Synchronization with Work�o w

Sincescienti�c work�o wscanconsistof hundredsor eventhousandsof jobsthatcanruninde-

pendentlyof thedriverprocess,supportfor computationalsynchronizationis necessary. The

driverprocesscanawait thecompletionof someor all work�o w jobsthroughthe job barrier

functionsprovidedby Trellis Driver. Thesesamefunctionsprovidea meansof collectingthe

exit codesof jobsthatwereexecutedasynchronously.

Figure4.4 shows thevarioussoftwarecomponentsin our metacomputingintegrationsolution.

The Trellis Driver component(horizontallycentral)is newly developed,while the other compo-

nentswereimplementedprior to this work. Thedata�o w resultingfrom multiple job submissions

follows a producer-consumerpattern.Threadswithin theapplication(producers)generatejobsby

calling TrellisDriver.exec() , abbreviated as td.exec() here. Threadswithin Trellis

Driver(consumers)processjobsby callingmqsub to sendthemto theTrellis metascheduler, which

executeson the sameserver astheapplication.mqsub insertsthe commandline into thedesired

metaqueuefor processingby theTrellis system,asseenin thebottomright cornerof Figure4.4.

Eachapplicationthreador producercancall td.exec() multiple times,sincea threadmay

launchasmany externaljobsasit desires.Figure4.4,however, shows thedata�o w situationthat

occurswhentwo differentproducerseachmake only onecall to td.exec() . At the samethe

two producersarepushingjobsinto thebuffer, thereis oneconsumerthat is pulling jobsout of the

buffer. Dark grayentriesrepresentjobs submittedby Producer1, white entriesjobs submittedby

Producer2, andthelight grayentrya job submittedby a third producerthatis not currentlyadding

a job to thebuffer. WhenProducer1 callsawork barrierfunctionto wait onall its outstandingjobs,

Trellis Driver walksthe linked list of jobsbelongingto Producer1 by following the“per-producer

next” links shown, waiting for eachjob to completein turn. In the exampleabove, Trellis Driver

waitsat buffer entry1 until that job hascompletedbeforeexaminingbuffer entry3. Only after the

job at entry3 hascompleteddoesthejob barrierfunctionreturn.

To decouplethenumberof producerthreadsfrom thenumberof consumerthreads,Trellis Driver

usesastandardboundedbuffer to storeincomingjobs.Theboundedbuffer is a limited-sizestorage

spacefor commandlines.Theadvantageof thisdesignis thatwekeepthegenerationof jobsseparate

from theexecutionof jobs. We wish to avoid startinga new consumerthreadfor every incoming

job, sincethis could�ood theJVM with hundredsor eventhousandsof threads.Having this many
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threadsactive at thesametime would seriouslyundermineperformance.Thereis no limit on the

numberof producerthreads,sincethisdependsontheapplicationcode.Maintaininga�x ednumber

of consumerthreads,thatis independentof thenumberof producers,ensuresscalability.

Trellis Driver allows usersto set the sizeof the boundedbuffer andthe numberof consumer

threads.Thus,if an applicationprogrammeris consciousof resourceusagewithin the JVM, they

may specifya relatively small buffer sizeandlow numberof consumers.If the programmerhas

many thousandsof jobs to run within a shorttime frame,andsuf�cient JVM resources,they may

specifya relatively largebuffer sizeandhighconsumercount.Programmerscanalsospecifywhich

Trellis metaqueueto use,sothatthey maypick ametaqueuethatis tailoredto their currentapplica-

tion.

Applicationscan submit jobs either synchronouslyor asynchronouslythroughTrellis Driver.

In synchronousmode,the calling producerthreadblocksuntil Trellis completesthe given job. In

asynchronousmode,thecallercontinuesaftersubmittingaTrellis job, andcon�rms thecompletion

and collectsthe exit statusof that job at a later time. Implementingthe work barrier functions

requireskeepingtrackof which jobsaresubmittedby whichproducers.Buffer entriesmaintainthe

special-purpose“per-producernext” links to maintainthis information.

4.3.1 Trellis Dri ver API

TheTrellisDriverAPI providesacommandinterfacethroughwhichJavaprogramscanhandoff jobs

to theTrellis metaschedulerfor remoteexecution.TheAPI providesmethodsfor de�ning theTrel-

lis Driver executionenvironment(e.g.,specifyingwhich metaqueueto use),startingandstopping

the job schedulingmechanism,runningjobs synchronouslyandasynchronously, andawaiting the

completionof oneor many outstandingTrellis jobs. ThecompleteTrellis Driver API speci�cation

is givenin Tables4.1,4.2,and4.3.

37



API Function Description
getDriver() Returnsthe Trellis Driver object associatedwith the cur-

rent application. The Trellis Driver object is then used
for all subsequentcommunicationbetweenthe applica-
tion and Trellis Driver. Analogous in purposeto the
Runtime.getRuntime() method.

getConsumersCount() ,
setConsumersCount(
count )

Retrieveandspecifythenumberof consumers,respectively.
Acceptablevaluesfor consumercountcurrentlyrangefrom
2 to 512.

getBufferSize(),
setBufferSize( size
)

Retrieve andspecify the numberof buffer entries,respec-
tively. Acceptablevaluesfor thebuffer sizecurrentlyrange
from 100to 10,000.

getQueueName(),
setQueueName(
metaqueue name )

Retrieve andspecify the nameof the Trellis metaqueueto
which jobsaresubmitted,respectively.

setGroup(
group name,
batch factor )

Registersa new job group, labeledas group name, with
Trellis Driver. The numeric value batch factor indicates
how many suchjobs areto be batchedtogetherinto a sin-
glemqsub command.

createPipeline(
pipeline name,
length )

De�nes a new job pipeline, labeledaspipelinename, that
containsasmany stagesasspeci�edby length. This means
thatlengthjobs,possiblyof differenttype,areto bebatched
togetherinto asinglemqsub command.

start() Informsconsumersto startrunningjobs.
stop() Informsconsumersto stoprunningjobs.

Table4.1: Trellis DriverAPI: Con�gurationFunctions

API Function Description
execSynch(
command line )

Runsthegivencommand(i.e.,commandline) asanexternal
Trellis job, in synchronousmode.The functioncall blocks
until Trellis completesthe job, at which time theexit code
of themqsub processthatranthis job is returned.

exec( command line ,
command group )

Runsthegivencommand(i.e.,commandline) asanexternal
Trellis job, in asynchronousmode.Theoptionalparameter
commandgroupspeci�esthejob groupor pipelinethis job
belongsto. Thefunctioncall returnswhenthejob is inserted
into theboundedbuffer. Thefunctionreturnsa key thatthe
callercanuseto referencethenewly-submittedjob later.

exec( prod id ,
command line ,
command group )

Identical in purpose and behaviour to the version of
exec() shown above,exceptfor anextra initial parameter
that identi�es theproducerthat is submittingthis job. This
versionof exec() allows differentproducersto separate
their jobsfrom oneanother.

Table4.2: Trellis DriverAPI: JobLaunchingFunctions
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API Function Description
waitForOne( key ) Waitsfor theTrellis job associatedwith thegivenreference

key (i.e.,key) to �nish. Theexit codeof themqsub process
thatranthespeci�edjob is returnedto thecaller, afterTrellis
�nishes executingthejob.

waitForAll() Waits for all outstandingTrellis jobs to �nish, regardless
of which producersubmittedthem. An arrayof exit codes
from the respective mqsub processesthat ran the various
jobsis returnedto thecaller, assoonasthelast job �nishes
executing.

waitForAll( prod id
)

Waits for all Trellis jobs that weresubmittedby the speci-
�ed producer(i.e.,prod id) to �nish. An arrayof exit codes
from therespectivemqsub processesthatranall of thispro-
ducer's jobs is returnedto the caller, as soonas this pro-
ducer's lastjob �nishes executing.

Table4.3: Trellis DriverAPI: Work�o w SynchronizationFunctions

In thenext chapter, we follow thecomputational�o w within Trellis Driver thatoccurswhenPA

launchesa seriesof externaljobs. For now, we provideanexampleof thestepsinvolvedin starting

andmonitoringjobsthroughTrellis Driver:

1. Con�guration

The programmer�rst calls the functionsshown in Table4.1 to con�gure the Trellis Driver

executionenvironment. The runtimeparametersof numberof consumers,buffer size,and

metaqueuenamearesetthroughcalls to theappropriatethreefunctions.Work�o w informa-

tion is thenconveyedto TrellisDriverwith callstosetGroup() andcreatePipeline() ,

which theprogrammeruses,respectively, to de�ne new job groupsandpipelines. The pro-

grammerthencallsstart() (only once)to enablejob processingby Trellis Driver.

2. Job Launching

Throughcalls to TrellisDriver.exec() (Table 4.2), the programmerstartsall de-

siredexternaljobs.Multiple callsto TrellisDriver.exec() , whichreplaceany former

Runtime.exec() invocations,achieve job parallelismin theTrellis environment. Work-

�o w jobs may alsobe executedsynchronouslyvia TrellisDriver.execSynch() , in

whichcaseonly oneexternaljob runsat a time.

3. Work�o w Synchronization

Usingthefunctionslistedin Table4.3,theprogrammerenforcessynchronizationbetweenthe

driver processandthe work�o w jobs that werelaunchedby the driver. Work�o w synchro-

nization is achieved by imposingwork barriersthat block the applicationuntil someor all

outstandingwork�o w jobs have completed.Calls to TrellisDriver.waitForAll()

allow the applicationto block until all jobs startedby a given producerthread,or all jobs
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startedby any thread,complete.Calls to TrellisDriver.waitForOne() , which are

analogousto Process.waitFor() calls,allow theapplicationto await thecompletionof

individual jobs.Finally, theprogrammercallsstop() (only once)to endthejob processing

by Trellis Driver, andterminatetheJVM threadswithin Trellis Driver.

4.3.2 Comparisonswith MPI

Programmersfamiliar with the popularMessagePassingInterface(MPI) messagepassinglibrary

standard[18, 8] will note the similaritiesbetweenthe functionality offeredby our Trellis Driver

packageandthemessagepassingservicesof MPI. Notethatwe did notdesignTrellis Driver to be-

havelikeMPI or beareplacementfor MPI. MPI is astandardfor exchangingmessagesin distributed

systems,whereasTrellis Driver is a Java interfacethat links applicationswith an actively running

Trellis metascheduler. However, analogiescanbe madebetweenthe semanticsof MPI functions

asseenby theprogrammer, andthe internalmechanismsof Trellis Driver, which helpprovide this

module'svisiblesemantics.

Commandlines issuedby a sender(producerthread)canbe thoughtof asmessagessentto a

receiver (consumerthread),which overseesthe executionof that commandin the Trellis environ-

ment. MPI managescommunicationin the form of messagessentbetweenprocessesrunning in

separatememoryspaces.Trellis Driver managescommunicationin the form of commandlines

passedbetweenseparateJava threadsexecutingin the samevirtual machineinstance. Table4.4

providesfurther descriptionsof the six Trellis Driver API routinesthat handlethis commandline

communication,andalsoindicatesto whichMPI routineeachonecorresponds.

4.4 Concluding Remarks

In this chapter, we presentedour solutionfor portingdriver-basedJava applications,suchasPA, to

metacomputing.We describedthefunctionalityandthearchitectureof theTrellis DriverJava mod-

ule that is usedin placeof theRuntime.exec() facility. We explainedtheTrellis placeholder

schedulingmechanism,whichprovidesloadbalancingof jobsacrossall hosts.

Having integratedPA with metacomputingthroughTrellis Driver, wenow wishto studythecost

of moving dataover the network connectingthe individual metacomputerhosts. Whenthe meta-

computerspansa local areanetwork (LAN), themetascheduler'spolicy towardsdatalocality is not

critical to applicationperformance.In Chapter5, we experimentallycon�rm this assertion.When

themetacomputerspansa wide areanetwork (WAN), we expectandobserve,in Chapter6, thatthe

datamovementoverheadbecomeshighenoughto necessitatetheuseof aschedulingpolicy thatco-

locatesjobsanddata.We developa new schedulingpolicy for Trellis that is shown experimentally

to reducedatamovementoverheadsby placingjobs on hoststhat hold their input data. Thus,the

next two chaptersserveto demonstratethesubstantialperformancebene�t of runningPA'swork�o w

overametacomputer, whetherthemetacomputerdeployedspansa LAN or a WAN.
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Trellis Dri ver MPI Function SemanticSimilarities
Function
start() MPI Init() Initializes the executionenvironment. In Trellis

Driver, the environment dependson parameters
presetby theapplicationsuchasbuffer sizeandthe
numberof consumers.In MPI, the environment
dependson commandline settingssuchasstated
processpriority anddebuggingsettings.

stop() MPI Finalize() Terminatesthe executionenvironment. No more
jobs may be startedor messagessentafter a call
to eitherof thesefunctions. A singlecall mustbe
madeat theendof themasteror driver processto
properlycleanupall programthreads.

execSynch() MPI Send() Startsa synchronousmessagesendoperation.The
calleris blockeduntil it receivesnoticethattheop-
erationhascompleted.In Trellis, a messagecon-
stitutesa commandline and getsprocessedby a
consumerthread,which executesthespeci�ed job
in the underlyingmetacomputer. In MPI, a mes-
sageconstitutesa chunk of programdata that is
processedand acknowledgedby a designatedre-
cipient.

exec() MPI Isend() Startsan asynchronousmessagesendoperation.
The caller returnsright away and is given a han-
dlethroughwhichthey mayverify theresultof this
operationlater. In Trellis, thehandleis a numeric
key that refersto a job in the buffer. In MPI, the
handleis arequestobjectthatis modi�ed whenthe
statusof thecommunicationchanges.

waitForOne() MPI Wait() Provides a synchronizationbarrier for one out-
standingmessage,which may be eitheran un�n-
ishedTrellis job or anMPI communicationthat is
still active.

waitForAll() MPI WaitAll() Providesasynchronizationbarrierfor all outstand-
ing messages,whetherthey areun�nished Trellis
jobsor activeMPI communications.

Table4.4: SemanticComparisonof Trellis DriverandMPI methods.
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Chapter 5

Trellis Dri ver: Implementation and
Empirical Evaluation

Chapter4 presentedanillustrativeexampleof how ProteomeAnalyst(PA) usesthenewly-developed

Trellis Driver module to run multiple work�o w jobs concurrentlyover a Trellis metacomputer.

The precedingchapterthen outlined Trellis' placeholderschedulingmechanism. We then gave

an overview of Trellis Driver's boundedbuffer architecture,andexplainedthe intrinsic producer-

consumerdata�o w pattern.Finally, weannotatedtheTrellis Driverapplicationprogramminginter-

face(API).

In this chapter, we provide full implementationdetailson the Trellis Driver Java module. We

describethecomputational�o w within this softwarelayer throughouta job's lifetime. In our run-

ning example,we follow thepathway of functioncalls thataretriggeredwhenthePA application

speci�estheproperties,submits,andcollectstheresultsof BLAST jobsthroughTrellis Driver. Af-

terdescribingthefunctionalityof eachclassin Trellis Driver, weexplain thetwo techniquesoffered

for groupingmultiple work�o w jobs into a commonmqsub process,which addresstwo different

inherentschedulingoverheads.

We thenpresentempiricalresultsfrom our testcaseof PA. We observe thatwhile mqsub im-

posessigni�cant latency in the schedulingof jobs, batchingmany jobs of the sametype together

successfullyamortizesmqsub latencies,leadingto linearspeed-upof theBLAST phase.Therela-

tionshipbetweenthenumberof placeholders,thenumberof jobsbatched,andloadbalancingis then

explainedthroughanillustrativeexample.Finally, weexaminethedifferencein speed-uptrendsfor

theBLAST andParsingphases.

5.1 Trellis Dri ver: Implementation asa Java Package

Trellis Driver consistsof four distinct Java classesthat are groupedinto a commonpackage:

TrellisDriver , ConsumerThread , BoundedBuffer , and BufferEntry . Figure 5.1

providesan illustrative diagramof the interactionbetweenobjectsfrom thesefour classesandthe
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Figure5.1: Pathwayof FunctionCallsDuringExecutionof Jobsin Trellis Driver

externalcomponents,duringtheexecutionof jobs.Arrowsin the�gure representinvocationsof one

object's methodsby thecodewithin anotherobject. Dottedlines representanexpandedview of a

componentfrom aninstanceof a certainclass,suchasthebuffer for storingjob informationthat is

containedin thesingletonTrellisDriver object.We abbreviateTrellisDriver with TD.

TrellisDriverwaspreviouslydescribedasasoftwaremodulethatintegratesapplicationswith the

Trellis metacomputingsystem.To clarify thisconceptualde�nition, theleft sideof Figure5.1shows

thepartof thePA applicationthatutilizesTrellis Driver'sjob schedulingservices.Morespeci�cally,

thebox in theupperleft cornershows calls to theAPI functions,suchasTD.setGroup() , dis-

cussedin thepreviouschapter. Theright sideof the�gure showsonemqsub processthatis created

whena ConsumerThread instanceretrievesonesetof jobsfrom thebuffer, andsendsthesejobs

to Trellis for execution.Themqsub processshown herelivesuntil all thelatestjobssentto Trellis

�nish executing.

An instanceof eachof thePA applicationandmqsub utility areshown in Figure5.1merelyto

show theexternalprogramsthatareinvolvedin theexecutionof work�o w jobs.Weavoid discussing

theinternalworkingsof eitherPA or mqsub here.Wepresentedthecomputationalpipelinesfor the

training andpredictionusecasesof PA in Section2.1, andexplainedhow mqsub addsjobs to a

metaqueueso that thesejobs arelater assignedto placeholdersin Section4.2. We now presenta

step-by-stepdescriptionof theprocessingof a new job by Trellis Driver.

5.1.1 Functional Pathway During Job Execution in Trellis Dri ver

This sectionprovidesa walkthroughof all the tasksinvolvedin executingthework�o w jobs from

theBLAST phasein thePA application.As discussedin Section2.1,boththetrainingandprediction

usecasesof PA entailrunningBLAST asthe�rst stepin theanalysispipelineof aninput protein.
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Ontheleft sideof Figure5.1,weseesomeof thecall sitesto key API functionsfrom thepartof

PA that interactswith Trellis Driver. Althoughnot shown in this diagramfor thesake of compact-

ness,it is alwaysnecessaryto call TrellisDriver.getDriver() to obtaina referenceto the

singleTrellisDriver instanceassociatedwith thecurrentapplication.This referenceis stored

in aprogramvariable,representedasTDin thePA box in Figure5.1,andis thenusedto invokeAPI

methodsin all subsequentTrellis Driver operations.The applicationmay alsosetthe buffer size,

numberof consumers,andmetaqueuename,andmustcall thestart() functionto enablethejob

processingmechanismwithin Trellis Driver. The call sitesto the relevant con�guration functions

arenot shown in theinterestof compactness.

To enablethe reductionof job schedulingoverheadswithin Trellis Driver, PA must take the

importantstepof registeringthe BLAST job group. The TD.setGroup() call informs Trellis

Driverof anew job group,entitled“BLAST”, for whichmultiple jobsof thiscommontypeareto be

bundledtogetherin a singlemqsub process,andtherefore,runon thesamemachine.Section5.3.1

explainshow batchingtogethermultiple jobsof thesametypeamortizesschedulingoverheads.In

thisexample,thePA applicationspeci�esabatchingfactorof two (2),whichmeansthattwo BLAST

jobsareto begroupedinto a commonmqsub process.Theprogrammermay, in fact,chooseany

valuewithin a certainlegal range,whichwediscusslaterin Section5.2.

After registeringtheBLAST job group,thePA applicationtheniteratesover all proteinsin the

input proteomeandstartsa BLAST analysison eachone. This is donethroughthe TD.exec()

invocationswithin the while() loop, shown in the centreof the PA box in Figure5.1. Trellis

Driverstoresthecommandline of eachincomingBLAST job in its own buffer entry, which is then

protectedfrom beingoverwrittenwith anothercommandline until theapplicationhasacknowledged

thecompletionof thatparticularjob. Detailson thetransitioningof buffer entrystatesthroughouta

job's lifetime aregivenin Section5.2.

The�rst argumentin thecall to TD.exec() shown in this example,hashCode , is a numeric

value that uniquely identi�es the producer. One sourceof uniquenumericvaluesfor individual

producersis thehashcodeof the Java virtual machine(JVM) threadencompassingthis producer.

Recall,from Figure4.4,thatTrellis Driverkeepstrackof which jobsbelongto whichproducersby

setting“per-producernext” links betweentherelevantbuffer entries.

Thesecondargumentgivento TD.exec() is a stringcontainingtheBLAST job grouplabel.

Trellis Driver usesthis string as a key in the job grouphashtableto �nd the batchingfactor for

BLAST jobs(in this casetwo). Whenstoringcommandlinesof BLAST jobs in thebuffer, Trellis

Driver forms sublistsof two buffer entriescontainingBLAST commandlines. Consumerthreads

cantheniterateover thesesubliststo recruittwo BLAST jobsat a time for execution.

The third and�nal argumentto TD.exec() is the commandline itself. In PA, BLAST jobs

arespeci�edby theabsolutepathof theBLAST binaryfollowedarbitraryarguments,whichspecify

propertiesof theBLAST search.
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ExecutionParameter Lower Upper
Buffer Size 100 10,000

Numberof Consumers 2 512
JobGroupBatchingFactor 1 Buffer Size

JobPipelineLength 1 Buffer Size

Table5.1: UpperandLowerBoundsonTrellis DriverExecutionParameters

After starting BLAST analysesfor all proteins in the input proteome,the PA code calls

TD.waitForAll() , giving the hashcodeof the calling produceras the only argument. Trel-

lis Driver thenwalks thecorrespondingper-producerjob list, blockingat eachbuffer entry in that

list until theassociatedBLAST job hasbeenmarkedascompletedby a consumer.

Including the JVM thread-speci�chashcodein all TD.exec() calls whensubmittingjobs,

andproviding this samehashcodein the subsequentTD.waitForAll() call, allows multiple

producersto executeseparatepiecesof an application's work�o w without interfering with each

other's jobs. Althoughtheaboveexampleshows only oneproducer, therecouldin factbemultiple

copiesof this samePA coderunningBLAST analysesfor distinctproteomesconcurrently.

5.2 Trellis Dri ver Classes

1. TrellisDriver

The TrellisDriver objecthandlesall communicationwith the client Java program,as

well aswith the otherobjectsin the Trellis Driver package.As describedpreviously, pro-

grammersmust�rst obtaina referenceto thesingletonTrellisDriver objectbelonging

to theirapplication,andthenmayinvokeAPI methodsonthisobjectasneededto runexternal

jobs. TheTrellisDriver objectalsostorestheboundedbuffer thatholdsthecommand

lines,andmanagesthepoolof consumerthreadsthatprocessjobs.

As a pre-processingstep,aninput validity checkis performedin thefour con�guration func-

tions of setBufferSize() , setConsumersCount() , setGroup() , andcreate

Pipeline() . Table 5.1 shows the �x ed rangesfor eachof theseexecutionparameters.

Althoughcurrentlynotadjustableby theuser, theparametersshown couldeasilybemadeso.

2. ConsumerThread

ConsumerThread objectscommunicatewith theunderlyingmetacomputerby continually

pulling commandlinesoutof thebuffer andsubmittingthemto thedesiredTrellis metaqueue

with mqsub. During work�o w execution,ConsumerThread objectsfollow a basiccycle

of fetching,executing,andmarkingjobsascomplete.

3. BoundedBuffer

ThesingleBoundedBuffer instanceholdsthecommandlinesof all jobsissuedto Trellis
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Figure5.2: StateTransitionsandAssociatedOperationsfor BoundedBuffer Entries

Driver. For performancescalability, theBoundedBuffer objectusesabuffer thatis of �x ed

size(i.e.,bounded)to decouplethenumberof consumersfrom thenumberof producers.

Eachincomingcommandline is placedin a buffer entrythatwaspreviouslymarkedasFree.

Trellis Driver keepsup-to-datelinked lists of buffer entriesin eachof the four states,which

areoutlinedin thesubsectionimmediatelyfollowing. All buffer manipulationfunctionsare

synchronizedJava methods,somutualexclusionis enforced.

The BoundedBuffer objectalsocontainshashtablesfor storinginformationon producer

threads,job groups,andjob pipelines.

4. BufferEntry

An arrayof BufferEntry instancesimplementstheboundedbuffer for storingcommand

lines. Individual BufferEntry objectscontainmultiple �elds for recordingall pertinent

job information. Whenrequired,the label of the job group is stored. The job's command

line andthe returncodeof the mqsub processthat passesthis commandline to the Trellis

metaschedulerarealsostored.

Figure5.2providesastatetransitiondiagramfor aboundedbuffer entry. In thisexample,one

produceris executingonejob asynchronously. WhentheproducerinvokesTD.exec() , the

new job'scommandline is written to a previouslyFreebuffer entry, which thenmovesto the

Filled state.A consumerthreadretrievesthecommandline andpassesit asan argumentto

themqsub utility for execution,changingthestateof thatentry to InProgress.Themqsub

processpassesits returncodebackto theconsumeruponthejob'scompletion.Theconsumer

recordsthis returncodein thebuffer entry, which is movedto theFinishedstate.Finally, the

producercallsTD.waitOne() to synchronizewith thecompletionof thisindividual job and

collectthemqsub exit code.Thebuffer entry'sstatethenmovesbackto Free.
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Figure5.3: HomogeneousBatchingof BLAST JobsWithin Trellis Driver

5.3 Batching of Multiple Jobs

Thefollowing subsectionsdescribeour two techniquesfor batchingjobsof thesameanddifferent

types,respectively, into a commonmqsub process. The two batchingstrategies describedhere

amortizedifferentsourcesof overhead,bothof whichareinherentin work�o w scheduling.

5.3.1 Job Groups: HomogeneousBatching of Jobs

In PA, the shortruntimesof BLAST andParsingjobs make for poor job granularity. Thereis an

inherentoverheadin moving a commandline throughTrellis Driver andin startingtheassociated

mqsub process.Likewise,thereis anoverheadfor a mqsub processto terminateandpassits exit

codebackto Trellis Driver. AggregatingseveralBLAST or Parsingjobs into onemqsub process

cangreatlyamortizetheTrellis Driverandmqsub latencies.

Trellis Driversupportsthegroupingof multiple jobsfrom a commonwork�o w phaseto reduce

schedulingoverheads.Wereferto this job batchingstrategy ashomogeneousbatchingsincethejobs

bundledtogetherby Trellis Driverarealwaysof thesametype(i.e.,they areinvocationsof thesame

externalprogram).

Figure5.3 illustratesthe �o w of BLAST commandlines within Trellis Driver whenhomoge-

neousbatchingis used. The left side of the diagramprovides a snapshotof PA codefrom the

BLAST phase.Here, the work�o w is speci�ed in termsof control �o w, so PA startsall BLAST

jobs,invokesawork�o w barrierfunctionto await theircompletion,andthenrepeatsthisprocessfor

theParsingphase.

WhenPA callsTD.setGroup() , Trellis Driver registerstheBLAST job groupby addingan

entry to the job grouphashtable(not shown), which mapstheBLAST label to thegivenbatching
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factorof two. TheTD.exec() callssendtheBLAST commandlinesto Trellis Driver, whichstores

themin separatebuffer entries,asseenin thecentreof thediagram.A seriesof “per-consumernext”

links is maintainedto form job groupsof thedesiredsize.

On theright, we seeoneconsumerrecruitingtwo BLAST commandlines from thebuffer and

passingthemto anmqsub process.Thecommandline recruitingproceedsin threesteps:

1. TheconsumerreadstheBLAST job grouplabelfrom thetopbuffer entryshown andconsults

thejob grouphashtableto �nd thatthedesiredbatchingfactoris two.

2. Theconsumerfollows theper-consumernext links until it hasgrabbedtwo BLAST jobs,or

until a �x edtimeouthasexpired.

3. Theconsumerpassestheconcatenationof thetwo BLAST commandlinesto mqsub.

Having a timeoutpreventsthe starvation of an incompletejob groupat theendof a work�o w

phase.For instance,if PA executes1,000BLAST jobs andtheBLAST batchingfactoris 16, this

produces62groupsof 16– accountingfor the�rst 992jobs– andoneremainingsmallergroupof 8

BLAST jobs. With no timeout,theconsumerrecruitingthelastfew BLAST commandlineswould

wait inde�nitely for 8 morejobsthatwouldnevercome.

Whena placeholderis givena job bundle(i.e., a setof jobsgroupedtogetherby homogeneous

batching),it receivesonecommandstring that consistsof multiple BLAST commandlines sepa-

ratedby semi-colons.As per Unix convention,placeholderscriptsexecutethesecommandlines

individually. With homogeneousbatching,theexactorderof job executionwithin a singlejob bun-

dle is irrelevant, sincethe jobs comefrom the samework�o w phaseandare, therefore,mutually

independent.

5.3.2 Job Pipelines: HeterogeneousBatching of Jobs

Although Trellis Driver andmqsub imposesigni�cant overheadfor jobs with shortruntimes,the

costof transferringdatabetweenjobsfrom successivepipelinestagesthatarerunondifferenthosts

canalsoentail considerableoverhead.The late binding of jobs to placeholdersin Trellis means

thatBLAST andParsingjobsfrom a commonpipelinecanberun ondifferenthosts,particularlyat

high placeholdercounts. In suchcases,the homologue�le outputtedby the BLAST job mustbe

transferredto themachinewherethesuccessorParsingjob runs.

To avoid datamovementoverheads,Trellis Driver supportsthebundlingof jobsfrom different

work�o w phases.Wereferto thisstrategyasheterogeneousbatchingsincethejobsbundledtogether

areof distincttypes(i.e., they areinvocationsof differentexternalprograms).

Figure5.4 illustratesthe�o w of proteinpipelinejobswithin Trellis Driverwhenheterogeneous

batchingis used. The left sideof the diagramshows a codeextract from the overlappedBLAST

andParsingphases.Herethework�o w is speci�ed in termsof data�o w, soPA issuestheBLAST
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job andtheParsingjob from the �rst pipeline,thentheBLAST andParsingjobs from thesecond

pipeline,andsoon.

Beforeexecutingeachpipeline,however, PA calls TD.createPipeline() to register the

next job pipelinewith Trellis Driver. Thisfunctioncall addsanew entryto thejob pipelinehashtable

(not shown), which mapspipelinelabelsto their givenlengths,which arealwaystwo in this work-

�o w. TheTD.exec() callsaddthecommandlinesof theBLAST andParsingjobsto thebuffer,

asseenin thecentreof thediagram.Theper-consumernext links aresetaccordingto thespeci�ed

pipelinelength.

Theconsumerrecruitscommandlinesin amannersimilarto thatusedin homogeneousbatching.

Thedifferenceis thatthereis notimeoutfor recruitingjobs.Thus,aconsumerthat�nds oneBLAST

job, which is partof a two-stagepipeline,will wait inde�nitely for theaccompanying Parsingjob.

This approachis usedbecausetheapplicationis expectedto supplythecorrectnumberof jobsfor

everypipeline.

Data�o w dependenciesbetweentheBLAST andParsingjobsarerespected,sincethecommand

stringsgiven to placeholdersalways specify the commandlines in the sameorder in which the

correspondingjobs wereissued.For instance,in Figure5.4, the consumerconstructsa command

stringcontainingthe�rst BLAST commandline, followedby asemi-colon,andthenthe�rst Parsing

commandline. Following Unix convention,theplaceholderreceiving thecommandstringshown in

theabove�gure executesBLAST 1 beforeParsing1.

5.4 Experimental Results

In Section2.1, we explainedthe threestagesof PA's job pipelines. Stages1 and2, BLAST and

Parsing,respectively, areidenticalin boththetrainingandpredictionusecases.Table2.1presented
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Figure5.5: PA-Trellis Makespanwith VaryingBatchingStrategies
BLAST andParsingPhasesRunAcrossaLAN

theruntimesof all four phasesin ourPA testcase,in whichwetrainedandvalidatedanew classi�er.

TheBLAST phasehadby far the longestruntime. AlthoughParsinghada muchshorterruntime,

like theBLAST phase,Parsingis alsoembarrassinglyparallel,meaningany numberof jobs from

eitherStage1 or Stage2 mayexecuteconcurrently. Accordingly, we parallelizedboththeBLAST

andParsingphasesof PA.

Experimentalresultspresentedin this chaptershow:

1. Homogeneousbatchingis moreeffective thanheterogeneousbatching(Figure5.5). Thefor-

merstrategy reducesmakespanto amuchgreaterdegreethanthelatter, suggestingthatin this

PA work�o w, mqsub imposesgreateroverheadthandatatransfer.

2. Linearspeed-upof theBLAST phaseis approachedor achievedat all placeholdercounts.

3. TheParsingphaseactuallyslowsdown whenparallelizedat low placeholdercounts.Evenat

highplaceholdercounts,speed-upsarenowherecloseto linear.

We parallelizedtheParsingphaseof PA thesamewe did for theBLAST phase.Recallthecode

snapshotsfrom the original andparallelPA (PA-Trellis), presentedin Section4.1, in the latter of

whichwereplacedRuntime.exec() callswith TrellisDriver.exec() calls.
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Num. No Hetero. Homo. Batching
PHs Batching Batching 2 BF 4 BF 8 BF 16BF 32BF 64BF

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 andParsingMakespanfor VaryingBatchingStrategiesandFactors
(H:MM:SS)

Original (Sequential)BLAST andParsingMakespanwas4:59:59

To benchmarkPA-Trellis againstthe original PA, we traineda new classi�er with the same

input proteomeof 3,916sequencesand1,531featuresthat we usedin our testcase,presentedin

Section2.1. In all experimentsdiscussedbelow, PA-Trelliswasrunoveraclusterof Linux machines,

connectedvia Fast Ethernet. Thus, the underlyingmetacomputerspanneda local areanetwork

(LAN). Eachconstituenthostwasa Linux box that hadtwo AMD Athlon MP 1800+processors,

1.5 GB main memory, andran RedHat 7.1. The BLAST executableandtheSwiss-Protdatabase

werereplicatedon all metacomputerhosts.Thesequencetext �les (i.e., theBLAST inputs),were

storedon an NFS-mountedvolume,making for transparentand �x ed-timedataaccessacrossall

hosts.Therewasnoneedto usetheTrellis File System(Trellis FS)for dataaccess.

5.4.1 Homogeneousvs. HeterogeneousBatching

Figure5.5 shows the combinedmakespanfor the BLAST andParsingphasesof PA-Trellis with

varyingbatchingstrategiesandfactors.The“No Batching”seriesrepresentsa basecasewherethe

BLAST andParsingjobswereall run individually, andthustherewasnoamortizationof mqsub or

datamovementoverheads.Here,batchingfactoris abbreviatedasBF.

Weimmediatelyseethateitherbatchingstrategydecreasesmakespannoticeablyagainstthebase

caseat all placeholdercounts.For clarity, Table5.2displaysthevaluesof thecombinedmakespan

of theBLAST andParsingphases.ThelabelPHis anabbreviation for placeholder. Thesenumbers

show that homogeneousbatchingreducesmakespanconsiderablymore thandoesheterogeneous

batching. Already at a batchingfactorof 4, homogeneousbatchingwins easilyagainstheteroge-

neousbatchingin termsof makespan.For instance,at16placeholders,theheterogeneousmakespan

is 0:40:14,whichis a41.4%reductionof thebasecasemakespanof 1:08:41.However, thehomoge-

neousmakespanwith abatchingfactorof only 4 is 0:28:36,which is amuchlarger58.4%reduction

againstthebasecasemakespan.Similar trendscanalsobe seenwith fewer than16 placeholders.

At all higherbatchingfactors,thehomogeneousstrategy outperformsheterogeneousevenmorede-

cisively, at all placeholdercounts.Thus,mqsub appearsto bea fargreatersourceof overheadthan

datamovement,irrespectiveof thenumberof placeholders.

With homogeneousbatching,therearediminishingreturnsin makespanimprovements,which

eventually go negative, as the batchingfactor increases.This is evident in the �attening out of
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Figure5.6: LoadBalancingwith VaryingPlaceholderCountsandBatchingFactors

successive makespanbarsin Figure5.5 (exceptfor theheterogeneousbarson the far right). Note

thathomogeneousmakespanis reducedconsiderablywhengoingfrom a batchingfactorof 2 to 4,

but only slightly, if at all, whengoingfrom a batchingfactorof 16 to 32. Thebatchingfactorthat

producesthe lowestmakespanvarieswith thenumberof placeholders.FromTable5.2, it appears

that largerbatchingfactorsleadto betterperformanceat lower placeholdercounts.We discussthis

phenomenonin thefollowing subsection.

5.4.2 Causesof Load Imbalance

Having establishedthathomogeneousbatchingworksbestfor our testPA work�o w, we now exam-

ine the differentcharacteristicsof the BLAST andParsingphases.We begin by investigatingthe

relationshipbetweenthenumberof placeholders,thebatchingfactor, andmakespan.

As anillustrativeexampleof inherentloadimbalancein somesituations,Figure5.6showsthree

differentloadbalancingscenarios,eachof which has100jobsbut a distinctcombinationof place-

holdercountandbatchingfactor. Columnsin thediagramsillustratetheassignmentof job bundles

to speci�c placeholders,whicharelabeledat thebottom.Numbersin theboxesrepresentthesizeof

the job bundles.Rows representjob assignment“rounds”, in which theTrellis schedulerhandsoff

onebundleof jobs to eachplaceholder. Time proceedsdownwardsin thediagrams,meaningthat

the�rst row representsthe�rst roundof job assignments,thesecondrow thesecondround,andso

on. Dashedlines from thetime arrow to thebox of job assignmentsprovide a visualmeasurement

aid.

Figure5.6(a)shows a scenarioin which the numberof placeholderstimesthe batchingfactor
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Num. PHs 2 BF 4 BF 8 BF 16BF 32BF 64BF
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 Makespanwith VaryingHomogeneousBatchingFactors
(H:MM:SS)

Original (Sequential)BLAST Makespanwas4:51:26

Num. PHs 2 BF 4 BF 8 BF 16BF 32BF 64BF
2 1.74 1.87 1.95 1.98 2.00 2.01
4 3.49 3.77 3.92 4.00 4.02 3.87
8 6.81 7.45 7.79 7.85 7.68 7.49
16 12.38 14.47 15.03 14.81 14.68 13.52

Table5.4: Speed-upof ParallelBLAST overSequentialBLAST with VaryingHomogeneousBatch-
ing Factors

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

whenthebatchingfactoris 10, thereis someload imbalancesincetheplaceholdersdo not all run

the samenumberof job bundles. The work�o w's executiontakeslonger in this secondscenario,

requiringsix timeunitsasopposedto the� ve requiredin the�rst scenario.

Figure5.6(c) shows the samework�o w as in (a) but with eight placeholdersinsteadof four.

Again,weseesomeloadimbalance,sincetheplaceholdersrundifferentnumbersof job bundles.In

this case,doublingthenumberof placeholdersdoesnot cut turnaroundtime in half (i.e., by 50%).

Thework�o w executiontakesthreetime unitsasopposedto � ve,or 60%of theoriginal runtime.

Admittedly, if therewere120jobsinsteadof 100in theabove example,perfectloadbalancing

would be achieved with a batchingfactor of 10, or with 8 hosts. However, the above example

is intendedto show that asthe job bundlegranularityor the numberof placeholdersincreases,it

becomeslesslikely to beableto assigneachplaceholderthesamenumberof jobs. Fromthethree

scenariosillustrated,we seethateithera highnumberof placeholdersor a largebatchingfactorcan

throw off loadbalancing,therebyprolongingmakespan.

5.4.3 Differencesin BLAST and Parsing Phases

Table5.3 displaysthe BLAST makespansfor the PA-Trellis work�o w introducedin the previous

section,with the bestmakespansobtainedat eachplaceholdercount highlighted. Note that the

optimalhomogeneousbatchingfactordecreasesasthenumberof placeholdersincreases.Webelieve

this is due to the load balancingtrendsdiscussedpreviously. At 2 placeholders,when half the

work�o w jobs(50%),onaverage,areassignedto eachplaceholder, abatchingfactorof 64produces

theshortestmakespan.At 16 placeholders,whenonly onesixteenthof thework�o w jobs(roughly

6%), on average,are assignedto eachplaceholder, the optimal batchingfactor is 8. Thus, the
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Num. PHs 2 BF 4 BF 8 BF 16BF 32BF 64BF
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: ParsingMakespanwith VaryingHomogeneousBatchingFactors
(H:MM:SS)

Original (Sequential)ParsingMakespanwas0:08:33

Num. PHs 2 BF 4 BF 8 BF 16BF 32BF 64BF
2 0.20 0.27 0.33 0.39 0.41 0.42
4 0.35 0.52 0.64 0.72 0.79 0.82
8 0.50 0.84 1.14 1.37 1.43 1.47
16 0.50 1.01 1.60 2.15 2.41 2.53

Table5.6: Speed-upof ParallelParsingoverSequentialParsingwith VaryingHomogeneousBatch-
ing Factors

combinationof largejob bundlesanda high numberof hostsprolongsmakespan.This observation

is consistentwith our earlierillustrative loadbalancingscenarios.

Measuringspeed-upratiosfor theBLAST andParsingphasesallowsusto assesshow effectively

we areamortizingthe overheadsof mqsub anddatatransfer. Table5.4 shows speed-upsfor the

BLAST phase.Not surprisingly, asthebatchingfactorincreasesandhence,theoverheadsof mqsub

areamortizedmore,speed-upsimprove.For the2-placeholdercase,weachievelinearspeed-upwith

batchingfactorsof 32and64. For the4-placeholdercase,linearspeed-upis achievedwith batching

factorsof 16 and32. For the8 and16-placeholdercases,we fall just shortof linearspeed-up.We

believe that contentionfor thecommonTrellis CommandLine Server (CLS), which mustprocess

requestsfor a largernumberof placeholders,is thereasonfor this slightly weakerperformance.We

explorethis issuefurtherin Chapter6.

Table 5.5 displaysthe Parsingmakespansfor the PA-Trellis work�o w. Table 5.6 shows the

correspondingspeed-ups.Immediately, we notethatparallelizingthis phasedoesnot produceany

worthwhile speed-up.At 2 or 4 placeholders,thereis actuallyan increasein the Parsingtimes,

regardlessof how high we setthebatchingfactor. Evenat 8 or 16 placeholders,whenwe seesome

reductionin phasetime at higherbatchingfactors,thespeed-upsobtainedarequite low, well short

of linear.

We believe this poor speed-upis simply dueto the small granularityof theParsingjobs. The

short runtimesfor individual Parsingjobs, which we estimateto be within the 0.5 to 0.7 second

rangein Chapter6, makesfor a low ratio of computationto communicationin this phase.Here,

computationrefersto the time spentactuallyexecutingParsingjobs,andcommunicationrefersto

all overheadsof Trellis Driver, mqsub, andevenplaceholderscontactingtheCLS.

54



5.5 Summary of Results

In Chapter4, we outlinedTrellis Driver's scalable,boundedbuffer architectureaswell asits API,

which is basedon that of Runtime.exec() . The codeextractsfrom the original PA andPA-

Trellis demonstratedhow Trellis Driverfunctionsasadrop-inreplacementfor 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 processesall the BLAST jobs launchedby the PA application. We

explainedour two differentjob batchingstrategies,whichaddresstwo differentinherentscheduling

overheads.Our empiricalresultsshowedthat theoverheadsof mqsub anddatamovementcanbe

amortizedby batching.In particular, homogeneousbatchingleadsto linearspeed-upof theBLAST

phasein our testcase.Thespeed-upvaluesshowedthattheoptimalbatchingfactorvarieswith the

numberof placeholders;we believe this is dueto loadbalancingtrends.TheParsingphaseobtains

low speed-upsdueto small job granularity.
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Chapter 6

Data-ConsciousSchedulingPolicy:
A Simulation Study

Thischapterinvestigatesthecircumstancesunderwhich theProteomeAnalyst(PA) applicationcan

bene�t from a schedulingpolicy thatassignsjobsto hoststhathold their input data.We implement

andre�ne ournew schedulingpolicy in thecontext of asimulationstudy, whichprovidesacontrolled

environmentfor easilyalteringkey parameterssuchas�le sizesandcommunicationoverheads.

Chapter5 presentedempiricalresultsshowing theeffectivenessof homogeneousjob batchingat

amortizingjob schedulingoverheads.We saw that linear speed-upfor theBLAST phaseof PA is

achievedat higherbatchingfactors,eventhoughthejob schedulingstrategy usedby Trellis is First

ComeFirstServed(FCFS),whichdoesnot considerdatamovement.

Theresultsfrom thepreviouschapterdemonstratedthatgoodspeed-upsareachievablewithout

dataconsciousnessin scheduling.However, threeimportantquestionsareleft unanswered:

1. While PA achievesimpressive performancegainswhenthemetacomputerspansa local area

network (LAN), whatarethegainswhenthemetacomputerspansawideareanetwork (WAN)?

2. Whataretheeffectsof usingschedulingpoliciesotherthanFCFSwithin themetacomputer?

3. Whatin�uencedoapplicationandmetacomputingparameters,suchas�le sizesor contention

for thecommandline server (CLS)amongmultiple placeholders,haveonperformance?

Thischapterexplorestheabovequestions.We�rst explainthedesignof ournew Data-Conscious

(DC) schedulingpolicy. We thendeterminethecasesin whichco-locatingjobsandtheir input data

improvesperformancesigni�cantly. Finally, we explore the impacton performanceof parameters

suchasjob batchingstrategy anddatatransferrate.

6.1 Why UseSimulation?

The previous chapterpresentedresultsfrom experimentsthat wererun in a real settinginvolving

a LAN-spanningmetacomputerwhoseresourceswereall containedwithin a singleadministrative
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domain.Sincemetacomputingworksacrossmultipleadministrativedomainsthatmaybegeograph-

ically dispersed,we wish to measuretheperformanceof PA-Trellis on a metacomputerthat spans

a WAN aswell. However, WAN environmentsarehardto regulatefor our own use.Many factors

thatcanimpactperformance,suchassustainablecross-domainbandwidth,lie beyondour control.

Obtainingexclusive accessto all theresourcesover which we wish to distributeour metacomputer

canbedif�cult sinceit requiresthecooperationof all partieswhosharethoseresources.

A more practicalalternative is to usesimulationto model the executionof PA-Trellis over a

WAN-spanningmetacomputer. A simulatorprogramallows us to reproducethe PA-Trellis appli-

cationandits executionenvironmentin suf�cient detail,while controllingall factorsthat in�uence

performance,includingdatatransfertimes. Additionally, we canadjustthesettingsof therelevant

modelparametersto explore their theoreticalimpacton performance.For example,we canin�ate

the�le sizesto seehow well ournew schedulingpolicy handlesdata-heavy work�o ws.

Two moreproperties,commonto all simulators,greatlyaidour work. First,virtual experiments

executedby asimulatorarecarriedout in virtual timeandnot realtime. Thus,wecanrunarangeof

simulatedPA-Trellis experimentsin a few secondsof real time whereequivalentexperimentswith

theactualapplicationwould take hoursto complete.Second,the importantscienti�c objective of

reproducibilityof resultsis easilymet in simulation.Thedeterministicnatureof many simulators,

including the onewe develop,meansthat preciselythe sameperformanceresultsareobserved in

successive trials with identicalinputs.

6.2 Smurph Simulation

We usetheSmurphsimulationpackage[12], developedat theUniversityof Alberta, to modelthe

executionof thePA application'swork�o w over a Trellis metacomputer. TheSmurphutility is de-

signedfor writing discreteeventsimulationsof packet-basednetwork protocols.We foundSmurph

to beeasilyadaptablefor creatinganaccuratesimulationof thePA work�o w andtheTrellis place-

holderschedulingenvironment.

Figure6.1 providesa diagramof the �o w of control anddatabetweenthe key objectsin our

Smurphsimulation. The thick grey arrows indicatedata�o w or the passingof information,such

ascommandlines,betweenobjects.The thin black arrows indicatecontrol �o w betweenobjects,

typically donethroughsignalling. In our simulation,we model the batchqueueson hostswithin

themetacomputer, which control theexecutionof local placeholders(alsomodelled),andtheCLS

process,whichstoresinformationonall jobsinjectedinto theTrellis systemvia mqsub calls.

Thereis a singleRootor masterobjectwhosecodeis executedat thebeginningof every sim-

ulation. At start-uptime, theRootobjectreadsonetext �le specifyingtheplaceholder-to-hostas-

signments.Basedon this information,theRootcreatestheappropriatebatchqueueandplaceholder

objects.TheRootthenopensanother�le containingthelist of work�o w jobsto beexecuted.
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Figure6.1: ControlandDataFlow in SmurphSimulator

Oursimulatorthenentersits mainwork�o w processingloop,which functionsin threesteps:

1. TheRootreadsthroughthelist of work�o w jobsuntil it reachestheendof thecurrentphase.

For eachjob readin, the Root submitsthat job to the appropriateCLS object,creatingthat

CLS object�rst if necessary. Thehandingof jobsto CLS instancesis our way of simulating

themqsub invocationsby consumerthreadswithin Trellis Driver.

In all our simulations,we assumeonly oneuserrunninga singlecopy of PA. We therefore

createonly oneCLS instancethatprocessesall thework�o w jobs.

2. TheRootsleepsto allow thesingleCLS instanceto distribute thework�o w jobsamongthe

placeholders.WhentheCLShasrecordedthecompletionof all its jobs,it signalstheRoot.

3. The Root resumesreadingthe work�o w �le at the point just after the endof the previous

phase.If therearemorejobslisted(i.e.,thereis anotherphasein thework�o w), theprogram's

executionrepeatsfrom Step1. If theendof the�le is reached,theRootprintsout work�o w

executionstatistics,includingmakespanandtotaldatamovement,andthesimulationends.

During the executionof a work�o w phase,as in any real Trellis setting,placeholdersinitiate

contactwith the CLS by sendingmessageseither reportingthe completionof jobs or askingfor

work. First, theCLSprocessesany outstandingreportsof �nished jobsandsendsacknowledgments

to the relevantplaceholders.Second,to eachplaceholderaskingfor work, theCLS sendsa reply

messagecontainingthecommandline of anew job. Thisactivity repeatsitself until every job in the
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currentwork�o w phaseis recordedascomplete,atwhichpoint theCLSsignalstheRootandawaits

thearrival of a new phaseof jobs,asdiscussedabove.

Eachbatchqueueobjectsimulatesalocalbatchingsystemthatexecutesononehostandcontrols

wheneachplaceholderboundto thatparticularhostruns.Localplaceholdersare,in essence,queued

jobs.Batchqueuesfollow arepetitiveprocessof: signallingtheplaceholderat thefront of thequeue

that it may run; waiting for that placeholderto retrieve the commandline of a new job andwhen

necessarythe input data,executethe job, andreportthe job's completionto the CLS; and�nally ,

reinsertingthatplaceholderat thebackof thequeue.

Placeholderobjectsmodelthemovementof data�les betweenmetacomputerhostsby sleepinga

�x edamountof virtual timerelatedto theinputdataretrieval timeaswell asto thenetwork type(i.e.,

LAN or WAN). Likewise,placeholders“execute”jobs simply by sleepingfor a numberof virtual

time units that correspondsto the job's runtime. Thus, the executionof work�o w jobs proceeds

almostinstantaneouslyin realtimesincethesimulatorprogramhasonly to advancevirtual time.

Includedin the job informationpassedfrom the Root to the CLS is the inter-job dependency

informationre�ecting thedata�o w betweenBLAST andParsingjobs,for eachproteinpipeline.The

simulatorkeepstrackof thehostsonwhichparticularBLAST jobsrunandgeneratetheirhomologue

�les. Whenmodellingtheactionsof our data-consciousscheduler, thesimulatorconsiderswhether

or not the placeholderthat is currently askingfor work is running on the samehost that stores

thehomologueinput �le of any ready-to-runParsingjob (i.e., any Parsingjob whoseprerequisite

BLAST job hascompleted).Parsingjobs whoseinput is availablelocally, if boundto thecurrent

placeholder, aregivenhigherpriorities thanthosewhoseinput datamustbecopiedfrom a remote

host. We now describetheequationsusedfor job priority calculationswithin our new scheduling

policy.

6.3 Job Priority Calculations

Whenwe introducedthenotionof dataconsciousnessin schedulingin Section1.1.3,we raisedtwo

importantpoints:First,althoughdataaf�nity is theprimaryobjectiveof ournew schedulingpolicy,

thereareother job-speci�c characteristicsthat arerelevant whenassigningjobs to hostswithin a

metacomputer. Second,schedulersusuallymapeachcandidatejob to a numericpriority value,so

thatthehighestrankedjob maybechosenfor execution.

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

threepropertiesfor eachjob. Theabstractform of ourpriority equationis:

�������������������! "�# $ &%(')�����+*,�!-.�/-0'��1-0'/�"20�!3�45*7608/-98/-:����;<- (6.1)

Equation6.1showsthatthepriority assignedto acandidatejob is thelinearsumof threenumeric

values,eachrepresentingoneof therelevantjob properties.Data af�nity is ameasureof thepoten-

tial datamovementsavings.Highervaluesindicatethatlittle or nodatamovementis requiredshould
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thegivenjob beassignedto thepresently-availableplaceholderascomparedto anotherplaceholder

in thenearfuture. Dependentjobs is thenumberof otherwork�o w jobsthatcannotrun until this

particularjob hascompleted.Thus,jobsthatarebottlenecksin thework�o w havehighervaluesfor

this secondterm. Queuetime is a measureof how long this job hasbeenin themetaqueue;higher

valuesindicatea job haswaited in the queuefor a long time. Including this third term prevents

starvationof jobswith heavy datamovementrequirementsor few dependents.

In practice,thepriority of a candidatejob = for a givencurrentplaceholdercurrentPHanda set

of upcomingplaceholdersfuturePHs, is de�ned asfollows:
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(6.2)

ThefunctionData Af�nity R C measurestherelativecostof dataaf�nity for job = . Therelative

costof dataaf�nity is a functionof thecandidatejob = , thecurrentplaceholdercurrentPH, andthe

setof all future placeholdersfuturePHs, which constitutesthoseplaceholdersexpectedto askfor

work in thenearfuture. We explain theintuition behindtherelative costmetricandhow this value

is calculatedbelow. Before,however, we discusstwo importantcharacteristicsof Equation6.2.

First,notethat thereis no termfor dependentjobs. While theargumentof favouringtheexecu-

tion of jobsthatarework�o w bottlenecksis quitevalid in thecontext of work�o w scheduling,the

PA work�o wsweconsiderdonotcontainany suchbottleneckjobs.TheBLAST jobsthatcomprise

the�rst pipelinestagealwayshave only onedependentjob, which is theParsingjob from thesame

pipeline.TheParsingjobscomprisingthesecondpipelinestagehave zerodependentjobs,sincein

ourwork weexecutethethird pipelinestagewithin thedriverprocess.Rudimentarytestingshowed

thattheinclusionof thedependentjobsmetrichadnosigni�cant effectontheperformanceof any of

ourwork�o ws. For this reason,weexcludethedependentjobscountfrom ourpriority calculations.

Second,observe thatqueuetime is dividedby whatwe call “placeholderlatency”. Here,queue

time is a function of job = andplaceholderlatency is a constantmeasuringthe time for one-way

communicationbetweenplaceholdersandtheCLS, in thespeci�c network environment(i.e.,LAN

or WAN). For example,whenaplaceholdercontactstheCLSto askfor work, thereis a�nite amount

of time for thatrequestto traversethenetwork andreachtheCLS.Placeholderlatency is ameasure

of this communicationtime.

We performthedivision in thesecondtermof theequationto scaledown the impactof queue

time on �nal priority. Throughpreliminaryevaluationsof job priorities,we foundthatusingqueue

timesdirectlymadethevalueof thissecondtermtoolargeagainstthemetricof relativecost.Conse-

quently, thegoalof co-locatingjobsandtheirdatawouldoftenbeeclipsedby thegoalof minimizing

thequeuetimesof jobs. Normalizingqueuetimesby placeholderlatency bringsthevaluesof this

job propertyin line with thoseof relativecost.

We choseplaceholderlatency asa scalingfactorbecausewe wantedto reducequeuetimesin
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a mannerthatwasconsciousof theunderlyingnetwork. For example,in WAN environments,the

dispatchingof jobsproceedsmoreslowly thanin LANs dueto the increasedcommunicationtimes

betweentheplaceholdersandtheCLS.Thisslowerexecutionof thework�o w re�ects theproperties

of the metacomputingenvironmentand not the actionsof the scheduler. The larger placeholder

latency valuein WAN environmentsthenscaleswell with theinevitably longerqueuetimesof jobs.

We now explainour metricof relativecost,de�ned as:

P
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Equation6.3de�nestherelativecostof dataaf�nity for a job = astheminimumcostof assigning

= to oneof the �rst | upcomingplaceholders(PH
n

for 1 to n), minus the costof assigning= to

thecurrentplaceholder(currentPH). In practice,both thesequantitiesareexpressedin simulation

time units. Conceptually, costcanbe thoughtof astheperformancepenaltyincurredby having a

particularplaceholderrun thegivencandidatejob. A job's relative costtells uswhetherit is better

to run thatjob now or later.

The costof runningjob = on the currentplaceholderis calculatedin a similar mannerto that

of running = on an upcomingplaceholder. As Equation6.4 will show, measuringthe coston the

currentplaceholderis a specialcaseof measuringthecostonanupcomingplaceholder.

Whenthepolicy predictsa highercostof bindingjob = to anupcomingplaceholderasopposed

to thecurrentplaceholder, thevalueof the�rst termin Equation6.3will begreaterthanthevalueof

thesecondterm. Relative costwill thenbepositive, indicatingthat it is advantageousto assignjob

= to thecurrentplaceholderratherthananupcomingplaceholder. Whenthepolicy predictsa lower

costfor assigningjob = to anupcomingplaceholder, the�rst termwill besmaller. Relativecostwill

thenbenegative,indicatingthatit is desirableto delaytheexecutionof = .

We take the minimum value in the set of job assignmentcostsfor the respective upcoming

placeholdersso that in our priority calculationswe alwaysconsiderthemostpromisingupcoming

placeholder. Thus,evenif thereis onlyoneupcomingplaceholderthatcanguaranteedataaf�nity for

job = , wecomparetheperformancepenaltyof assigning= to thecurrentplaceholderwith thatof as-

signing = to thebest-�tting upcomingplaceholder. Wheneverassigning= to thecurrentplaceholder

entailsdatamovement,wewill delaytheexecutionof = whenthereis any opportunityto place= on

a hostthatstoresits datain thenearfuture. This is assumingthat thefuture job assignmentoccurs

soonenoughthatthedelayin executiondoesnotoverwhelmthedatamovementsavings.

Following is theequationfor calculatingthecostof assigningjob = to eitherthecurrentor an

upcomingplaceholder:

BK�V4�� �bJi>�?A@�FRH$d.N:�} "������~" "Y �L��;<-!>.FCH$dbNU*•�/-0'� "Y€���e•M�! "�# ���E �'‚4GJ9-0�ƒ>L?A@�FCH$dbNp*„��8D')����;<-…>�?WN

(6.4)
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Thearrival time(PH
n

) termin Equation6.4is anestimateof whenplaceholderPH
n

will next ask

for work. For calculatingthecostof runningajob = onthecurrentplaceholder, †�‡�ˆOˆ"‰O|gŠ

l+m

is used

insteadof
l+m�n

, andarrival time is zero,sincethecurrentplaceholdercanrun a job immediately.

Arrival timesin Equation6.4 aremeasuredin thesimulator's virtual time unitsandarealways

relativeto thepresent.We makeourpredictionsonfutureplaceholderarrivalsbasedon information

of pastarrivals.We keeptrackof theaveragetimebetweensuccessivearrivalsfor eachplaceholder,

andusethismetricto estimateagivenplaceholder'snext arrival time(arrival time(PH
n

)). Although

usingaveragearrival timesworksin oursimulationstudy, in general,computingfuturearrival times

is quitedif�cult. For instance,thevariationin job runtimesoverdifferentplatformsmustbeconsid-

eredin a heterogeneoussetting.

By examiningthe next arrival timesfor all placeholders,we canconstructa list of upcoming

placeholdersandthensort that list in theorderin which thoseplaceholderswill askfor work. In-

spectingthe �rst | entriesof this list thentells us the next | placeholdersthat will requestwork.

In practice,we have foundthatconsideringthenext 32 placeholderarrivals(using | = 32 in Equa-

tion 6.3)producesahighdegreeof dataaf�nity withoutrequiringthesimulationprogramto examine

anunnecessarilylongnext arrivalslist.

Thedata transferfunction,thesecondtermin Equation6.4,measuresthevirtual time required

to transferjob = 's input datato thehoston which placeholderPH
n

runs. Section6.4 describesthe

modelparameters,pertainingto the network environment,that areusedto calculatedatatransfer

time. As mentionedin Section6.2,our simulatortrackswhich BLAST jobs run andproducetheir

homologue�les on which hosts.Thework�o w �le readin at thebeginningof thesimulationcon-

tainsthenamesandsizesof thehomologueinput �les for eachParsingjob. Using the locationof

homologue�les and informationfrom the work�o w �le, our simulatorcandeterminehow much

data,if any, would needto betransferredif job = wasassignedto placeholderPH
n

.

Notethatwe in�ate thecostof datatransferthroughmultiplicationby aconstant(penalty). This

way, the �nal priority of a candidatejob is moredependenton whetheror not that job's input data

needsto be shippedacrossthenetwork. This helpsour schedulingpolicy betterattainits primary

objective of co-locatingjobswith their data.Also, usersof Trellis cancontrol thedegreeto which

dataaf�nity is enforcedby adjustingthevalueof thepenaltyconstant.In our simulations,we have

foundthatusingpenalty= 25 is suf�cient to achievehighdataaf�nity levels.

The �nal term in Equation6.4 measuresthe runtime of job = . We assumejob runtimesare

constantacrossall hosts.In a realsetting,theruntimefor a givenjob mayvary greatly, depending

on the placeholderto which that job is bound– given that metacomputingaggregatesheteroge-

neousresources.However, theassumptionof runtimeuniformity is acceptablein thecontext of our

motivatingapplication,PA, whosework�o w is oftendistributedover clustersof hostswith similar

hardwareandsoftwarecapabilities.For instance,we have observedno signi�cant variationin the

runtimesof eithertheBLAST or Parsingjobsondifferenthostsin theLAN environmentusedin the
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Model Parameter Lower Upper
SequenceFile 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 ParameterRangesBasedonMeasurement

PA-Trellis experimentsof thepreviouschapter.

Thereis obviously someroomfor variationin thepriority calculationschemepresentedabove.

In Equations6.2 and6.3, for instance,onecould addnumericcoef�cients to the varioustermsto

altertheweightplacedonthedifferentjob characteristics.Likely, thereareseveralcoef�cient values

thatcouldleadto dataaf�nity beingwell-balancedagainstlimiting maximumqueuetime. However,

thevaluesasshown in theequationsabove make thepriority calculationsimple,andareknown to

work in practice.

6.4 Model Parameters

Beforewe could carry out any experimentscontrastingthe performanceof competingscheduling

algorithmsin simulatedLAN andWAN settings,we �rst neededto determineappropriateconstant

valuesfor all modelparameters.

To properlycharacterizereal PA work�o ws, we measuredthe input sizesandruntimesof the

BLAST andParsingjobsfrom a handfulof theproteinsfrom thesameproteomeusedin Chapter5.

Table6.1 lists the rangesfor the four work�o w parametersof interest. We basethevaluesof our

theseSmurphmodel parameterson the characteristicsof � ve differentproteinswhosesequence

speci�cation�les arevariedin size,andcover(roughly)theoverall rangeof sequence�le sizesthat

we haveobservedin proteomesanalyzedby PA.

Recallthat theanalysisof a singleproteinentailsexecutinga shortpipelineof jobs,which was

shown in Figure2.1. WhengeneratingsyntheticPA work�o ws for our simulation,we selectthe

sizeof thesequence�le, whichconstitutestheinitial input to apipeline,from auniformprobability

distributionspanningtherangeof sequence�le sizesshown in Table6.1.Followingourobservations

of realPA input�le sizesandjob runtimes,wegeneratetheruntimesof theBLAST andParsingjobs,

andthehomologue�le sizesbasedon thesequence�le sizes.

In additionto replicatingthePA work�o ws in our simulation,we mustalsoreplicatetheexecu-

tion environmentof thosework�o ws. Table6.2shows measurementsfor thefour relevantparame-

tersof theTrellis placeholderenvironment,for bothLAN – andWAN – metacomputers.

The �rst parameterlisted in Table6.2,CLS ServiceInvocationTime, is a measureof the time

for interactionbetweenplaceholdersandtheCLS.To measurethis parameter, we launcheda single

placeholderwhosescriptwasmodi�ed to reporttheturnaroundtimesfor theCLS functionscalled
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Model Parameter LAN WAN
CLSServiceInvocationTime(s) 0.66 1.30

QueuingDelay(s) 0.35 0.35
SCPLatency (s) 0.58 1.20

SCPTransferRate(B/s) 20,000 5,000

Table6.2: SmurphSimulationParametersBasedonMeasurement

by placeholdersfor job retrieval and job completionreporting. As the tableshows, the time for

placeholderinteractionwith theCLS in aWAN settingis roughlydoublethatin a LAN setting.

The secondparameterlisted, QueuingDelay, is a measureof the processingtime of a single

placeholderrequestby theCLS.An importantconsequenceof runningmultipleplaceholdersis that

oftenmorethanoneplaceholdercontactstheCLSsimultaneously. All placeholdersexecutingwork-

�o w jobs from the active PA instancesharea commonmetaqueue,andso individual placeholder

requestsmustbequeuedat theCLSasplaceholdersawait their turn for accessingthatmetaqueue.

To measureQueuingDelay, welauncheda“dummy” placeholderthatconstantlypullscommand

lines out of the metaqueuebut doesnot executethem, therebycontinuouslyinteractingwith the

CLS.Oneplaceholderthatwasmodi�ed to reporttheturnaroundtimesof thetwo job management

functionsbut still executedcommandlinesgivento it, wasalsolaunched.Turnaroundtimesfor the

job managementfunctionsin this casewerecomparedagainstthosein thecasewith no contention.

The averagedifferencein thesetime valueswas taken as a measureof the queuingdelay. This

parameteris thesamein a LAN or WAN setting,asshown in Table6.2,sincethequeuingdelayis

purelyat theCLSend,andis independentof thenetwork type.

The remainingtwo parametersof SCPLatency andSCPTransferRatemeasurethe time re-

quiredto transferan input �le betweenmetacomputerhosts.SecureCopy (SCP),partof theSSH

suite[21], provides�le transfersover an encryptedchannel.SCPLatency representsthe start-up

costof transferringa �le over thenetwork usingSCP. Theper-�le latency in aWAN environmentis

roughlydoublethatin a LAN environment.

The SCPTransferRaterepresentstheaveragebandwidthattainedduring thecopying of a �le

from one metacomputerhost to another. LAN transferratesare basedthe time to copy homo-

logue�les betweenhostsin theLinux clusterweusedin ourPA-Trellis experiments.WAN transfer

ratesarerepresentative of actual�le transfertimesbetweenhigh-performancecomputingcentres

(HPCCs)in EdmontonandCalgary, andbetweenHPCCsin EdmontonandNew Brunswick. Note

thefour-fold reductionin thedatatransferrategoingfrom a LAN to a WAN environment.To esti-

matethis�nal simulationparameter, weexaminedthedifferencesin transfertimesof thehomologue

�les ascomparedto theirsizedifferences,for eachof the� veproteinspreviouslymentioned.

Thebandwidthmeasuresshown in Table6.2mayseemrathersmallgiventhespeedof modern

LANs andWANs. Therearethreereasonswhy we usethesenumbers:First, they arebasedon real

transfertimesof homologue�les takenfrom anactualPA work�o w. Second,SCPhasanencryption
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overheadthat reducessustainablebandwidth. Third, the maximumsizeof any homologue�le is

only 85,000B. Giventhepropertiesof modernnetworks,PA or any applicationis unlikely to achieve

maximumbandwidthfor suchsmallmessages.

6.5 Practicality of Data Consciousnessin Scheduling

An important�rst stepin developinganew schedulingpolicy thatconsidersdataplacementis to an-

swerthequestion:Underwhatcircumstancesdoesintentionallyplacingjobswith theirdatanotably

improveapplicationperformance?Clearly, input �le sizesarea centralfactorin theschedulingde-

cisions.Whentheinput �les areof asuf�cient size,theschedulermaychooseto delaytheexecution

of a job for thesakeof achieving dataaf�nity , dependingonhow far into thefuturethedesiredhost

will becomeavailable.

Theresultspresentedin this sectionshow:

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

work�o wsbasedon theoriginalhomologue�le sizes.

2. Themakespanreductionachievedby DC schedulingincreasesto 53%over FCFSasthe�le

sizesarescaledupsuf�ciently .

3. Our DC algorithmplacesthemaximumpossiblepercentageof jobs on hoststhathold their

inputdata,regardlessof �le sizes.

We simulatedthe executionof our syntheticwork�o w by reproducingthe job placementde-

cisionsof the threeschedulingalgorithmsof FCFS,ShortestJobFirst (SJF),andDC. The FCFS

algorithmsimply assignsthejob at thefront of thequeueto the�rst availablemachine.Thus,jobs

areboundto hostsin the preciseorder that they enterthe Trellis metaqueue.The SJFalgorithm

walksthelist of availablejobs,examiningtheir expectedruntimes,andalwayschoosestheshortest

job to run. We discussthesituationsin which SJFis desirable,in Section6.7. As Section6.3 ex-

plained,our DC algorithmcalculatesjob priorities basedon multiple job characteristics(the most

importantbeinglocationof input data)in order to reducedatamovementand,hence,application

responsetime.

The following threesubsectionsrespectively discussthe performanceimprovementsachieved

by DC over FCFSandSJFfor virtual experimentsusingtheoriginal �le sizes(i.e., thosethatwere

observedin practice),�le sizesin�ated by 10,and�le sizesin�ated by 100.

6.5.1 WAN Results: Original File Sizes

Figure6.2showsthemakespanof oursynthetic1,000-pipeline-instancework�o w, furtherexplained

below, for the threecompetingschedulingalgorithms. Valuesin this graph, and all upcoming

graphsof makespananddataaf�nity , are the averageof ten trials with different randomnumber
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Figure6.3: WAN DataAf�nities for SchedulingAlgorithmsUsingOriginal Files
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seeds,eachof which producesa 1,000-pipelinework�o w with unique�le sizesandjob runtimes.

Weusehomogeneousbatchingof 16 jobswithin Trellis Driversincethis is known to beaneffective

batchingfactor (i.e., onewhich providesgoodspeed-upratios) in real PA work�o ws, asseenin

Chapter5.

Thenumberof placeholdersis plottedalongthehorizontalaxis in Figure6.2. Makespanmea-

surementsareplottedalongtheverticalaxisandaregivenin Smurphindivisible time units(ITUs),

whicharethesimulation'svirtual timeunits.Here,makespanrefersto theelapsedvirtual time from

whenthe�rst BLAST job entersthemetaqueueto whenthe�nal Parsingjob, andhencetheentire

work�o w, completes.We speci�ed all modelparametersandjob informationin sucha way thata

singleSmurphITU correspondsto 0.01secondsin arealsetting.Soamakespanof 3.00 ‹ 10Œ ITUs

conceptuallyrepresentsa realmakespanof 3.00 ‹ 10• seconds.

Figure6.2 shows that the DC algorithmprovidesa minor performancebene�t againstFCFS

andSJF. Thedifferencesin themagnitudeof makespansbetweentheFCFS,SJF, andDC casesare

morepronouncedfor smallernumbersof placeholders,althoughDC continuesto outperformthe

othertwo algorithms,evenwhen32 placeholdersareused.Thegreatestproportionatereductionin

makespanoccurswith 8 placeholders,whenthe DC makespanof 9.00 ‹ 10Ž ITUs is 13.5%and

14.3%lessthantherespective makespansof 1.04 ‹ 10
Œ

ITUs for FCFSand1.05 ‹ 10
Œ

ITUs for

SJF.

As theprecedingnumberssuggest,FCFSandSJFmakespansareroughly thesame,while the

DC makespansare somewhat less,at all placeholdercountsexcept 32. At 32 placeholders,the

makespansfor all threealgorithmsarewithin a muchnarrower rangeof oneanother, with theDC

makespanbeingonly 6.9%lessthanthatof FCFS.

We claim contentionfor theCLS asthemainreasonfor DC's weaker performanceat 32 place-

holders.Thegreaterthenumberof placeholders,themorelikely their individual communications

with the commonCLS are to overlap. Sincethe CLS canprocessonly oneplaceholderrequest

at a time, multiple requestsarefrequentlyqueuedup, job dispatchingis slowed,andmakespanis

prolonged.We believe that contentionaffectstheperformanceof DC morethanfor theothertwo

algorithms.In Section6.6,wediscussthisphenomenonin detail,andpresentresultsshowing thatif

thequeuingdelayis reducedevenslightly, DC outperformsFCFSandSJFby a reasonablemargin

with 32placeholders.

In Section5.4.2,our illustrativeexampleof loadimbalancedemonstratedhow high placeholder

countscanleadto anunevenjob distribution,which prolongsmakespan.With 32 placeholders,for

example,minor discrepanciesin thenumberof jobsexecutedon eachhostaremorelikely to occur

thanat 4 placeholders.We believe,however, thatimperfectloadbalancinghasonly a minor impact

on the32-placeholdercase,andsowe donot furtherinvestigateloadbalancingeffects.

Figure 6.3 shows the proportionof jobs for which dataaf�nity was achieved (i.e., jobs that

wereplacedwith their input data)for thethreeschedulingalgorithms.Thehorizontalaxisplotsthe
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numberof placeholderswhile theverticalaxisplotsthedegreeof dataaf�nity attained.

We intentionally placedall protein sequencespeci�cation �les, which are the inputs to the

BLAST jobs (Stage1 in Figure 2.1), on a remotehost that was not part of the simulatedmeta-

computer. Thus,the�rst job in apipelineis neverlocal to its data,analogousto anunavoidablecold

cachemisson the�rst dataaccessmadeby aprogram.Giventhateachpipelinehastwo stages,and

thatall input �les for the�rst stagemustbecopiedfrom ahostthatis externalto themetacomputer,

themaximumpossibledataaf�nity for ourwork�o w is 0.5,or 50%of all jobs.

Figure6.3 shows that the DC algorithmachievesthe maximum50% dataaf�nity level at all

placeholdercounts. In practice,we do not considerevery job that is readyto run, sincewalking

a long list of candidatejobs slows down our simulatorprogram. We have found that considering

up to 128readyjobs is suf�cient to consistently�nd a job whoseinput datais local to thecurrent

placeholder.

Thedataaf�nity measurementsin Figure6.3con�rm thatDC meetsits objectiveof co-locating

jobsandtheir datafor this particularcombinationof batchingstrategy, input �le sizes,andnetwork

type.The�gure alsoshows thatFCFSandSJFattainmuchlower levelsof dataaf�nity . This is not

surprisingsinceneitherschedulingstrategy considersthelocationof inputdata.

Although SJFmay appearto have higherdataaf�nity levels thanFCFSat lower placeholder

counts,it is importantto understandthatthejob assignmentsmadeduringthework�o w'sexecution

vary greatlybetweendifferentrandomseedtrials. To emphasizethis last point, we calculatedthe

standarddeviation in the tendataaf�nity valuesfrom the individual randomseedtrials whoseav-

eragesform thedatapointson thecurvesin Figure6.3. Theoverlappingof thestandarddeviation

barsbetweenthevalueson theFCFSandSJFcurvesindicatesthat thereis no statisticaldifference

betweenthedataaf�nity levelsobtainedby thesetwo strategies.

While DC outperformsbothFCFSandSJFby awide margin for dataaf�nity , it is evidentfrom

theprecedingmakespanmeasurementsthat thereis not a largeperformancegainto beachievedby

usingschedulingthatis dataconscious,whenthevirtual work�o wsusetheoriginal homologue�le

sizes.This is understandable,giventhat themaximumsizeof any homologue�le passedbetween

pipelinestagesis only 85,000B, asshown by Table6.1. Although present-dayWANs do impose

non-negligible latencies,thehomologue�les in ourvirtual PA work�o w aresimplynot largeenough

to giveDC astrongperformanceedgeover its two competitors.

Thetotalquantityof potentialdatamovementalsodependsonthesizeof thework�o w. For these

experiments,we generateda syntheticPA work�o w consistingof the �rst two stages(BLAST and

Parsing)of 1,000proteinanalysispipelines.Our choiceof 1,000pipelinesis intendedto producea

work�o w thatentailsnon-trivial datamovement,but is still within thescopeof realPA usecases.In

practice,PA usershaveanalyzedsomeproteomescontainingonly 1 sequenceandotherscontaining

up to 100,000sequences.Thus,1,000proteinsentailsamoderateamountof datamovement.
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Figure6.5: WAN DataAf�nities for SchedulingAlgorithmsUsingFiles In�ated by 10
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Figure6.7: WAN DataAf�nities for SchedulingAlgorithmsUsingFiles In�ated by 100
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6.5.2 WAN Results: File SizesIn�ated by 10

Following the modestperformanceimprovementsin our �rst setof experiments,we in�ated the

homologue�le sizesso that thepotentialamountof datato betransferredbecamelargeenoughto

affectperformancesigni�cantly.

Figure6.4 shows makespansobtainedwith the threeschedulingalgorithmsfor the samePA

work�o w usinghomogeneousbatchingof 16 jobs,but with �le sizesmultipliedby 10. As expected,

makespansfor DC arelowerthanthoseof FCFSandSJFatall placeholdercountsby awidermargin

thanin theoriginal trials. Thegreatestproportionatereductionoccurswith 8 placeholders,whenthe

DC makespanof 9.07 ‹ 10Ž ITUs is 19.0%lessthantheFCFSmakespanof 1.12 ‹ 10Œ ITUs, and

20.4%lessthantheSJFmakespanof 1.14 ‹ 10Œ ITUs. Thus,DC hasa moderateperformancegain

overFCFSor SJFwhenthe�le sizesin ourwork�o w aremultiplied by 10.

Figure6.5showsdataaf�nity levels.DC achievesthemaximumlevel of 50%at all placeholder

counts,far outperformingFCFSandSJF. As in the previous dataaf�nity graph(Figure6.3), the

curvefor FCFSappearsto behigherthanthatof SJFat lowerplaceholdercounts.However, thereis

onceagainoverlappingbetweenthebarsmarkingthestandarddeviationsin themeasuredvaluesfor

FCFSandSJF, meaningthereis nostatisticaldifferencebetweenthedataaf�nity levelsobtainedby

thesetwo algorithms.

6.5.3 WAN Results: File SizesIn�ated by 100

Figure6.6 contrastsmakespansof thecompetingschedulingstrategiesfor thesamePA work�o w,

usingthesamejob batchingstrategy, but with �le sizesmultiplied by 100. Not surprisingly, there

is a dramaticreductionin makespanfor DC againstFCFSor SJFat all placeholdercounts. The

greatestsavingsoccurwith 16 placeholders,whentheDC makespanof 5.05 ‹ 10Ž ITUs is 52.8%

and53.7%lower thantherespectivemakespansof 1.07 ‹ 10
Œ

ITUs and1.09 ‹ 10
Œ

ITUs for FCFS

andSJF. DC, then,hasa largeperformanceadvantageover theothertwo algorithmswhenthe �le

sizesaremultiplied by 100. Makespanvaluesfor FCFSandSJFare quite closeexceptwhen2

placeholdersareused.

Dataaf�nity levelsareshown in Figure6.7.As before,DC achievesthemaximumlevel of 50%

at all placeholdercounts,with FCFSandSJFattainingmuchlower dataaf�nity levels. We seethe

samewide standarddeviation barson theaveragedataaf�nity valuesplottedby theFCFSandSJF

curves. Note, though,that thereis no overlappingof barsfor the 2-placeholdercase,suggesting

FCFSfaresworsethanSJFhere.

While thecauseof thisperformancediscrepancy maybeof generalinterestin work�o w schedul-

ing, we have not yet founda satisfactoryreasonfor it. We do not investigatethis phenomenonany

further, sinceour dataaf�nity resultsachieve their mainpurposeof demonstratingthatDC attains

higherdataaf�nity levelsthaneitherFCFSor SJF.
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6.5.4 Summary of Results

The makespanmeasurementsfrom the precedingthreesetsof empirical trials indicatethat data-

consciousschedulingprovidesa minor reductionin makespanagainstFCFSandSJFfor synthetic

PA work�o ws using�le sizestaken from a real setting. We would expecta real PA work�o w of

roughly1,000pipelines,then,to bene�t only slightly from our new algorithmwhenrun in a WAN

environment.However, whenwe multiply the�le sizesby 10,andespeciallyby 100,we seemuch

larger proportionatemakespanreductions. As expected,workloadsthat are more data-intensive

performnotablybetterwith DC thanwith FCFSor SJF.

The precedingresultsdemonstratethat data-consciousschedulingis mostuseful in situations

whentheamountof datapassedbetweeninterdependentwork�o w jobs,andhencetheamountof

timespenttransferringdata,is signi�cant comparedto theoverallmakespan.

Thedataaf�nity measurementsfrom theprecedingtrials indicatethattheDC algorithmachieves

optimaldataaf�nity levels,irrespectiveof �le size.Thus,in aWAN environment,DC minimizesthe

numberof job assignmentsthat resultin datatransfer, evenwhenthe total datamovementsavings

aresmall.

6.6 LAN vs. WAN: Differ encesin Performance

In our �rst setsof experiments,we simulateda WAN becauseof thehigh datamovementoverhead

in suchan environment. The WAN experiments,then, formeda suitabletestbedfor determining

thecircumstancesin which data-consciousschedulingis desirable.However, it is commonfor PA

work�o ws (andthoseof otherscienti�c applications)to be run over LANs. Onereasonfor using

a LAN is that it offersa controlledenvironmentin which applicationadministratorscaneliminate

unwantedcontentionfor computingresourcesandnetwork bandwidth.

Theresultsin this sectionshow:

1. Performancebene�tsof DC schedulingin a simulatedLAN follow thesametrendsobserved

in a WAN. As �le sizesin thePA work�o w areincreased,makespanreductionsof DC over

FCFSandSJFincreasenotably, reachinga respectable25.0%when�le sizesarein�ated by

100.

2. TheDC algorithmplacesa slightly lower percentageof jobswith their datain LANs that it

doesin WANs, whentheoriginal �le sizesareused.
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Figure6.8 shows the makespanobtainedwith the threeschedulingstrategiesat the same� ve

placeholdercountsusedin the WAN trials, with homogeneousbatchingof 16 jobs. We illustrate

bothLAN andWAN makespans(the latterborrowedfrom Figure6.2) to highlight thedifferences

in makespansobtainedin thetwo network environments.With 2 placeholders,theFCFSmakespan

is 3.18 ‹ 10
Œ

ITUs in a LAN setting,ascomparedto 3.78 ‹ 10
Œ

ITUs in a WAN setting– which

is a reductionof 15.9%. The SJFmakespanof 3.15 ‹ 10
Œ

ITUs in a LAN is 15.1%lessthanthe

3.71 ‹ 10
Œ

ITUs makespanin aWAN. Finally, theDC-LAN makespanof 3.00 ‹ 10
Œ

ITUs is 11.5%

lessthantheDC-WAN makespanof 3.39 ‹ 10Œ ITUs.

The makespanreductionfor DC is somewhat smallerthan that for the two other algorithms

becausethe only sourceof makespansavings for DC whenrun over a LAN versusa WAN is the

decreasedcostof placeholdercommunicationwith theCLS, aslisted in the �rst row of Table6.2.

SinceDC minimizesdatamovementin any network environment,the total overheaddueto data

transferexperiencedby DC is muchlessthanthatexperiencedby eitherFCFSor SJF. Themakespan

reductionvaluesabovesuggestthatplaceholdercommunicationimposessigni�cant overhead.

Migrating from a WAN to a LAN environment,we continueto seethe sametrendsin both

makespanreductionandtherelativeperformancesof thevariousalgorithmsatall placeholdercounts,

exceptfor 32. At 32 placeholders,theDC-LAN makespanof 2.91 ‹ 10Ž ITUs is a mere6.4%less

thantheDC-WAN makespanof 3.11 ‹ 10Ž ITUs. This DC makespanalsois slightly higherthan

themakespansof FCFSandSJF, whichare2.88 ‹ 10Ž ITUs and2.74 ‹ 10Ž ITUs, respectively.

In Section6.5.1,weclaimedthatthemainreasonfor DC'sdropin performanceat32placehold-

erswascontentionfor thecommonCLS.Wereasonedthatahighplaceholdercountcausesindivid-

ual placeholderrequeststo overlapoften,resultingin oneplaceholderbeingservicedby theCLS,

while the othersidly await their turn. This frequentcontentionincreasesthe averageturnaround

time for the two placeholderoperationsof retrieving a new commandline and reportinga job's

completion,therebyslowing thework�o w execution.

Thewaitingtimefor queuedplaceholdersdependsontheQueuingDelayparameter, theconcept

of whichwasexplainedin Section6.4andfor whichavalueof 0.35secondswasgivenin Table6.2.

We ran our simulationwith a decreasedQueuingDelay valueof 0.25 secondsto verify whether

reducedqueuingtimessigni�cantly decreasetheperformancepenaltyimposedby contention.We

obtainedFCFS-LANandDC-LAN makespansof 2.83 ‹ 10Ž ITUs and2.76 ‹ 10Ž ITUs, respec-

tively, for our syntheticwork�o w at 32 placeholders.FurtherreducingtheQueuingDelayvalueto

0.15secondswidenedthe gapbetweenFCFSandDC makespansin a LAN, producingvaluesof

2.79 ‹ 10Ž ITUs and2.67 ‹ 10Ž ITUs, respectively. TheseresultsindicatethatreducingtheQueu-

ing Delayevenmoderatelycausesthemakespanof DC to dropbelow thatof FCFS,suggestingthat

contentionis indeedthemaincauseof DC'sslightly weakerperformanceat32placeholders.

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

dataaf�nity of almost50%atall placeholdercounts,faroutperformingFCFSandSJF. Theslightly
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suboptimaldataaf�nity levels arenot problematic. The lower costof datamovementin a LAN

meansthattheschedulersometimeschoosesnot to co-locatejobsandtheir data.

Despitethehigh dataaf�nity attainedby DC, however, themakespanresultsshow thatthereis

at besta minor performanceimprovementand,at 32 placeholders,a slight drop-off in performance

whenDC is usedinsteadof FCFSor SJF.

As we increasethe �le sizes,DC's performancebene�ts graduallyincrease.Figures6.10and

6.11providethemakespananddataaf�nity resultsfrom theLAN experimentaltrials with �le sizes

in�ated by 10. The DC makespansareonly slightly lessthanthat of FCFSandSJF, even though

DC attainsmaximumdataaf�nity at all placeholdercounts. Figures6.12 and 6.13 provide the

resultsfrom the LAN trials with �le sizesin�ated by 100. Here,DC begins to offer a noticeable

performancebene�t over FCFSandSJF. Thegreatestreductionoccurswith 8 placeholders,when

theDC makespanof 8.02 ‹ 10 Ž ITUs is 25.0%lessthantheFCFSmakespanof 1.07 ‹ 10 Œ ITUs.

As expected,increasingthe �le sizesdoesnot hurt performancesubstantiallyin a LAN. This

last observation is evident in the increasinggapsbetweenthe makespanvaluesfrom the two trial

setsaswe scaleup the �le sizes. WAN makespansincreasesigni�cantly while LAN makespans

increasemoderately. With �le sizesin�ated by 100,theFCFS-LANmakespanat 2 placeholdersis

3.73 ‹ 10
Œ

ITUs, a steep41.1%lessthantheFCFS-WAN makespanof 6.33 ‹ 10
Œ

ITUs.

We concludethatalthoughthebene�tsof DC schedulingfollow thesametrendsin a simulated

LAN asin a WAN, thepotentialdatamovementsavings aretoo small to bene�t makespanto any

signi�cant degree,unlessthe�le sizesarein�ated by at least100.

6.7 Advantagesof SJF

Thusfar, we have emphasizedthe performancebene�ts of DC primarily over FCFS,which is the

schedulingmechanismcurrentlyusedin Trellis. We includeSJFmetricsin our makespananddata

af�nity resultsfor threereasons:1) SJFis a widely-usedjob schedulingstrategy that is easyto

implement;2) SJF, like FCFS,is unawareof input datalocationandis thereforea suitablesecond

baselinestrategy to compareour DC algorithmagainst;and3) SJFminimizesmeanresponsetime,

which is a standardperformancemeasurein scheduling.Meanresponsetime refersto theaverage

time elapsedfrom whena job is submittedto theTrellis systemto whenthatjob �nishes executing.

In this section,we show that despitethe tendency of SJFto minimize meanresponsetimes,DC

actuallyproduceslowermeanresponsetimesthanSJFin WANs for all �le sizes,andin LANs when

the�les arein�ated by 100.

PA usersareconcernedprimarily abouttheend-to-endtimefor traininganew classi�er or using

anexistingoneto classifyanentireproteome,andnotindividualjob responsetimes.However, some

scienti�c applicationshave work�o ws that consistof a singlepipelineof jobs. In thesecases,the

meanresponsetimedeterminestherateat which theresultsareproducedandmadeavailableto the

user. TheSJFstrategy would thenbea logicalschedulingstrategy to use.
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Figure6.14:Distributionof Trellis JobRuntimes

HomogeneousBatching of 16Jobs,RandomSeed= 1

Thebene�ts of SJFaremostapparentwhenthereis a substantialrangein servicetimes. This

is becausethealgorithmavoidsexecutingthelongest-runningjobs,which cantie up all otherjobs,

until theendof thework�o w'sexecution.Figure6.14plotsthedistributionof runtimesfor theTrellis

jobs comprisingtheBLAST phase.Theseresultsarebasedon a homogeneousbatchingfactorof

16, with a randomseedvalueof 1. Examinationof thework�o w �les producedby differentseed

valuesrevealeda similar variationin job runtimes.

In Table6.1,wesaw therewasconsiderablevariationin theruntimesof individualBLAST jobs

(betweentwo andeightseconds).Whenmultiple BLAST jobsarebundledinto a commonTrellis

job with homogeneousbatching,thediscrepanciesin runtimesevidentlybecomemagni�ed.

Figures6.15and6.16illustratethemeanresponsetime acrosstheBLAST andParsingphases

at our � ve standardplaceholdercountsin WAN andLAN settings,respectively. Theresultsin both

�gures indicatethat FCFShasthe highestmeanresponsetime for any numberof placeholdersin

eithernetwork type. This is not surprisingsinceFCFSis designedto be fair andnot to minimize

job responsetimes.TheWAN resultsshown in Figure6.15indicatethatonly at2 placeholdersdoes

SJFproducea lower meanresponsetime thanDC. At higherplaceholdercounts,DC outperforms

SJF. Thedatamovementsavings realizedby a data-consciousschedulingpolicy, evenwhenusing

the original, relatively small �les, evidently pay off againstthe baselineSJFstrategy in a WAN

environment.
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Figure6.15:WAN MeanResponseTimesfor SchedulingAlgorithmsUsingOriginal Files
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Figure6.16:LAN MeanResponseTimesfor SchedulingAlgorithmsUsingOriginal Files
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Figure6.17:WAN MeanResponseTimesfor SchedulingAlgorithmsUsingFiles In�ated by 100
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Figure6.18:LAN MeanResponseTimesfor SchedulingAlgorithmsUsingFiles In�ated by 100
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Theresultsshown in Figure6.16indicatethatSJFoutperformsDC in termsof meanresponse

timesin a LAN, albeit by a very narrow margin at 16 and32 placeholders.The performancegap

betweenSJFandDC narrowsasmoreplaceholdersareaddedbecausethedataaf�nity achievedby

chancefor SJFlinearly decreaseswith thenumberof placeholders.For instance,with 2 placehold-

ers,thereis a 1 in 2, or 50%probability, thatany givenParsingjob will beplacedon thehostthat

holdsits input data.However, with 32 placeholders,thereis only a 1 in 32, or roughly3% proba-

bility, thata Parsingjob will beplacedwith its data. Inspectingthedataaf�nity curvesfor SJFin

Figure6.9con�rms this assertion.

Despitethe inevitablerise in total datamovementasthenumberof placeholdersincreases,the

overall costof datamovementin a LAN doesnot becomesogreatthatDC ever outperformsSJF

for meanresponsetime, even at 32 placeholders.Theseresultsreveal that if the PA userdesires

shortmeanresponsetimes,SJFis a betterchoicethanDC whenPA'swork�o w is distributedacross

a LAN.

Evenwhenthe�le sizesarein�ated by 10,meanresponsetimesachievedby thevariousschedul-

ing algorithmsfollow thesametrendsasin theprevioustrials, in bothLAN andWAN settings.For

this reason,we do not presentthe correspondinggraphs.Whenthe �le sizesarein�ated by 100,

however, DC outperformsSJFin eithernetwork type.

Figures6.17and6.18,respectively, show themeanresponsetimesin WAN andLAN settings

with �le sizesin�ated by 100.Not surprisingly, FCFSagainhastheworstperformanceatall place-

holdercountsin eithersetting. Figure6.17shows that DC meanresponsetimesareconsiderably

lower thanthoseof SJFin a WAN, with therelative performancegapbetweenthe two algorithms

wideningasthe placeholdercount is scaledup. This is understandablegiven that the percentage

of jobs placedwith their databy chancedropsfor SJFas placeholdersare added,as explained

above,but DC achieveshighlevelsof dataaf�nity atall placeholdercounts,asshown by Figure6.7.

The greatestgapin performanceoccursat 32 placeholders,whenthe DC meanresponsetime of

8.75 ‹ 10 • ITUs is 46.0%lower thantheSJFmeasureof 1.62 ‹ 10 Ž ITUs.

Figure6.18shows that in a LAN, with �le sizesin�ated by 100,DC outperformsSJFfor mean

responsetime, unlike in theLAN trials with smaller�les. Again we seea wideningin therelative

gapfor SJFandDC valuesasthe placeholdercount is increased.Here,the greatestperformance

gapoccursat 16 placeholderswhentheDC meanresponsetime of 1.18 ‹ 10 Ž ITUs is 16.9%less

thantheSJFmeasureof 1.42 ‹ 10 Ž ITUs. Thus,whenthepotentialdatamovementbecomeshigh

enough,DC outperformsSJFin meanresponsetime,evenin LANs wheredatatransfercostsarenot

prohibitively high. Fromthis setof experiments,we concludethat for all �le sizesin a WAN, and

for suf�ciently large�les in aLAN, DC producessomewhatshorterjob responsetimesthanSJF.
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6.8 Summary of Results

ThePA-Trellis experimentscarriedout overanactualLAN, whoseresultswerepresentedin Chap-

ter 5, left someunansweredquestions.Namely, what are the effectsof running PA-Trellis over

a WAN, or increasingthe �le sizes? In this chapter, we conducteda simulationstudyto explore

thesequestionsandin sodoing,determinedthecircumstancesin which data-consciousscheduling

improvesPA's performanceby a fair margin.

We explainedour new DC policy's methodof assigningjob priorities,which essentiallymea-

suresthe trade-off betweenrunninga candidatejob immediatelyandrunningthat job later for the

sake of dataaf�nity . We foundthatDC producessomewhat lower makespansthaneitherFCFSor

SJFin a WAN, whenthe original �le sizesareused. Whenthe homologue�le sizesare in�ated

by 10 or 100,DC's makespansareconsiderablylower thanthoseof theothertwo schedulingalgo-

rithms. In aLAN setting,makespanvaluesfollow thesametrendsasin a WAN, exceptthebene�ts

of DC overFCFSarelesspronouncedsincedatamovementoverheadsarelower in LANs. In either

network type, we found that DC placesall or nearlyall the work�o w jobs with their data,when

possible.Lastly, weexaminedmeanresponsetimesproducedby thethreealgorithmsandfoundthat

DC edgesoutSJFat all �le sizesin WAN, andfor large�les in aLAN.
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Chapter 7

Conclusions

Scienti�c applicationsthatareresource-demandingcanbene�t signi�cantly byexecutingtheirwork-

�o ws, in parallel, over aggregationsof servers, speci�cally metacomputers.Our applicationof

choice,ProteomeAnalyst (PA), wasa representative exampleof a scienti�c computationthat can

notablyreduceits turnaroundtime by loadbalancingits work�o w acrossmetacomputers.Thetwo

PA usecaseswefocusedon,trainingandprediction,bothentailexecutinga�x edpipelineof jobsfor

every proteinsequencein the input proteome,which maycontaintensof thousandsof sequences.

In eitherthetrainingor thepredictionpipeline,the�rst two stagesof BLAST andParsingareem-

barrassinglyparallel,makingthemsuitablecandidatesfor metacomputing.

Trellis Driver integratedPA with metacomputingeasily, therebyenablingPA to distribute its

work�o w of jobs over a local areanetwork (LAN) clusterof hosts. The codesnapshotsfrom the

original PA, which ranall BLAST jobslocally, andtheparallelPA (PA-Trellis), which usedTrellis

Driver to run its BLAST jobsacrossmetacomputers,demonstratedthatTrellis Driver conveniently

functionsasa drop-in replacementfor the Runtime.exec() mechanism.Only 6 new lines of

codewereadded,and13existing linesreplacedwith 6 new onesto parallelizetheBLAST phaseof

PA. Theboundedbuffer architectureensuresthatno matterhow many BLAST jobs PA starts,the

resourcesconsumedby Trellis Driverwill berestricted.

With the bene�t of increasedthroughputthat metacomputingoffers comessomeunavoidable

overheadsin schedulingjobsacrossmultiple hosts.We developedtwo distinctbatchingstrategies

for Trellis Driver that addressthe separateoverheadsof mqsub schedulinganddatamovement.

Homogeneousbatching,whichgroupstogetherjobsof thesametype,wasshown experimentallyto

bemuchbetterat speedingup PA's work�o w thanheterogeneousbatching,which groupstogether

jobsof differenttypes.Thus,for our3,916-sequencetestcase,mqsub appearsto beamuchgreater

sourceof overheadthan�le transfersbetweenpipelinestages.

Empirical resultsfrom the LAN experimentsrevealedsigni�cant performancevariationsbe-

tweenthe BLAST andParsingphases.The BLAST phaseattainedlinear speed-upswith higher

batchingfactorsat lower placeholdercounts,suggestingthat homogeneousbatchingis quite ef-

fective at amortizingmqsub overheads.The optimal batchingfactor varieswith the numberof
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placeholders,which we attribute to load imbalanceundercertainconditions. The Parsingphase

had low speed-upsat all placeholdercounts,regardlessof the batchingfactor. The performance

differencesbetweenthe parallel BLAST and Parsingphasesindicatethat job granularitygreatly

in�uencesspeed-up.

Thedata�o w dependenciesbetweenthe�rst andsecondpipelinestagesmaynecessitatetrans-

ferring many �les over the network. We developeda simulationof PA-Trellis andan underlying

Trellis metacomputerto investigatetheperformancebene�tsof a data-consciousschedulingpolicy,

which aimsto minimize thenumberof �les transferred.Our simulationreproducedthe job place-

mentdecisionsof threeschedulingstrategies,andallowedus to explore theeffectsof factorssuch

asnetwork typeand�le sizes.Whenmodellinga wide areanetwork (WAN) setting,we foundthat

our new Data-Conscious(DC) policy signi�cantly reducesmakespan(by roughly50%)againstthe

existing First ComeFirst Served(FCFS)mechanism,whenthe �le sizesarein�ated by 100. In a

LAN setting,makespanreductionis smaller, but still respectable(roughly 25%), for the samein-

�ated �le sizes.Thus,in workloadswith high datamovementcosts,whetherdueto large�le sizes

or highnetwork latencies,DC schedulingis reasonablybene�cial.

In Chapter1, we statedthreemaincontributionsof this thesis:

1. Thedevelopmentof aJava packageto enablework�o w concurrency within metacomputers;

2. Theimplementationof job batchingstrategiesto amortizeschedulingoverheads;and

3. Thedevelopmentof adata-consciousschedulingpolicy thatreducesturnaroundtime.

Thedesignandimplementationoverview of our new Trellis Driver moduleshowedhow exist-

ing Java programscaneasilybe portedto metacomputingby replacingRuntime.exec() calls

with TrellisDriver.exec() calls. Our empirical evaluationof Trellis Driver showed that

batchingmultiple jobs togetherdoesindeedreducemqsub overheads,leadingto linear speed-up

of embarrassinglyparallelapplicationphases.The simulationexperimentsdemonstratedthat our

DC schedulingpolicy, which placesjobs with their input data,when practical,notably reduces

makespan,or turnaroundtime,whenthedatamovementcostsarehigh enough.
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