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Abstract

Thereis an emeping classof computationallydemandingmultimediaapplicationsinvolving vision,
speeclandinteractionwith therealworld (e.g.,CRL's SmartKiosk). Theseapplicationsarehighly parallel
andrequirelow latenciesfor good performance.They arewell-suitedfor implementatioron clustersof
SMP’s, but they requireefficient schedulingof applicationtasks.

Generalpurposeschedulerproducehigh latencieshecausehey lack knowledgeof the dependencies
betweertasks.Previousresearclin optimalschedulinchasbeenlimited to staticproblems.In contrastour
applicationis highly dynamicasthe optimalscheduledependsiponthe behaior of thekiosk’s customers.

We obsenre thatthe dynamismof our applicationclassis constrainedin thattherearea smallnumber
of operatingregimeswhich are determinedby the stateof the application. We presenta framework for
optimalschedulingpf constrainedlynamicapplications Theresultsof anexperimentakcomparisorwith a
hand-tunedchedulearepromising.

1 Introduction

Thereis anemeging classof interactive multimediaapplicationswvhich is computationallyintensie, highly
parallelanddynamic.An exampleis the SmartKiosk systen{11, 16, 2] underdevelopmentatthe Cambridge
Research_aboratory(CRL) which motivatesthis work. A SmartKiosk is a free-standingcomputerized
device thatinteractswith multiple peoplein a public ervironment,providing informationandentertainment.

We areexploring a socialinterfaceparadigmfor kiosksin which vision andspeectsensingprovide user
input while a graphicalspeakingagentprovidesthe kiosk’s output. Figure 1 shaws a picture of a prototype
SmartKiosk. It employs vision techniquego track andidentify peoplebasedon their motion andclothing
color[11]. Theestimatedpositionof multiple usersdrivesthebehaior of ananimatedgraphicalfface,called
DECface[15]. We believe the SmartKiosk to berepresentatie of a broadclassof emeging applicationsn
suneillance,autonomousgentsandintelligentvehiclesandrooms(seeg[3] for someexamples.)

The computationakequirementof the kiosk applicationare determinedby the actionsof the kiosk’s
customersandasa resultthey are highly dynamic. For example,eachtime a personapproacheshe kiosk
they are detectedand greetedby the DECfaceagent. In addition, DECfaceexhibits naturalgazebehavior
during an interactionby periodically glancingin the direction of eachof the currentcustomers.Thusthe
processingequirementdependfundamentallyon the numberof customersand their rate of arrival and
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departure.Furthermorejn orderfor the kiosk to be compelling,the lateng/ with which it responddo user
input mustbe very low. The combinationof dynamismandlow lateng in the kiosk applicationmake it a
challengingandstimulatingdomainfor parallelcomputingresearch.

Figurel: The SmartKiosk

A key computationahttribute of the kiosk ap-
plication classis the generationand processingpf
streamsof multimediadata. The numberandband-
width of thesedatastreamss the sourceof thedra-
matic computationakequirementdor the applica-
tion class. This is illustratedin Figure 2, which
gives the task graphfor a color tracking subsys-
tem. The color tracker is one of the more com-
putationally demandingcomponentf the Smart
Kiosk system. In the figure, cylindrical tubesrep-
resentthannelsholdingstreamsf multimediadata
andovalsrepresentasksthat operateon this data.
We will focuson the color tracker in this paper as
it exhibits the compleities that are typical of our
applicationclass.A moredetaileddiscussiorof the
colortracker canbefoundin [9].

Theabstracexecutionmodelfor thetaskgraph
of Figure2 is thateachtaskis runningon its own
virtual processar All tasksare running continu-
ouslyin parallel. A channeis locationindependent
andholdsa collection of objectsindexed by time.
A task namesthe variouschannelst touchesand
designateshemasinput or outputchannelqfrom
theperspectie of thistask).In ourapplicationsthe
objectsin the channelsarelargely video framesin
variouslevelsof processingA taskcanput objects

into the channelsandgetobjectsout of the channelsaaccordingto the specifiedtask/channetonnectvity. At
this abstractevel theframesin the channelsareorderedbut thereis no concepbf thetime requiredby atask

to processaframe.

Theactualplatform' is a clusterof SMPsusingthe Stampedeun-timesystem[5] developedat CRL. In
theactualexecutionmodel,eachtaskis a POSIXthread.The channemechanisnis providedin our environ-
mentby Space-ime Memory [8] (STM), a distributed datastructurewhich supportdocationindependent
sharingacrosghe cluster This supportallows two tasksto communicatever a channelvia the samemech-
anismregardlesof whetherthe tasksareon the sameSMP in a clusteror on differentnodesof the cluster
The STM framawork [8, 9], ourapplicationclass[12], andthe problemof integratingdataparalleldecompo-
sitionsinto atask-lesel representationf stream-basedpplicationd10] have all beendescribedearlier The
ideaspresentedh this paperarenottiedin any wayto STM, but they do rely on someunderlyingsupportfor

parallelexecutionof theabstracimodel.

The abstractexecution model provides an abstractionof time which is corvenientfor designingand
codingmultimediaapplications Of course the specifictime requiredfor taskexecutionandcommunication

1Theappendixprovidesmoredetails.
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Figure2: Taskgraphfor color-basedraclker.

playsa critical role in the actualexecutionmodel. For example,a taskthat putsobjectsinto a channelmay
do so at a fasterrate thanthe task that consumeghe objects. This is commonsinceupstreantasks,such
asthedigitizer, often performlesscomplex processinghandownstreantasks,suchastargetdetection(see
Figure2). Thusa downstreamtaskmay restrictits processingo only the mostrecentdatageneratedy an
upstreantask.

Therearemary possiblemappingsetweerthe abstracmodelanda specificclusterimplementationin
the abstractmodelthereis significantpipeline parallelismasa resultof the loosetemporalcouplingwithin
datastreams.Thereis oftensignificanttask-level parallelismresultingfrom multiple tasksoperatingon the
samestreamsAn exampleis the histogramandchangedetectiontasksin Figure2. In addition,thereis also
significantdataparallelismwithin eachtask.

This paperaddresseshe problemof mappingthe abstracttask modelto an actual platform so asto
maximizeperformancebjectives. Thetwo performancebjectvesareminimizing lateny andmaximizing
uniformity of frame processingover time. Lateng is moreimportantto us thanthroughputsincein our
application,for the animatedfaceto be compellingit neednot respondto every move you make but when
it doesrespond,it mustdo sorapidly. We definelateng asthe time from the digitizing of the frameto
completionof its processingAn executionthatexhibits uniformity processeframesat a reasonablyegular
rate. A non-uniformexecutionmight procesghreeframesin a row andthenskip the next hundredframes,
for example.

In our earlierwork we relied upongenericrun-timeservicessuchasthe threadschedulein the pthread
packageto regulatethe executionof tasksin our application.As we will demonstratethis resultsin signifi-
cantinefficiencies.Therearetwo basicissuesn implementinghe abstracmodel:

¢ Schedulingvork onagivenprocessor

Considerthe simplestcasewhenthe targetis a uniprocessoandno parallelismissuesarise. Evenin
this caseschedulingssuesarise.

A poorschedulinglecisionrmaywell resultin thegeneratiorof anumberof consecutie framesrapidly
followedby the consumptiorof theseframes.In sucha schedulehelateng perframeis higherthan
necessaryln addition,therewill be along sequencef consecutie framesprocessedollowed by a
long sequencef consecutie framesnot processedT his scheduledoesnot exhibit uniformity. Events
thatoccurin theinterval of unprocesseffameswill go unrecognized.



o Distributing work amongprocessors

Assumethe simple casewherewe have the samenumberof actualprocessorastasks. The obvious
solutionis to assigna processoto eachtask.However, if thereis amismatchin theratesthateachtask
processeframesit may well be betterto assignthreetasksto time slice on one processoandassign
onetaskto threeprocessoror dataparallelprocessing.

Thesessueshave beenaddresseth othersystemg13]. However, our classof programdacea difficulty
notaddresseth theseothersystemsOur programsaredynamic.The solutionspreviously proposedaddress
only static programs. In our programs,the task graphsremainfixed. However the optimal dataparallel
decompositioror the optimal scheduleelieson the relative costsof the tasks. It is theserelative coststhat
vary dynamically In the taskgraphin figure 2, the time for tasksT1, T2, and T3 do not dependon the
numberof models(people)beingtracked. Thetime for tasksT4 and T5 are both linearin the numberof
modelsbut the constanfactoris quitedifferentfor thesetwo tasks.Thebeststratgy for integratingtaskand
dataparallelismandthe bestschedulevary significantlywith the numberof models. Dynamism therefore,
appeargo make the job impossible.However, we will seethatthe classof applicationsve addresexhibit
propertieghatenablegoodschedulingevenin the presencef this dynamism.

In this papemwe present framework for optimally schedulingconstrainedlynamicapplicationgo maxi-
mizebothlateng andthroughput.Our framewnork canexploit integratedtaskanddataparallelismto achiese
this objective. The resultingschedulesare simple to implementin a run-time systemsuchas Stampede.
One consequencef our resultsis thatit is possibleto get good run-time performancefor theseapplica-
tions without emplgying a real-timeoperatingsystem. This may be an attractive featurefor mary practical
system-hilding efforts.

In Section2 we introducethe conceptof constained dynamismand its applicability to our classof
problems.Section3 describeour schedulingstratgy basedon this idea. Interestedeadercanfind details
of implementatiorandSpace-ime Memoryin theappendix.

2 Constrained Dynamism
21 Theldea

Notice that the dynamismin our applicationsis not arbitrary Theseapplicationsobey whatwe call con-
straineddynamisnwhich is definedasfollows:

e Thesystemchangesamonga smallnumberof states.
¢ Statechangesreinfrequent.

¢ Statechangesredetectable.

Here, a stateis the setof variablesthat influencethe schedulingdecision. For example,in our color
tracker applicationthe statecorrespondso the numberof peoplecurrentlyinteractingwith the kiosk. This
numbemwill typically befrom oneto fiveandwill changenfrequentlyrelativeto theprocessingateaspeople
comeandgo. Departuresandarrivalscanbeeasilydetectedusingstandardrision techniqueg11].

We canusestatictechniquegor dynamicapplicationsf the dynamismis constrainedOff-line we apply
existing static optimizationsto eachof the small numberof states. Thenon-line we simply reactto state



changedhy switchingamongpre-computedsolutions. As we will seethis approachappliesboth to data
decompositiongindto scheduling.

A well known techniqudor handlingchangingapplicationstategeliesonthe propertythatsmallchanges
in stategresultin smallchangesn desiredschedulingstrategyy. This would be a reasonabl@pproachf the
numberof interestingstatess extremelylarge or unknown, in which case the decompositioror scheduling
stratgly would be determinedy interpolatingbetweerknown goodstratgiesin known states.However, in
our case aseeminglysmallstatechangecouldalter schedulingstrategyy dramatically

Oneof themajorcontributionsof this paperis the concepibf constrainedlynamismandthe performance
enhancementsbtainedby optimizing schedulesor constrainedlynamicapplicationswithin anintegrated
taskanddataparallelframenork.

2.2 Example: Using Constrained Dynamism for Data Decomposition

This exampleillustratesthe effect of constrainedlynamismin determiningoptimaldatadecompositiorfor a
dynamicernvironment.Although,the constrainedlynamicpropertyof theapplicationalsoaffectsapplication
schedulingwe ignoreit for now to keepthe examplesimple.

Thetargetdetectiontaskin figure 2 is highly computeintensive anda goodcandidatdor parallelization.
Thetaskis parallelizedby decomposingts input dataandfarmingout partsto differentdata-parallethreads.
Theinputto thetaskconsistof adigitizedframeandcolor modelsfor thetargetsto bedetectedn theframe.
Therearetwo obviouswaysto decomposéheinput anddistribute the dataacrosdata-parallethreads:

1. Divide thesetof modelsup into sub-setof models.

2. Dividetheframeupinto regions.

As athird alternatve, the input may alsobe dividedin bothwaysat the sametime so that one pieceof
work correspond$o searchingor a subsebf modelsin aregion of theframe.

Table 1 shavs somemeasuredatenciesusingvariousdatadecompositiorstratgies. First columnindi-
catesthe numberof regions,or partitions,into which a frameis divided. Thetableshavs resultsfor oneand
four partitions— former corresponds$o no decompositiorof a frame. Secondcolumnshows thetimeswhen
thereis only onemodelto be detectedn theinput frame. Clearly, thereis no way to divide modelsin this
case.Third andfourth columnsarethe timings obtainedwhenthereareeight modelsto be detectedIn this
casethereis a choiceof decomposinghe input basedon models. The tablelists timings correspondingo
eight-way division of models(MP=8) andno division of models(MP=1). Numbersin parenthesearethe
total numberof work chunksin eachcase givenby the productof FPandMP.

Total Models
1 I 8
| Partitons]| MP=1 || MP=8 [ MP=1 |
FP=1 || 0.876(1) || 1.857(8) | 6.850(1)
FP=4 || 0.275(4) || 2.155(32) | 2.033(4)
numberof partitionsbasedn models
numberof partitionsof a frame

MP
FP

Tablel: Timing resultsin seconds/framéor thetargetdetectiontaskwith oneandeighttargetmodels.



Thetableshawvsthatit is bestto distribute modelsif thereis a sufficientnumberof them. Otherwisejt is
bestto divide theframeinto regions. Theseresultsillustratetwo importantaspect®of theapplication:

¢ Bestdatadecompositiorstratayy varies,dependingnthecurrentstate(numberof models).Therefore,
asinglestaticallydeterminedstrategy will notresultin optimalperformancen all cases.

e Thereis asmallnumberof datadecompositiorthoicesandthecorrectchoicecanbeeasilydetermined
atrun-time.Thereforejt is easyfor theapplicationto switchthedatadecompositiorstratey basecon
the currentstate(numberof models).

Thenext sectionshavs how agoodscheduleanddatadecompositiortanbe computedavenin adynam-
ically changingenvironmentbecausé¢he dynamismis constrained.

3 Scheduling and Resour ce Allocation

Therearetwo major aspectof the performanceroblemthatwe needto address First, asdiscussedn the
previous section,we have to optimize performancewithin a dynamicallychangingernvironment. Second,
evenfor the static case optimizing performancdor this applicationsis not trivial. Sectionl, for example,
introducedsomeof theinefficienciescausedy mappingour abstracexecutionmodelto theactualexecution
model. Addressingheseinefficienciesis critical. We will first addresshe staticcasethenshowv how to use
the staticsolutionto build a solutionfor thedynamiccase.

3.1 Hand Tuning

In the color tracker and otherapplicationsbasedon digitized video images,the primary tuning variableis
the periodat which the digitizer threadexecutes.This controlsthe rateat which digitized framesarefed to
the restof the system. This rate hasa direct effect on both the lateng/ andthroughputof the application.
We definelateng to be thetime it takesto process singlevideo frame. It is measured@sthetime interval
betweerplacingaframeinto the VideoFramechannebndreadingall of its detectedargetlocationsfrom the
ModelLocationchannelgseeFigure2). We definethroughputasthenumberof framescompletelyprocessed
perunit time. It is measuredstheinverseof the time betweenrthe arrival of two consecutie resultsat the
outputof theapplication(theinter-arrival time).

Figure 3 illustratesthis discussiorof adjustingthe digitizer rate. At the minimum executionperiodfor
the digitizer thread(33ms,asdeterminecby NTSC video rate), it rapidly saturatesll the channeldn the
applicationwith unprocessedata. This resultsin a high throughputsincethereis alwayswork to be done,
but acorrespondinghighlateng for agivenframedueto the backlogof unprocesseilems. As weincrease
thedigitizer period,thethroughputandlateng dropuntil thelateng reachedts minimumvalue(3.2seconds
in our experiments.)

The tuning curve wasobtainedby plotting the measuredatengy andthroughputasthe digitizer period
variedfrom 33msto 5 secondsn stepsof approximatelyonesecond.Thedesiredoperatingpointis thelower
right cornerof the graph,wherelatend is low andthroughputis high? In thetuning curve, asthe digitizer
perioddecreasethesysternis saturatedvith work andthetimingswe obsened,whichdependnthepthread
schedulerbecamdairly erratic,varyingby aboutonesecond.

Thefactorof two in therangeof latenciedndicateshataddressingerformanceés important.In the next
sectionwe examineinefficienciesbeyondthoseaddressetly the handtuning presentedhere.

2Thepointlabeled‘optimal” will bediscussedater
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Figure3: Comparisorof optimalandtunedschedules$or detectingeightmodels.

3.2 Problemswith General On-line Schedulers

Thediscussiorof handtuningin the previoussectionassumedhatthe applicationis runningwith a pthread
scheduler However, seriousinefficienciesresultfrom the fact that the pthreadschedulelis a generalon-
line schedulerlt not only knows nothingaboutthe specificapplicationbut alsohasno understandingf the
applicationclassrepresentetly graphdik ethe onein Figure2, basednasmallnumberof tasksthatprocess
streamf time-indexedmultimediadata.

We will useFigures4 and5 to illustrate someof theseproblems.Thesefiguresshaw for eachprocessor
(horizontalaxis)whattaskit is performingovertime (verticalaxis). Thetasksarethosespecifiedn Figure2.
T1 representtheDigitizer andis toofastto bevisible atthisscale. T2 is ChangeDetection.T3 is Histogram.
T4 is Target Detection. T5 is PeakDetection. Repeatedccurrencesf ataskin a processorepresenthe
processin@f distinctitems(with distincttime-stampspy thattask.

Instanceof differenttasksshadeddentically representhe processingf a given time-stampby those
differenttasks. TaskT1, the digitizer, is sofastthatit doesnot shav up on this scaleandis omitted from
all thefigures. Thelateng in thefigureis thetime from the beginning of task T2 for a giventime-stampto
the endof task T4 for the sametime-stamp.Lateng, the time to completeprocessingf a singleframeis
indicatedby thebarattheright of eachfigure.

Thecharacteristicef our applicationclassthat make pthreadschedulingnefficientaredescribedelow.
We referto Figure4(a)which shavs a schedulghatcouldresultfrom pthreadscheduling.

e Theseapplicationsareprimarily concernedvith lateng. A generabn-line schedulerin attemptingto
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keepall processorbusyfocusesnoreonthroughput.Thelateng in thefigureis longerthannecessary

e Threadsappeato becontinuoushut areactuallydiscretewith respecto itemsgeneratedThe pthread
schedulemwill happily schedulea threadfor enoughtime to generatdwo anda half items. Thisis a
poor choicewhenlateng is key. Partial processingf itemsarenot shownn in this figure sincein this
exampleonly onethreadis executingin a given processotbut if distinct threadsexecutein a given
processarschedulingathreadsothatit partially completesaanitem would clearlyincreasdhelateng.

e A pthreadschedulewill assumehata threadcanonly be scheduledn oneprocessoat atime. For
this classof applications however, we canexecutethe samethreadoperatingon multiple processors
concurrentlyaslong asthey operateon differentframesof data. Becausehe schedulen the figure
obeysthisrestrictionit is lessefficient thanit couldbe.

e Applicationsin this classcanbe viewed as a pipeline consistingof tasksthroughwhich dataflows.
Early taskstendto performlow-level operationsthat processitems quickly. Later taskstendto be
high-level morecomputeintensie tasksthatrequiremoretime peritem. It is likely — indeedit often
doeshappen- thatthe on-line pthreadscheduleschedulesn earlytaskto generate large numberof
itemsanda later slower taskis scheduledor the sametime slice. In this casethe later taskcannot
keepup. We seethis phenomenobetweertaskT3 and T4 in thefigure.



Motivatedby theseproblemswe proposean off-line schedulerdesignedspecificallyfor our application
class thatoptimizesthe scheduldor a specificapplicationandconfiguration.

We startby describingour schedulingapproachin the context of a static situation. Recallthat our ap-
plicationsare dynamicandwill requiredifferentschedulesn differentstates.(In our color tracker a state
correspondso the numberof peoplein front of the kiosk.) Laterin the sectionwe presenta stratgy that
relieson the fact thatthe dynamismof the applicationis constrainedo accommodate&ynamicchangesn
behaior.

3.3 Scheduling for the Static Case

Recallthat the abstractexecutionmodelfor our classof applicationss that eachtaskexecuteson a virtual
processoandthe streamof datais communicate@mongtasksandthereforeamongvirtual processors.

Our initial plan for improved schedulingfor our abstractexecutionmodel wasto employ a run-time
schedulingmechanismnthat understoodhis abstractexecutionmodel. For example,it could performflow
control by limiting the numberof itemseachchannekouldhold. This provedto betotally inadequate.

Insteadwe transformthe abstracexecutionmodelto analternateabstracmodel. Consideithework for a
giventime-stampthroughall thetasksasaniteration, wheretheiterationsareovertime-stampsin thisview
aniterationwould executeon a singlevirtual processar (We will ignoredataparallelismfor the moment.)
This is software pipelining asillustratedin Figure 4(b). Eachvirtual processoprocesse®netime-stamp
throughall its tasksand thenbegins on the next time-stamp. The shadingdistinguisheghe work for one
time-stampfrom the work for another

In the abstractexecutionmodelthereare an infinite numberof virtual processors.Eachexecutesone
time-stampedrameandbegins executionwhenthatframebecomesvailableandstopswhenthe processing
for thatframeis complete. In the actualexecutionmodelan actualprocessomwill begin processinga new
framewhenwork on the previous oneis complete. Typically therewill not be enoughactualprocessorso
processll theframessoadelayis choserto maintaina fixedinterval betweerthetime-stampgprocessed.

This alternateabstractmodelandits actualimplementatiorhave several advantages.This schedulehas
noidle time, maintainsa uniform rateof frameprocessingandnowork is performedon ary time-stamphat
is not processedully by all downstreamthreads. Lateng for a time-stampis never increasecdby starting
work for atime-stampandthensuspendingvork on thattime-stamp Although, this scheduleachiezeshigh
throughputjt doesnotachieve minimallateng.

Giventhis naive softwarepipeline,our next goalis to minimize the executiontime for oneiteration,that
is to minimize lateng. Without sacrificinglatengy, of coursewe would like to attain maximumpossible
throughput. Figure 5(a) shavs how we canreducethe lateng of a singleiteration by taking advantageof
available task parallelism. Notice that threadsT2 and T3 can be executedin parallel. This createsidle
time andreduceghroughputbut this trade-of is consistentwith our goal of reducinglateng. Notice that
in Figure5(a), the patternshifts over oneprocessofor eachsuccessie time-stamp.Thereforeevery fourth
instanceof T2 mustwraparoundandbe scheduledo thefirst processar

In earlier work we addressedhe integration of dataparallelisminto our fundamentallytask parallel
model[9]. SeeAppendix6.2 for a brief overview of the dataparallelmechanismavailable within Space-
Time Memory. If, amongour schedulingpossibilities we includethefactthatmary of thetasksthemseles
aredataparallel,we canfurtherreducelateng. Figure5(b) shavs sucha schemewnherewe take advantage
of thefactthatT4 is dataparallel.

We implementedthe schedulein Figure 5(b). Our goalwasto comparethe resultsshavn in Figure3
(whereresourceallocationresultsfrom the combinationof run-timeactionsof the pthreadpackageandthe
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tuningdecisionanadeby the programmer}o the optimal pre-computedchedule.

Our expectationis thatthe optimal schedulevould attainthe minimum lateng atthe sametime provide
goodthroughputasaresultof pipelining. Thisis borneoutby our experiment.Theresultof thepre-computed
schedulas indicatedby the asteriskin thelower right in figure 3. This indicatesperformancehatis strictly
betterthanall of the pointson thetuningcurve. It achiezesminimum lateng but fails to achieze maximum
throughpusincetheschedulef Figure5(b) containssomewastedspace Thistradeof is consistentvith our
desireto minimizelateng.

Theexperimenthastwo implications.Firstit demonstratethe powerof explicit schedulingwhichresults
in anoperatiorpointwhichis impossibleto obtainby straightforwardtuning of theapplication.In particulay
the optimal pre-computedcheduleaesultsin alateng which is lessthanhalf of the worst caselateng for
naive schedulingof the optimal dataparalleldecompositiorior this program.Secondjt suggestshatuseof
thegenerakchedulingalgorithmcouldremove muchof thelaborwhich would otherwisebe spenttuningthe
applicationfor goodperformance.

Minimizing lateng for a giveniterationmay meandistributing sometaskacrossall processor$o max-
imize dataparallelism. If so, this task actsasa barrierto the overlappingof multiple iterations. (Recall
that eachiterationis constrainedo minimal lateng.) For our classof applicationsthis is the right choice.
The costof communicatiorbetweemodesin a clustermay meanthatthe minimal lateng schedul€or an
iterationdoesnot useall processorsut is insteadrestrictedto the processoren a singlenode. In this case,
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distinctiterationson distinctnodescanoverlap.
Thistechniguehasseveraldesirableconsequences:

e By focusingon minimizing lateng, we minimizethetime for which a pieceof datais “li ve”. Thishas
thedesirableside-efect of reducedspacerequirement.

¢ A fixedschedulgnot necessarilyanoptimalone)simplifiesgarbagecollection(handledn our system
by STM) resultingin further performancegains.

e By executingthreadsaccordingto a schedulewe alsosolve the problemof flow controlimplicitly. A
fixedschedulaletermineshe numberof itemsin eachchannel.

Noticethatwe arediscussinghe scheduleat a high level. We have not addressethe implementatiorof
theschedule Thegoalof theschedulers to altertheexecutionto minimizelateng. Onecouldimplementhis
schedulen avarietyof ways. For example,onemightadddependence® ensurghatpthreadschedulewwill
“do therightthing”. Onemightgenerate masterffor eachprocessothatcontrolsits pre-computegrocessor
specificschedule Onemight evenimplementthis systemon top of a soft or evenahardreal-timescheduler
Our currentimplementatiorusesthe first approachabove. For this experimentwe determinedhe optimal
scheduledoy handandimplementedt by creatingadditionaldependencieletweerthe dataparallelinstance
of T4 for onetime-stampandT1 for the next time-stamp However, our focushereis onthe determinatiorof
the schedulinghot ontheimplementatiorof the schedule.

The schedulingalgorithmis shavn in Figure6. Notice thatthe algorithmis not a heuristicto achieve
a good schedulewhile minimizing schedulingtime. Our applicationshave a very small numberof tasks.
Evenif we includethe variousdataparalleloptionsfor ary giventask,we still have a manageableumber

of options. Sincethe resultingschedulewill be operatingfor months,we canafford to evaluateall legal
schedulesndchoosehe bestone.

Input:
Thetaskgraphfor the application,a macro-dataflev graphin
which nodesrepresenhigh level operationghatproduceandconsume
dataitemsandedgesepresentcommunicatioramongproducersandconsumers.
Executiontimesfor eachoperationincludingits dataparallelvariants.
Executiontimesfor communicatiorof eachdatatype bothwithin
andacrossnodesin thecluster Thisincludestimesfor partsof
structureneededo supporteachdataparallelvariant.
Thenumberof nodesandthe numberof processorsvithin eachnode.

Algorithm:
Computetheminimal lateng, £, for asingleiteration
Computetheset,S, of all singleiterationscheduleshatexhibit lateng, £
Computethe multi-iterationschedule M, createdrom multiple instance®f a schedulédrom &

Figure6: Algorithm for finding optimalschedule
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3.4 Scheduling under Constrained Dynamism

Section3.1 shows that for a given static condition, a pre-computedschedulds more effective than hand-
tuningby adjustingarrival rates.Clearly, pre-computedchedulesreeasierfor the userthanusertuning.

To accommodatéhe unpredictablehangesn the applicationswve will have to dynamicallychangethe
schedule.

We pre-computehe optimal scheduldor eachof the states. Theactionsrequiredon a statechangeare:

e Performatablelook-upto determinghe new schedulgor thenew state.

e Performatransitionto thenew schedule.

Thecharacteristicfor constrainedlynamismmale this anidealapproachThefactthattherearea small
numberof stateameanghatpre-computingan optimizedscheduldor eachstateis reasonableThefactthat
achangeof stateis detectableneanghatwe know whento changeschedulesThefactthatchangesn state
areinfrequentmeansthat the we overcomeary inefficiengy at the point of a changein schedulepver the
relatively long useof thenew schedule.

Notice thatthis approachto dynamicchangesn schedulés totally orthogonalto the approactto deter
mining agoodscheduldor a singlestate.For example we might usethis approacto constrainedlynamism
whetherthe schedulegor eachstatewerechoseroptimally, via heuristicsor via hand-tuning.

This approachto constraineddynamismenablesthe applicationto operatein optimal or nearoptimal
region in the faceof a dynamicallychangingenvironment. We believe thatthis providesa unique,valuable
andautomatigprogrammingool for high performancemultimediaapplications.

4 Related work

Furtherinformation aboutthe SmartKiosk projectcanbe foundin [16, 2]. Our color tracking work is
describedn [11] andis basedn[14].

The Distributed Shaed objectssystemthat providesa low level sharingmechanismacrosghe clusterin
our systemis basedon our earlierwork on Cid [4] andis mostcloselyrelatedto the Midway sharednemory
systen1].

Early work on performancassueswithin the STM framework appearedn [9]. The schedulingwork is
presentedn the currentpaperfor thefirst time.

Otherapproacheto optimizingtheintegrationof taskanddataparallelisminclude[13]. Thedifference
betweenour work andthis primarily arisesfrom the fact that we have to optimizein the presenceof dy-
namicchangesn the behaior of the application. The importanceof latengy asopposedo throughputalso
differentiateour system.

The schedulingof multimediacode on parallel systemsdescribedin [7] addresses problemsimilar
to ours. However, our techniqueattacksthe schedulingproblemat a finer grain for a smallernumberof
processorshanthe retiming methoddescribedhere. Our supportfor dynamismandfocuson lateng are
additionaldifferentiators.

Schedulingalgorithmsfor realtime systemshave beenheavily studiedin the past[6]. For applications
like the SmartKiosk, we areinterestedn high-level issuessuchasoptimizing specificperformancecriteria
like latengy in a distributedimplementation.Standardreal-timeschedulersare not designedo exploit the
level of knowledge aboutapplicationperformancethat our constraineddynamic schedulesiependupon.
However, theimplementatiorof our optimalschedulesouldbefacilitatedby the useof areal-timeoperating
system.
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5 Conclusions

Thereis an emeging classof dynamic,computationally-intensie multimediaapplications,of which the
CRL SmartKiosk is a motivatingexample. Theseapplicationsprocesstreamsof video andaudiodataand
requirelow latenciedor goodperformanceThey arealsohighly parallelandwell-suitedto implementation
on clustersof SMP’s.

Efficient schedulingof applicationtasksis critical for good performance.Generalpurposeschedulers,
suchthe pthreadlibrary, producehigh latenciesbecausehey lack knowledgeof the dependenciebetween
tasks. While therehasbeensignificantprevious work on optimal schedulingjt hasgenerallybeenlimited
to staticproblems.In contrast,our applicationis highly dynamicasthe optimal scheduledependsiponthe
real-timebehaior of thekiosk’s customers.

We have demonstratedhat the dynamismin our applicationis constrainedjn that there are a small
numberof operatingregimeswhich are determinedby the stateof the application. We have shavn that
optimalschedulegsanbe pre-computedor suchconstaineddynamicapplications Therun-timesystemcan
thenswitchamongthesetof optimalschedulesisdictatecby theobsenedstate.An experimentatomparison
with a hand-tunedgcheduledemonstratethe promiseof this approach.

6 Appendix
6.1 STM and Stampede

Applicationslike the SmartKiosk are madeup of a heterogeneousollection of taskswhich operateon
streamsf multimediadata. Theseapplicationsfit very naturallyinto a coarse-grainedhulti-threadedpro-

grammingmodel.

ST™M
channel

put (conn, ts, item, size) / \_} item, size := get (conn, ts)

consume (conn, ts)

. .

conn = "connection" (API: attach/ detach/ ...)

ts = "timestamp" (specific, wildcard, ...)
Figure7: Overview of Stampedehannels.
At CRL we have developeda programmingsystemcalled“Stampede’that providesa uniform program-
ming modelfor theseapplicationsacrossSMPsandclusters.Threadsn Stamped@redynamicPosixthreads

(pthreads)extendedto allow forking andjoining acrossclusters. Stampedehasa variety of clusterwide
datasharingfacilities, but the onethatsupportghesemultimediaapplicationds a structuredshared-memory
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abstractiorcalled Space-Tme Memory (STM). The key constructin STM is channe| which is a location-
transparentollectionof objectsindexedby time.

Figure 7 shavs an overvien of how channelsare used. Figure 8 describeghe two main functionsin
Stampedd\PI thatthreadsuseto interactwith channelsVirtual time stampsenableacces®f correlateddata
andallow thread€o consumestreamingdataat varyingrates.Additional informationaboutStampedeanbe
foundin [5] andaboutSTM in [12].

spd_channel put _i tem (o_connection, tinestanp, buf_p, buf_size, ...)
o_connection:  specifiegsheoutputconnectiorto achannel
ti mest anp: a channelcannothase morethanoneitem with the sametimestamp,
but theitemscanbe“put” in ary order
buf p and buf _size:  specifybuffer containingthe datato be put
spd_channel get _.item (i .connection, tinmestanp, &buf_p, &buf _size, & s_range, ...)
o_connection:  specifiegsheinputconnectiorto achannel
ti mestanp: it canspecifya particularvalueor it canbe a wildcard requestinghe
newest/oldestvalue currentlyin the channel,or the newestvalue not
previously gottenover ary connectiongetc.
buf p and buf size: specifyabuffer to receve dataor NULL to askStampedeo allocate

thebuffer . . . ] ]
ts_range: returnsthetimestampof theitemreturnedif available;if unavailable,

it returnsthetimestamp®f the“neighboring” availableitems,if arny

Figure8: PrimaryThreadinterfaceto Channels.

We have implementedStampedesa C library underDigital Unix. Stampedés currentlyrunningon a
clusterof four AlphaSener4100's, eachbeingan SMP with four 400MHz Alpha processorsThe SMP’s are
interconnectedvith both Digital Memory ChannelandMyrinet.

6.2 Integrating Data and Task Parallelism

The strongrequiremenfor minimal lateng in our applicationclassarisesfrom our goal of producingcom-
pelling human-like interaction.This requiremenmotivatedour work in [9] to integratedataparallelisminto
thetaskparallelsystemdescribedaborein Section6.1.

In thatearlierwork we focusedon finding the optimal dataparallelstrateyy. Herehowever, the choiceof
dataparallelstrateyy is determinedhasaside-efectof optimalschedulingHerewe summarizéhemechanism
for integration of task and dataparallelismin our ervironmentwithout addressinghe choice of optimal
stratayy.

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

The key ideais thatany nodein the taskgraphcanbe replacedwith a subgraphconsistingof multiple
worker threadsthat exactly duplicatesthe original task'’s behaior on its input and output channels. The
structurein Figure9 illustratesthe threebasiccomponentsisedto integratedataparallelismwithin a task:
splitter, worker, andjoiner. For sometaskT', we executeN instancef thetaskconcurrently The splitter
readsfrom theinput channeldor taskT'. It dividesa singlechunkof work into M dataparallelchunksand
putsthemon the work queue Eachworker is a parameterizedersionof the original applicationtask T,
designedo work on arbitrary chunks. Chunksget assignedo worker threadsbasedon worker availability.
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‘Workers Done Channels

Splitter Joiner

Work Queue e

Controller Queue

Figure9: Integratedtaskanddataparallelism

Thesplittertagseachchunkwith its targetdonechannelresultfor chunki goesto donechannek) whichis
usedby the worker threadsto outputthe results. The donechannelsactasa sortingnetwork for the chunk
results.

The datato be processednay be decomposeih severalways(by modelsor by regionsof theframe,in
our example).We pre-computehe idealdatadecompositiorfor eachof the smallnumberof potentialstates
of our constrainedlynamicprogram. During execution,the splitter will look-up the decompositiorfor the
currentstatefrom a pre-computedable, and communicatehe decisionover the controllerchannelto the
joiner. Thesplitterusesthis decisionto actuallydecompos¢hework into chunksin thework queue Finally,
thejoinerreadsdonechannelg¢o combineindividual resultsinto a singleoutputresultfor taskT'.

References

[1] B. N. BershadM. J.ZekauskasandW. A. Savdon. The Midway DistributedSharedMemory System.
In Proceedingof the IEEE CompConConfeence 1993. Also CMU TechnicalReportCMU-CS-93-
119.

[2] A. D. ChristianandB. L. Avery. Digital SmartKiosk Project. In ACM SIGCHI'98, pages155-162,
Los Angeles,CA, April 18-231998.

[3] Proc.of Third Intl. Conf on AutomaticFaceand Gestue Recgnition, Nara,JapanApril 14-161998.
IEEE ComputerSociety

[4] R.S.Nikhil. ParallelSymbolicComputingn Cid. In Proc.Intl. Wkshpon Parallel Symbolid_anguayes
and Systemgpages217-242 October1995.

[5] R. S.Nikhil, U. Ramachandran]. M. Rehg,R. H. Halstead Jr, C. F. Joeg, andL. Kontothanassis.
Stampede:A ProgrammingSystemfor Emeiging Scalablelnteractive Multimedia Applications. In
Proc. Eleventhintl. Wkshp.on Languajesand Compiless for Parallel Computing ChapelHill NC,
Aug. 7-91998. SeealsoTechnicalReport98/1, CambridgeResearch.ab., CompagComputerCorp.

15



[6] M. Pinedo.Sdeduling: Theory Algorithms,and SystemsPrenticeHall, 1995.

[7] S.PrasannaCompilationof Parallel Multimedia Computations- ExtendedRetimingTheoryandAm-
dahlss Law. SixthACM SIGPLANSymposiunon Principlesand Practice of Praallel Programming
Junel997.

[8] U. Ramachandrark. S. Nikhil, N. Harel, J. M. Rehg,andK. Knobe. Space-ime Memory: A Par
allel ProgrammingAbstrationfor Interactive Multimedia PApplications. In SeventhACM SIGPLAN
Symposiunon Principlesand Practiceof Parallel Programming Atlanta, GA, May 4-61999.

[9] J. M. Rehg,K. Knobe,U. RamachandrarR. S. Nikhil, and A. Chauhan. IntegratedTask and Data
Parallel Supportfor DynamicApplications. In D. O’Hallaron, editor, Fourth Workshopon Languayes,
Compiles,andRun-Tme System$or ScalableComputes, pagesl67-180Pittshurgh, PA, May 28-30
1998.SpringerVerlag.

[10] J. M. Rehg,K. Knobe,U. RamachandrarR. S. Nikhil, and A. Chauhan. IntegratedTask and Data
Parallel Supportfor DynamicApplications. ScientificProgramming 1999. To appear

[11] J.M. Rehg,M. Loughlin, andK. Waters. Vision for a SmartKiosk. In ComputerVvision and Pattern
Recanition, page$690-696 SanJuan,PuertoRico, 1997.

[12] J. M. Rehg,U. RamachandrarR. H. Halstead,Jr., C. Joeg, L. Kontothanassisand R. S. Nikhil.
Space-imeMemory: A ParallelProgrammingAbstractionfor DynamicVision Applications.Technical
ReportCRL 97/2,Digital EquipmentCorp.CambridgeResearch.ab, April 1997.

[13] J. SubhlokandG. Vondran. Optimal Lateng/-Throughpu Tradeofs for DataparallelPipelines.Proc.
8th Symposiunon Parallel Algorithmsand Architectuie (SFAA), Junel996.

[14] M. SwainandD. Ballard. Color Indexing. Intl J. of Computeision, 7(1):11-32,1991.

[15] K. WatersandT. Levergood. An AutomaticLip-SynchronizatiorAlgorithm for SyntheticFaces.Mul-
timediaToolsand Applications 1(4):349—-366Nov 1995.

[16] K. Waters,J. M. Rehg,M. Loughlin, S. B. Kang,andD. Terzopoulos.Visual Sensingof Humansfor
Active PublicInterfacesIn ComputeMisionfor Human-Madinelnteraction pages83—-96.Cambridge
University Press,1998.

16



