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Abstract

Thereis an emerging classof computationallydemandingmultimediaapplicationsinvolving vision,
speechandinteractionwith therealworld (e.g.,CRL’sSmartKiosk). Theseapplicationsarehighly parallel
andrequirelow latenciesfor goodperformance.They arewell-suitedfor implementationon clustersof
SMP’s,but they requireefficient schedulingof applicationtasks.

Generalpurposeschedulersproducehigh latenciesbecausethey lack knowledgeof the dependencies
betweentasks.Previousresearchin optimalschedulinghasbeenlimited to staticproblems.In contrast,our
applicationis highly dynamicastheoptimalscheduledependsuponthebehavior of thekiosk’s customers.

We observe thatthedynamismof our applicationclassis constrained,in thattherearea smallnumber
of operatingregimeswhich aredeterminedby the stateof the application. We presenta framework for
optimalschedulingof constraineddynamicapplications.Theresultsof anexperimentalcomparisonwith a
hand-tunedschedulearepromising.

1 Introduction

Thereis anemergingclassof interactivemultimediaapplicationswhich is computationallyintensive,highly
parallelanddynamic.An exampleis theSmartKiosk system[11, 16, 2] underdevelopmentat theCambridge
ResearchLaboratory(CRL) which motivatesthis work. A SmartKiosk is a free-standingcomputerized
device thatinteractswith multiple peoplein a publicenvironment,providing informationandentertainment.

We areexploring a socialinterfaceparadigmfor kiosksin which vision andspeechsensingprovide user
input while a graphicalspeakingagentprovidesthekiosk’s output. Figure1 shows a pictureof a prototype
SmartKiosk. It employs vision techniquesto trackandidentify peoplebasedon their motionandclothing
color [11]. Theestimatedpositionof multiple usersdrivesthebehavior of ananimatedgraphicalface,called
DECface[15]. We believe theSmartKiosk to berepresentativeof a broadclassof emergingapplicationsin
surveillance,autonomousagents,andintelligentvehiclesandrooms(see[3] for someexamples.)

The computationalrequirementsof the kiosk applicationaredeterminedby the actionsof the kiosk’s
customers,andasa resultthey arehighly dynamic. For example,eachtime a personapproachesthekiosk
they aredetectedandgreetedby the DECfaceagent. In addition,DECfaceexhibits naturalgazebehavior
during an interactionby periodicallyglancingin the directionof eachof the currentcustomers.Thus the
processingrequirementsdependfundamentallyon the numberof customersand their rate of arrival and
�
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departure.Furthermore,in orderfor thekiosk to becompelling,the latency with which it respondsto user
input mustbe very low. The combinationof dynamismandlow latency in the kiosk applicationmake it a
challengingandstimulatingdomainfor parallelcomputingresearch.

A key computationalattribute of the kiosk ap-

Figure1: TheSmartKiosk

plication classis the generationandprocessingof
streamsof multimediadata.Thenumberandband-
width of thesedatastreamsis thesourceof thedra-
matic computationalrequirementsfor the applica-
tion class. This is illustrated in Figure 2, which
gives the task graph for a color tracking subsys-
tem. The color tracker is one of the more com-
putationallydemandingcomponentsof the Smart
Kiosk system.In the figure, cylindrical tubesrep-
resentchannelsholdingstreamsof multimediadata
andovals representtasksthat operateon this data.
We will focuson thecolor tracker in this paper, as
it exhibits the complexities that are typical of our
applicationclass.A moredetaileddiscussionof the
color trackercanbefoundin [9].

Theabstractexecutionmodelfor thetaskgraph
of Figure2 is that eachtaskis runningon its own
virtual processor. All tasksare running continu-
ouslyin parallel.A channelis locationindependent
andholdsa collectionof objectsindexed by time.
A tasknamesthe variouschannelsit touchesand
designatesthemasinput or outputchannels(from
theperspectiveof this task).In ourapplications,the
objectsin the channelsarelargely video framesin
variouslevelsof processing.A taskcanput objects

into thechannelsandgetobjectsout of thechannelsaccordingto thespecifiedtask/channelconnectivity. At
thisabstractlevel theframesin thechannelsareorderedbut thereis noconceptof thetimerequiredby atask
to processa frame.

Theactualplatform1 is a clusterof SMPsusingtheStampederun-timesystem[5] developedat CRL. In
theactualexecutionmodel,eachtaskis aPOSIXthread.Thechannelmechanismis providedin ourenviron-
mentby Space-Time Memory [8] (STM), a distributeddatastructurewhich supportslocationindependent
sharingacrossthecluster. This supportallows two tasksto communicateovera channelvia thesamemech-
anismregardlessof whetherthetasksareon thesameSMPin a clusteror on differentnodesof thecluster.
TheSTM framework [8, 9], ourapplicationclass[12], andtheproblemof integratingdataparalleldecompo-
sitionsinto a task-level representationof stream-basedapplications[10] have all beendescribedearlier. The
ideaspresentedin thispaperarenot tied in any way to STM, but they dorely onsomeunderlyingsupportfor
parallelexecutionof theabstractmodel.

The abstractexecutionmodel provides an abstractionof time which is convenientfor designingand
codingmultimediaapplications.Of course,thespecifictime requiredfor taskexecutionandcommunication

1Theappendixprovidesmoredetails.
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Figure2: Taskgraphfor color-basedtracker.

playsa critical role in theactualexecutionmodel. For example,a taskthatputsobjectsinto a channelmay
do so at a fasterratethanthe task that consumesthe objects. This is commonsinceupstreamtasks,such
asthedigitizer, oftenperformlesscomplex processingthandownstreamtasks,suchastargetdetection(see
Figure2). Thusa downstreamtaskmayrestrictits processingto only themostrecentdatageneratedby an
upstreamtask.

Therearemany possiblemappingsbetweentheabstractmodelanda specificclusterimplementation.In
theabstractmodelthereis significantpipelineparallelismasa resultof the loosetemporalcouplingwithin
datastreams.Thereis oftensignificanttask-level parallelismresultingfrom multiple tasksoperatingon the
samestreams.An exampleis thehistogramandchangedetectiontasksin Figure2. In addition,thereis also
significantdataparallelismwithin eachtask.

This paperaddressesthe problemof mappingthe abstracttask model to an actualplatform so as to
maximizeperformanceobjectives.Thetwo performanceobjectivesareminimizing latency andmaximizing
uniformity of frame processingover time. Latency is more importantto us than throughputsincein our
application,for the animatedfaceto be compellingit neednot respondto every move you make but when
it doesrespond,it must do so rapidly. We definelatency as the time from the digitizing of the frameto
completionof its processing.An executionthatexhibits uniformity processesframesat a reasonablyregular
rate. A non-uniformexecutionmight processthreeframesin a row andthenskip thenext hundredframes,
for example.

In our earlierwork we reliedupongenericrun-timeservices,suchasthethreadschedulerin thepthread
package,to regulatetheexecutionof tasksin our application.As we will demonstrate,this resultsin signifi-
cantinefficiencies.Therearetwo basicissuesin implementingtheabstractmodel:

� Schedulingwork on a givenprocessor

Considerthesimplestcasewhenthe target is a uniprocessorandno parallelismissuesarise. Evenin
thiscaseschedulingissuesarise.

A poorschedulingdecisionmaywell resultin thegenerationof anumberof consecutiveframesrapidly
followedby theconsumptionof theseframes.In sucha schedulethelatency per frameis higherthan
necessary. In addition,therewill be a long sequenceof consecutive framesprocessedfollowedby a
longsequenceof consecutive framesnot processed.Thisscheduledoesnot exhibit uniformity. Events
thatoccurin theinterval of unprocessedframeswill go unrecognized.
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� Distributingwork amongprocessors

Assumethe simplecasewherewe have the samenumberof actualprocessorsastasks.Theobvious
solutionis to assignaprocessorto eachtask.However, if thereis amismatchin theratesthateachtask
processesframesit maywell bebetterto assignthreetasksto time sliceon oneprocessorandassign
onetaskto threeprocessorsfor dataparallelprocessing.

Theseissueshavebeenaddressedin othersystems[13]. However, our classof programsfacea difficulty
notaddressedin theseothersystems.Our programsaredynamic.Thesolutionspreviouslyproposedaddress
only static programs. In our programs,the task graphsremainfixed. However the optimal dataparallel
decompositionor theoptimal schedulerelieson therelative costsof the tasks.It is theserelative coststhat
vary dynamically. In the taskgraphin figure 2, the time for tasksT1, T2, andT3 do not dependon the
numberof models(people)beingtracked. The time for tasksT4 andT5 areboth linear in the numberof
modelsbut theconstantfactoris quitedifferentfor thesetwo tasks.Thebeststrategy for integratingtaskand
dataparallelismandthebestschedulevary significantlywith thenumberof models.Dynamism,therefore,
appearsto make the job impossible.However, we will seethat the classof applicationswe addressexhibit
propertiesthatenablegoodschedulingevenin thepresenceof thisdynamism.

In thispaperwepresenta framework for optimallyschedulingconstraineddynamicapplicationsto maxi-
mizebothlatency andthroughput.Our framework canexploit integratedtaskanddataparallelismto achieve
this objective. The resultingschedulesare simple to implementin a run-time systemsuchas Stampede.
One consequenceof our resultsis that it is possibleto get good run-timeperformancefor theseapplica-
tionswithout employing a real-timeoperatingsystem.This maybeanattractive featurefor many practical
system-building efforts.

In Section2 we introducethe conceptof constrained dynamismand its applicability to our classof
problems.Section3 describesour schedulingstrategy basedon this idea. Interestedreaderscanfind details
of implementationandSpace-TimeMemoryin theappendix.

2 Constrained Dynamism

2.1 The Idea

Notice that the dynamismin our applicationsis not arbitrary. Theseapplicationsobey what we call con-
straineddynamismwhich is definedasfollows:

� Thesystemchangesamongasmallnumberof states.

� Statechangesareinfrequent.

� Statechangesaredetectable.

Here,a state is the setof variablesthat influencethe schedulingdecision. For example,in our color
tracker applicationthestatecorrespondsto thenumberof peoplecurrentlyinteractingwith thekiosk. This
numberwill typically befrom oneto fiveandwill changeinfrequentlyrelativeto theprocessingrateaspeople
comeandgo. Departuresandarrivalscanbeeasilydetectedusingstandardvision techniques[11].

We canusestatictechniquesfor dynamicapplicationsif thedynamismis constrained.Off-line we apply
existing staticoptimizationsto eachof the small numberof states.Thenon-line we simply reactto state
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changesby switching amongpre-computedsolutions. As we will seethis approachappliesboth to data
decompositionsandto scheduling.

A well known techniquefor handlingchangingapplicationstatesreliesonthepropertythatsmallchanges
in statesresult in small changesin desiredschedulingstrategy. This would bea reasonableapproachif the
numberof interestingstatesis extremelylargeor unknown, in which case,thedecompositionor scheduling
strategy would bedeterminedby interpolatingbetweenknown goodstrategiesin known states.However, in
ourcase,aseeminglysmallstatechangecouldalterschedulingstrategy dramatically.

Oneof themajorcontributionsof thispaperis theconceptof constraineddynamismandtheperformance
enhancementsobtainedby optimizing schedulesfor constraineddynamicapplicationswithin an integrated
taskanddataparallelframework.

2.2 Example: Using Constrained Dynamism for Data Decomposition

Thisexampleillustratestheeffectof constraineddynamismin determiningoptimaldatadecompositionfor a
dynamicenvironment.Although,theconstraineddynamicpropertyof theapplicationalsoaffectsapplication
scheduling,we ignoreit for now to keeptheexamplesimple.

Thetargetdetectiontaskin figure2 is highly computeintensiveanda goodcandidatefor parallelization.
Thetaskis parallelizedby decomposingits inputdataandfarmingoutpartsto differentdata-parallelthreads.
Theinput to thetaskconsistsof adigitizedframeandcolormodelsfor thetargetsto bedetectedin theframe.
Therearetwo obviouswaysto decomposetheinputanddistributethedataacrossdata-parallelthreads:

1. Divide thesetof modelsup into sub-setsof models.

2. Divide theframeup into regions.

As a third alternative, the input mayalsobedivided in bothwaysat thesametime so thatonepieceof
work correspondsto searchingfor a subsetof modelsin a regionof theframe.

Table1 shows somemeasuredlatenciesusingvariousdatadecompositionstrategies. First columnindi-
catesthenumberof regions,or partitions,into which a frameis divided.Thetableshowsresultsfor oneand
four partitions– formercorrespondsto no decompositionof a frame.Secondcolumnshows thetimeswhen
thereis only onemodelto be detectedin the input frame. Clearly, thereis no way to divide modelsin this
case.Third andfourth columnsarethetimingsobtainedwhenthereareeightmodelsto bedetected.In this
casethereis a choiceof decomposingthe input basedon models.The tablelists timings correspondingto
eight-way division of models(MP=8) andno division of models(MP=1). Numbersin parenthesesarethe
totalnumberof work chunksin eachcase,givenby theproductof FPandMP.

Total Models
1 8

Partitions MP ��� MP �	� MP ���
FP �
� 0.876(1) 1.857(8) 6.850(1)
FP ��� 0.275(4) 2.155(32) 2.033(4)

MP = numberof partitionsbasedon models
FP = numberof partitionsof a frame

Table1: Timing resultsin seconds/framefor thetargetdetectiontaskwith oneandeighttargetmodels.
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Thetableshows thatit is bestto distributemodelsif thereis asufficientnumberof them.Otherwise,it is
bestto divide theframeinto regions.Theseresultsillustratetwo importantaspectsof theapplication:

� Bestdatadecompositionstrategy varies,dependingonthecurrentstate(numberof models).Therefore,
asinglestaticallydeterminedstrategy will not resultin optimalperformancein all cases.

� Thereis asmallnumberof datadecompositionchoices,andthecorrectchoicecanbeeasilydetermined
at run-time.Therefore,it is easyfor theapplicationto switchthedatadecompositionstrategy basedon
thecurrentstate(numberof models).

Thenext sectionshowshow agoodscheduleanddatadecompositioncanbecomputedevenin adynam-
ically changingenvironmentbecausethedynamismis constrained.

3 Scheduling and Resource Allocation

Therearetwo majoraspectsof theperformanceproblemthatwe needto address.First, asdiscussedin the
previous section,we have to optimizeperformancewithin a dynamicallychangingenvironment. Second,
even for the staticcase,optimizing performancefor this applicationsis not trivial. Section1, for example,
introducedsomeof theinefficienciescausedby mappingourabstractexecutionmodelto theactualexecution
model.Addressingtheseinefficienciesis critical. We will first addressthestaticcase,thenshow how to use
thestaticsolutionto build asolutionfor thedynamiccase.

3.1 Hand Tuning

In the color tracker andotherapplicationsbasedon digitized video images,the primary tuning variableis
theperiodat which thedigitizer threadexecutes.This controlstherateat which digitizedframesarefed to
the restof the system. This ratehasa direct effect on both the latency andthroughputof the application.
We definelatency to bethetime it takesto processa singlevideoframe. It is measuredasthetime interval
betweenplacingaframeinto theVideoFramechannelandreadingall of its detectedtargetlocationsfrom the
ModelLocationchannels(seeFigure2). Wedefinethroughputasthenumberof framescompletelyprocessed
perunit time. It is measuredasthe inverseof thetime betweenthearrival of two consecutive resultsat the
outputof theapplication(theinter-arrival time).

Figure3 illustratesthis discussionof adjustingthe digitizer rate. At the minimumexecutionperiodfor
the digitizer thread(33ms,asdeterminedby NTSC video rate), it rapidly saturatesall the channelsin the
applicationwith unprocesseddata.This resultsin a high throughputsincethereis alwayswork to bedone,
but acorrespondinglyhighlatency for agivenframedueto thebacklogof unprocesseditems.As weincrease
thedigitizerperiod,thethroughputandlatency dropuntil thelatency reachesits minimumvalue(3.2seconds
in our experiments.)

The tuning curve wasobtainedby plotting the measuredlatency andthroughputasthe digitizer period
variedfrom 33msto 5 secondsin stepsof approximatelyonesecond.Thedesiredoperatingpoint is thelower
right cornerof thegraph,wherelatency is low andthroughputis high.2 In thetuningcurve,asthedigitizer
perioddecreasesthesystemis saturatedwith work andthetimingsweobserved,whichdependonthepthread
scheduler, becamefairly erratic,varyingby aboutonesecond.

Thefactorof two in therangeof latenciesindicatesthataddressingperformanceis important.In thenext
sectionwe examineinefficienciesbeyondthoseaddressedby thehandtuningpresentedhere.

2Thepoint labeled“optimal” will bediscussedlater.
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3.2 Problems with General On-line Schedulers

Thediscussionof handtuningin theprevioussectionassumedthattheapplicationis runningwith a pthread
scheduler. However, seriousinefficienciesresult from the fact that the pthreadscheduleris a generalon-
line scheduler. It not only knowsnothingaboutthespecificapplicationbut alsohasno understandingof the
applicationclassrepresentedby graphsliketheonein Figure2, basedonasmallnumberof tasksthatprocess
streamsof time-indexedmultimediadata.

We will useFigures4 and5 to illustratesomeof theseproblems.Thesefiguresshow for eachprocessor
(horizontalaxis)whattaskit is performingovertime(verticalaxis).Thetasksarethosespecifiedin Figure2.
T1 representstheDigitizer andis toofastto bevisibleat thisscale.T2 is ChangeDetection.T3 is Histogram.
T4 is Target Detection.T5 is PeakDetection. Repeatedoccurrencesof a taskin a processorrepresentthe
processingof distinctitems(with distincttime-stamps)by thattask.

Instancesof differenttasksshadedidentically representthe processingof a given time-stampby those
differenttasks. TaskT1, the digitizer, is so fast that it doesnot show up on this scaleandis omittedfrom
all thefigures.Thelatency in thefigure is thetime from thebeginningof taskT2 for a giventime-stampto
the endof taskT4 for the sametime-stamp.Latency, the time to completeprocessingof a singleframeis
indicatedby thebarat theright of eachfigure.

Thecharacteristicsof our applicationclassthatmake pthreadschedulinginefficientaredescribedbelow.
We referto Figure4(a)which showsa schedulethatcouldresultfrom pthreadscheduling.

� Theseapplicationsareprimarily concernedwith latency. A generalon-linescheduler, in attemptingto
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Figure4: Performanceof naivepthread(a)andpipeline(b) schedulingstrategies.

keepall processorsbusyfocusesmoreonthroughput.Thelatency in thefigureis longerthannecessary.

� Threadsappearto becontinuousbut areactuallydiscretewith respectto itemsgenerated.Thepthread
schedulerwill happily schedulea threadfor enoughtime to generatetwo anda half items. This is a
poorchoicewhenlatency is key. Partial processingof itemsarenot shown in this figuresincein this
exampleonly onethreadis executingin a given processorbut if distinct threadsexecutein a given
processor, schedulinga threadsothatit partiallycompletesanitem wouldclearlyincreasethelatency.

� A pthreadschedulerwill assumethata threadcanonly bescheduledon oneprocessorat a time. For
this classof applications,however, we canexecutethe samethreadoperatingon multiple processors
concurrentlyas long asthey operateon differentframesof data. Becausethe schedulein the figure
obeys this restrictionit is lessefficient thanit couldbe.

� Applicationsin this classcanbe viewed asa pipelineconsistingof tasksthroughwhich dataflows.
Early taskstend to perform low-level operationsthat processitems quickly. Later taskstend to be
high-level morecomputeintensive tasksthat requiremoretime per item. It is likely – indeedit often
doeshappen– thattheon-linepthreadschedulerschedulesanearlytaskto generatea largenumberof
itemsanda later slower taskis scheduledfor the sametime slice. In this casethe later taskcannot
keepup. We seethis phenomenonbetweentaskT3 andT4 in thefigure.
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Motivatedby theseproblems,we proposeanoff-line scheduler, designedspecificallyfor our application
class,thatoptimizestheschedulefor aspecificapplicationandconfiguration.

We startby describingour schedulingapproachin the context of a staticsituation. Recall that our ap-
plicationsaredynamicandwill requiredifferentschedulesin differentstates.(In our color tracker a state
correspondsto the numberof peoplein front of the kiosk.) Later in the sectionwe presenta strategy that
relieson the fact that the dynamismof the applicationis constrainedto accommodatedynamicchangesin
behavior.

3.3 Scheduling for the Static Case

Recallthat theabstractexecutionmodelfor our classof applicationsis thateachtaskexecuteson a virtual
processorandthestreamof datais communicatedamongtasksandthereforeamongvirtual processors.

Our initial plan for improved schedulingfor our abstractexecutionmodel was to employ a run-time
schedulingmechanismthat understoodthis abstractexecutionmodel. For example,it could performflow
controlby limiting thenumberof itemseachchannelcouldhold. Thisprovedto betotally inadequate.

Insteadwetransformtheabstractexecutionmodelto analternateabstractmodel.Considerthework for a
giventime-stamp,throughall thetasks,asaniteration, wheretheiterationsareovertime-stamps.In thisview
an iterationwould executeon a singlevirtual processor. (We will ignoredataparallelismfor themoment.)
This is softwarepipelining as illustratedin Figure4(b). Eachvirtual processorprocessesonetime-stamp
throughall its tasksand thenbegins on the next time-stamp.The shadingdistinguishesthe work for one
time-stampfrom thework for another.

In the abstractexecutionmodel therearean infinite numberof virtual processors.Eachexecutesone
time-stampedframeandbeginsexecutionwhenthatframebecomesavailableandstopswhentheprocessing
for that frameis complete. In the actualexecutionmodelan actualprocessorwill begin processinga new
framewhenwork on the previousoneis complete.Typically therewill not beenoughactualprocessorsto
processall theframessoa delayis chosento maintaina fixedinterval betweenthetime-stampsprocessed.

This alternateabstractmodelandits actualimplementationhave severaladvantages.This schedulehas
no idle time,maintainsauniformrateof frameprocessing,andnowork is performedonany time-stampthat
is not processedfully by all downstreamthreads.Latency for a time-stampis never increasedby starting
work for a time-stampandthensuspendingwork on that time-stamp.Although,this scheduleachieveshigh
throughput,it doesnot achieveminimal latency.

Giventhis naive softwarepipeline,our next goal is to minimizetheexecutiontime for oneiteration,that
is to minimize latency. Without sacrificinglatency, of coursewe would like to attainmaximumpossible
throughput.Figure5(a) shows how we canreducethe latency of a singleiterationby taking advantageof
available task parallelism. Notice that threadsT2 and T3 can be executedin parallel. This createsidle
time andreducesthroughputbut this trade-off is consistentwith our goal of reducinglatency. Notice that
in Figure5(a), thepatternshiftsover oneprocessorfor eachsuccessive time-stamp.Thereforeevery fourth
instanceof T2 mustwraparoundandbescheduledto thefirst processor.

In earlier work we addressedthe integration of dataparallelisminto our fundamentallytask parallel
model [9]. SeeAppendix6.2 for a brief overview of the dataparallelmechanismavailablewithin Space-
Time Memory. If, amongour schedulingpossibilities,we includethefactthatmany of thetasksthemselves
aredataparallel,we canfurtherreducelatency. Figure5(b) shows sucha schemewherewe take advantage
of thefactthatT4 is dataparallel.

We implementedthe schedulein Figure5(b). Our goal wasto comparethe resultsshown in Figure3
(whereresourceallocationresultsfrom thecombinationof run-timeactionsof thepthreadpackageandthe
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tuningdecisionsmadeby theprogrammer)to theoptimalpre-computedschedule.
Our expectationis thattheoptimalschedulewould attaintheminimumlatency at thesametime provide

goodthroughputasaresultof pipelining.Thisis borneoutby ourexperiment.Theresultof thepre-computed
scheduleis indicatedby theasteriskin thelower right in figure3. This indicatesperformancethat is strictly
betterthanall of thepointson thetuningcurve. It achievesminimumlatency but fails to achieve maximum
throughputsincethescheduleof Figure5(b)containssomewastedspace.This tradeoff is consistentwith our
desireto minimizelatency.

Theexperimenthastwo implications.First it demonstratesthepowerof explicit scheduling,whichresults
in anoperationpointwhichis impossibleto obtainby straightforwardtuningof theapplication.In particular,
theoptimalpre-computedscheduleresultsin a latency which is lessthanhalf of theworst caselatency for
naiveschedulingof theoptimaldataparalleldecompositionfor this program.Second,it suggeststhatuseof
thegeneralschedulingalgorithmcouldremovemuchof thelaborwhichwouldotherwisebespenttuningthe
applicationfor goodperformance.

Minimizing latency for a giveniterationmaymeandistributing sometaskacrossall processorsto max-
imize dataparallelism. If so, this task actsasa barrier to the overlappingof multiple iterations. (Recall
that eachiterationis constrainedto minimal latency.) For our classof applicationsthis is the right choice.
Thecostof communicationbetweennodesin a clustermaymeanthat theminimal latency schedulefor an
iterationdoesnot useall processorsbut is insteadrestrictedto theprocessorson a singlenode.In this case,
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distinctiterationson distinctnodescanoverlap.
This techniquehasseveraldesirableconsequences:

� By focusingon minimizing latency, weminimizethetime for whicha pieceof datais “li ve”. Thishas
thedesirableside-effectof reducedspacerequirement.

� A fixedschedule(notnecessarilyanoptimalone)simplifiesgarbagecollection(handledin oursystem
by STM) resultingin furtherperformancegains.

� By executingthreadsaccordingto a schedule,we alsosolve theproblemof flow control implicitly. A
fixedscheduledeterminesthenumberof itemsin eachchannel.

Noticethatwe arediscussingthescheduleat a high level. We havenot addressedtheimplementationof
theschedule.Thegoalof thescheduleris to altertheexecutionto minimizelatency. Onecouldimplementthis
schedulein avarietyof ways.For example,onemightadddependencesto ensurethatpthreadschedulerwill
“do theright thing”. Onemightgenerateamasterfor eachprocessorthatcontrolsits pre-computedprocessor-
specificschedule.Onemightevenimplementthis systemon top of a soft or evenahardreal-timescheduler.
Our currentimplementationusesthe first approachabove. For this experimentwe determinedthe optimal
scheduleby handandimplementedit by creatingadditionaldependenciesbetweenthedataparallelinstance
of T4 for onetime-stampandT1 for thenext time-stamp.However, our focushereis on thedeterminationof
theschedulingnot on theimplementationof theschedule.

The schedulingalgorithmis shown in Figure6. Notice that the algorithmis not a heuristicto achieve
a goodschedulewhile minimizing schedulingtime. Our applicationshave a very small numberof tasks.
Even if we includethevariousdataparalleloptionsfor any giventask,we still have a manageablenumber
of options. Sincethe resultingschedulewill be operatingfor months,we canafford to evaluateall legal
schedulesandchoosethebestone.

Input:
Thetaskgraphfor theapplication,a macro-dataflow graphin

whichnodesrepresenthigh level operationsthatproduceandconsume
dataitemsandedgesrepresentcommunicationamongproducersandconsumers.

Executiontimesfor eachoperationincludingits dataparallelvariants.
Executiontimesfor communicationof eachdatatypebothwithin

andacrossnodesin thecluster. This includestimesfor partsof
structuresneededto supporteachdataparallelvariant.

Thenumberof nodesandthenumberof processorswithin eachnode.

Algorithm:
Computetheminimal latency, 
 , for a singleiteration
Computetheset, � , of all singleiterationschedulesthatexhibit latency, 

Computethemulti-iterationschedule,� , createdfrom multiple instancesof aschedulefrom �

Figure6: Algorithm for findingoptimalschedule
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3.4 Scheduling under Constrained Dynamism

Section3.1 shows that for a given staticcondition,a pre-computedscheduleis moreeffective thanhand-
tuningby adjustingarrival rates.Clearly, pre-computedschedulesareeasierfor theuserthanusertuning.

To accommodatethe unpredictablechangesin the applicationswe will have to dynamicallychangethe
schedule.

We pre-computetheoptimalschedulefor eachof thestates.Theactionsrequiredon astatechangeare:
� Performa tablelook-upto determinethenew schedulefor thenew state.
� Performa transitionto thenew schedule.

Thecharacteristicsfor constraineddynamismmakethisanidealapproach.Thefactthatthereareasmall
numberof statesmeansthatpre-computinganoptimizedschedulefor eachstateis reasonable.Thefactthat
a changeof stateis detectablemeansthatwe know whento changeschedules.Thefactthatchangesin state
are infrequentmeansthat the we overcomeany inefficiency at the point of a changein schedule,over the
relatively longuseof thenew schedule.

Notice that this approachto dynamicchangesin scheduleis totally orthogonalto theapproachto deter-
miningagoodschedulefor asinglestate.For example,wemightusethisapproachto constraineddynamism
whethertheschedulesfor eachstatewerechosenoptimally, via heuristicsor via hand-tuning.

This approachto constraineddynamismenablesthe applicationto operatein optimal or near-optimal
region in thefaceof a dynamicallychangingenvironment.We believe that this providesa unique,valuable
andautomaticprogrammingtool for highperformancemultimediaapplications.

4 Related work

Furtherinformation aboutthe SmartKiosk project can be found in [16, 2]. Our color tracking work is
describedin [11] andis basedon [14].

TheDistributedSharedobjectssystemthatprovidesa low level sharingmechanismacrosstheclusterin
oursystemis basedonourearlierwork onCid [4] andis mostcloselyrelatedto theMidwaysharedmemory
system[1].

Early work on performanceissueswithin the STM framework appearedin [9]. Theschedulingwork is
presentedin thecurrentpaperfor thefirst time.

Otherapproachesto optimizingthe integrationof taskanddataparallelisminclude[13]. Thedifference
betweenour work and this primarily arisesfrom the fact that we have to optimize in the presenceof dy-
namicchangesin thebehavior of theapplication.The importanceof latency asopposedto throughputalso
differentiatesoursystem.

The schedulingof multimediacodeon parallel systemsdescribedin [7] addressesa problemsimilar
to ours. However, our techniqueattacksthe schedulingproblemat a finer grain for a smallernumberof
processorsthanthe retiming methoddescribedthere. Our supportfor dynamismandfocuson latency are
additionaldifferentiators.

Schedulingalgorithmsfor real time systemshave beenheavily studiedin the past[6]. For applications
like theSmartKiosk, we areinterestedin high-level issuessuchasoptimizingspecificperformancecriteria
like latency in a distributedimplementation.Standardreal-timeschedulersarenot designedto exploit the
level of knowledgeaboutapplicationperformancethat our constraineddynamicschedulesdependupon.
However, theimplementationof ouroptimalschedulescouldbefacilitatedby theuseof areal-timeoperating
system.
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5 Conclusions

Thereis an emerging classof dynamic,computationally-intensive multimediaapplications,of which the
CRL SmartKiosk is a motivatingexample.Theseapplicationsprocessstreamsof videoandaudiodataand
requirelow latenciesfor goodperformance.They arealsohighly parallelandwell-suitedto implementation
on clustersof SMP’s.

Efficient schedulingof applicationtasksis critical for goodperformance.Generalpurposeschedulers,
suchthepthreadlibrary, producehigh latenciesbecausethey lack knowledgeof the dependenciesbetween
tasks.While therehasbeensignificantpreviouswork on optimal scheduling,it hasgenerallybeenlimited
to staticproblems.In contrast,our applicationis highly dynamicastheoptimalscheduledependsuponthe
real-timebehavior of thekiosk’scustomers.

We have demonstratedthat the dynamismin our applicationis constrained,in that thereare a small
numberof operatingregimeswhich are determinedby the stateof the application. We have shown that
optimalschedulescanbepre-computedfor suchconstraineddynamicapplications.Therun-timesystemcan
thenswitchamongthesetof optimalschedulesasdictatedby theobservedstate.An experimentalcomparison
with a hand-tunedscheduledemonstratesthepromiseof thisapproach.

6 Appendix

6.1 STM and Stampede

Applicationslike the SmartKiosk are madeup of a heterogeneouscollection of taskswhich operateon
streamsof multimediadata. Theseapplicationsfit very naturallyinto a coarse-grainedmulti-threadedpro-
grammingmodel.

STM

c� hannel

put (conn, ts, item, size) item, size� := get (conn, ts)

c� onsume (conn, ts)

t
�
hread

t
�
hread thread

thread

c� onn = "connection" (API: attach/ detach/ ...)

t
�
s = "timestamp" (specific, wildcard, ...)

Figure7: Overview of Stampedechannels.

At CRL we have developeda programmingsystemcalled“Stampede”thatprovidesa uniform program-
mingmodelfor theseapplicationsacrossSMPsandclusters.Threadsin StampedearedynamicPosixthreads
(pthreads),extendedto allow forking and joining acrossclusters. Stampedehasa variety of cluster-wide
datasharingfacilities,but theonethatsupportsthesemultimediaapplicationsis a structuredshared-memory
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abstractioncalledSpace-Time Memory (STM). The key constructin STM is channel, which is a location-
transparentcollectionof objectsindexedby time.

Figure7 shows an overview of how channelsareused. Figure8 describesthe two main functionsin
StampedeAPI thatthreadsuseto interactwith channels.Virtual timestampsenableaccessof correlateddata
andallow threadsto consumestreamingdataatvaryingrates.Additional informationaboutStampedecanbe
foundin [5] andaboutSTM in [12].

spd channel put item (o connection, timestamp, buf p, buf size, ...)

o connection: specifiestheoutputconnectionto a channel
timestamp: a channelcannothave morethanoneitem with the sametimestamp,

but theitemscanbe“put” in any order
buf p and buf size: specifybuffer containingthedatato beput
spd channel get item (i connection, timestamp, &buf p, &buf size, &ts range, ...)

o connection: specifiestheinputconnectionto a channel
timestamp: it canspecifya particularvalueor it canbea wildcardrequestingthe

newest/oldestvaluecurrently in the channel,or the newestvaluenot
previously gottenover any connection,etc.

buf p and buf size: specifya buffer to receive dataor NULL to askStampedeto allocate
thebuffer

ts range: returnsthetimestampof theitem returned,if available;if unavailable,
it returnsthetimestampsof the“neighboring”availableitems,if any

Figure8: PrimaryThreadInterfaceto Channels.

We have implementedStampedeasa C library underDigital Unix. Stampedeis currentlyrunningon a
clusterof four AlphaServer4100’s,eachbeinganSMPwith four 400MHzAlphaprocessors.TheSMP’sare
interconnectedwith bothDigital MemoryChannelandMyrinet.

6.2 Integrating Data and Task Parallelism

Thestrongrequirementfor minimal latency in our applicationclassarisesfrom our goalof producingcom-
pelling human-like interaction.This requirementmotivatedour work in [9] to integratedataparallelisminto
thetaskparallelsystemdescribedabovein Section6.1.

In thatearlierwork we focusedon finding theoptimaldataparallelstrategy. Herehowever, thechoiceof
dataparallelstrategy is determinedasaside-effectof optimalscheduling.Herewesummarizethemechanism
for integration of task and dataparallelismin our environmentwithout addressingthe choiceof optimal
strategy.

Recallthatour programsaredynamic,in orderto achieve top performanceour mechanismfor datapar-
allelismwill needto supportdynamicallyvary datadecompositions.

The key ideais that any nodein the taskgraphcanbe replacedwith a subgraphconsistingof multiple
worker threadsthat exactly duplicatesthe original task’s behavior on its input andoutput channels. The
structurein Figure9 illustratesthe threebasiccomponentsusedto integratedataparallelismwithin a task:
splitter, worker, andjoiner. For sometask � , we execute� instancesof thetaskconcurrently. Thesplitter
readsfrom theinput channelsfor task � . It dividesa singlechunkof work into � dataparallelchunksand
puts themon the work queue. Eachworker is a parameterizedversionof the original applicationtask � ,
designedto work on arbitrarychunks.Chunksgetassignedto worker threadsbasedon worker availability.
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Figure9: Integratedtaskanddataparallelism

Thesplittertagseachchunkwith its targetdonechannel(resultfor chunk W goesto donechannelW ) which is
usedby the worker threadsto outputthe results.Thedonechannelsactasa sortingnetwork for thechunk
results.

Thedatato beprocessedmaybedecomposedin severalways(by modelsor by regionsof theframe,in
our example).We pre-computetheidealdatadecompositionfor eachof thesmallnumberof potentialstates
of our constraineddynamicprogram.During execution,thesplitterwill look-up the decompositionfor the
currentstatefrom a pre-computedtable,andcommunicatethe decisionover the controllerchannelto the
joiner. Thesplitterusesthisdecisionto actuallydecomposethework into chunksin thework queue.Finally,
thejoiner readsdonechannelsto combineindividual resultsinto asingleoutputresultfor task � .
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