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Abstract

A largeemergingclassof interactivemultimediastream-
ing applicationsthatarehighlyparallel canberepresented
as a coarse-grain, pipelined,data-�ow graph. One com-
moncharacteristicof theseapplicationsis their useof cur-
rent data: A task would obtain the latest data from pre-
cedingstages,skippingover older data itemsif necessary
to perform its computation.Whenparallelized, such ap-
plicationswasteresourcesbecausethey processand keep
data in memorythat is eventually droppedfrom the ap-
plication pipeline. To overcomethis problem,we havede-
signedand implementedan AdaptiveResource Utilization
(ARU) mechanismthat usesfeedback to dynamicallyad-
juststhe resourceseach taskrunning threadutilizesso as
to minimizewastedresource useby theentire application.
A color-basedpeopletracker applicationis usedto explore
the performancebene�ts of the proposedmechanism.We
showthat ARU reducestheapplication'smemoryfootprint
by two-thirdscomparedto our previouslypublishedresults,
while also improving latencyand throughputof the appli-
cation.

1. Intr oduction

Resource Utilization is the ef�cient use of resources
given to an application. Unlike ResourceManagement
schemes,such as QoS and scheduling,which are con-
cernedwith allocation of resourcesto an application,Re-
sourceUtilization targetsthe economicaluseof resources
alreadyallocatedto anapplication.For example,if asched-
uler provides an application thread pool with a set of
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Figure 1. Vision Application pipeline.

CPU time-slices,the rules by which resourcesare man-
agedamongthesethreadswould be characterizedastheir
resourceutilizationpolicy.

Ef�cient resourceutilization is consideredprimarily the
responsibilityof applicationdevelopers,whohaveavastset
of staticanalysismethodologiesandtoolsat their disposal.
However, many applicationssuchasstreamingmultimedia
applicationsare affectedby dynamicphenomenasuchas
currentload,for whichsuchtoolsareinapplicable.

Ourmotivationto suggestadynamicresourceutilization
mechanismstemsfrom our uniqueperspective of reduc-
ing wastedresourceusage.To betterunderstandour goal,
it is important to understandthe characteristics,structure
anddynamicsof parallelstreamingapplicationsthatwetar-
get.Figure1 illustratesan exampleof a simplestreaming
visionapplicationpipeline.

The mostimportantcharacteristiccommonto this class
of applicationsis the needfor representingtemporaldata.
Therefore,associatingeverypieceof datawith atimestamp,
allows for an index into thevirtual (or wall-clock) time of
the application.Sucha timestamptag preserves the tem-
poral locality of data,which is requiredduringanalysisby
many multimediaalgorithmsand interactive applications.
For example,a stereomodulein an interactive vision ap-
plication may requireimageswith corresponding1 times-
tampsfrom multiple camerasto computeits output,or a
gesturerecognitionmodulemay needto analyzea sliding

1 Correspondingtimestampscouldbe timestampswith the samevalue
or with valuescloseenoughwithin apre-de�nedthreshold.



window over a video stream.Providing supportat the run
time systemlevel for handlingtime caneasetheprogram-
ming effort requiredto write and maintaintheseapplica-
tions.

In addition,applicationpipelinesconsistof independent
tasksimplementedby a singleor a groupof threads.The
structureof eachtasktypically consistsof repeatedlyget-
ting datafrom input buffers, processingit, andproducing
new data.Thesetasksrunindependentlyin parallelbut have
input dependenciesbetweenthemthat are inherentin the
applicationtask-graphstructure.Tasksalso have variable
executionratesbasedon their internalruntimecomplexity
andresourceavailability in theparallelenvironment.Such
variableexecutionratescreatea productiondifferentialbe-
tweentasks,creatinga needfor communicationbuffersbe-
tweenthreads.

Stampede[19, 24, 23] is a run-time systemdesigned
to provide abstractionsand systemsupportto help write
suchstreamingmediaapplications.Oneavailableabstrac-
tion is calleda timestamp, which is associatedwith every
dataitem,producedor consumedby any applicationthread.
Otherabstractions,suchasChannelsandQueues, provide
dataelementswith system-wideuniquenames,andserve
as containersor buffers for storing time-sequenceddata
items.They facilitateinter-threadcommunicationandsyn-
chronization,regardlessof thephysicallocationof threads.
Sincetasksin successive pipeline stagesdo not have the
samerate of consumption/production, a task may have to
drop or skip-over staledatato accessthe mostrecentdata
from its input buffers.Consumingfreshdatahelpsensure
theproductionof freshoutput,anecessaryconditionfor in-
teractive multimediapipelines.ChannelsandQueuesalle-
viate the problemof variableproduction/consumptionrate
by allowing non-FIFOandout-of-orderaccessto dataitems
sometimesrequiredin suchapplicationpipelines.

Skippingof datamaybeimportantto preservetheinter-
activenatureof applications,but asa sideaffect thesystem
sustainsdataitemsthatareeventuallydropped.Ef�cient im-
plementationof theapplicationwill attemptto minimizere-
sourceutilization wastedin maintainingsuchdata.Stam-
pederun-timesystemcontainsgarbagecollection(GC) al-
gorithms[18, 6, 14] basedon timestampvisibility that free
dataelementsassoonas the run-timesystemcanbe cer-
tain that they arenot going to be usedby the application.
TheseStampedeGC algorithmsdiffer from traditionalGC
in their logic governinggarbagecollectionin that they as-
sertdatawill notbeusedin thefuture.TraditionalGC con-
cepts,on theotherhand,regardadataelementasagarbage
only if it not reachableby any oneof thethreadsthatcom-
posethecomputation.

GC algorithmsmay help alleviate the problemby free-
ing unwanteddataafter it hasalreadybeencreated,how-
ever it would be best if wasteditems are never produced

in the �rst place,saving both processing,networking, and
memoryresources.Staticdeterminationof unneededitems
cannotbemadedueto theinteractive natureof suchappli-
cations.The only way to eliminatewastefulresourcecon-
sumptionis by dynamicallycontrolling and matchingthe
dataproductionof eachthreadwith theoverall application
rate.

In this paper, we proposean Adaptive ResourceUti-
lization (ARU) mechanismthat uses feedbackto in�u-
enceutilization amongapplicationthreadsandminimizes
the amountof wastedresourcesconsumedby interactive
streamingmultimedia applications.The mechanismpro-
videstheproductionrateof eachpipelinestageasfeedback
to earlierstages.This feedbackhelpseachstageadaptits
own productionrateto suit thedynamicneedsof theappli-
cation.

We usea color-basedpeopletracker applicationto ex-
plore the performancebene�ts of the proposedalgorithm.
We show that comparedwith our former publishedre-
sults, the ARU mechanismreducesthe memoryfootprint
by nearly two-thirdswhile simultaneouslyimproving per-
formancemeasuressuchaslatency andthroughput.

In section2 wereview andcomparerelatedwork. In sec-
tion 3 wedescribetherun-timeinstrumentationthatenables
theARU optimization.In section4 we explain our perfor-
manceevaluationmethodology.Wepresentcomparativere-
sultsin section5, andconclusionsin section6.

2. RelatedWork

The Adaptive ResourceUtilization (ARU) mechanism
we proposestrivesto optimizeresourceusageto bestmeet
resourceavailability. Prima facie, this mechanismseems
similar to thenotion of Quality of Service(QoS)in multi-
mediasystemsbut is quietdifferent.Firstly, ARU dealswith
optimizing resource utilization, asopposedto QoS,which
we categorizeasa resource managementsystem.In other
words,ARU doesnot guaranteea speci�c level of service
quality like QoS. Instead,it makessurethat threadsexe-
cutetasksat anequilibriumratesuchthatresourcesarenot
wastedon computationsandon producingdatathatwould
eventuallybe thrown away. Therefore,while ARU allows
an applicationto voluntarily reduceits resourceconsump-
tion on the inferencethat usingmoreresourceswould not
improve performance,QoS forcesa reductionin resource
consumptionif it cannotmeeta certainservicelevel. QoS
is notconcernedwith inef�cient useof resourcesaslongas
aservicequality is maintained.Thus,wecanconsiderARU
to beorthogonalto QoSprovisioning.

Most QoS provisioning systemswork at the level of
theoperatingsystem,e.g.,reservingnetwork bandwidthfor
anapplicationor impactingtheschedulingof threads.Our
ARU mechanism,residesin the programmingruntimeen-



vironmentabove the OS-level. QoSprovisioning typically
requiresthe applicationwriter to understand,andin many
casesspecify, the application's behavior for different lev-
elsof service(see[32, 1, 29, 16]). However, ARU requires
little developerinvolvement.

Similaritiesto ARU canalsobedrawnfrom theextensive
work donein thedomainof real-timescheduling,especially
from thosethat usefeedbackcontrol. However, thereare
fundamentaldifferencesbetweenthem.First andforemost,
similar to QoS,real-timeschedulingis a resourcemanage-
ment mechanism.The primary aim of real-timeschedul-
ing is to ensurethat dataprocessingcomplieswith appli-
cationdeadlines.ARU, on theotherhand,attemptsto min-
imize wastedresourcesby exploiting availableknowledge
aboutdatadependencies.ARU thereforetakesadvantageof
inter-applicationdependencieswhereasreal-timeschedul-
ing make no suchexploit and usesonly global informa-
tion aboutall applications.The global knowledgeis read-
ily availablein the OS,wherereal-timeschedulingis typ-
ically performed.However, internaldata-dependenciescan
befoundonlywithin anapplicationor arun-timesystemde-
signedfor a particularclassof applications(suchasStam-
pede).ARU makesuseof this informationfrom theStam-
pederuntimeimplicitly derivedby theinput/outputconnec-
tionsmadebetweenthreads.

Real-time scheduling also includes reservation style
schedulingworks where different threadsmust �rst re-
serve their CPU time to be allowed use of the re-
sources[30, 8, 28, 27, 17]. Thesediffer from our ap-
proachin (1) they are all schedulingtechniques,(2) are
instrumentedin the kerneland(3) requireexpert develop-
ersto supplyaccurateperiod/proportionreservation.There
aresystemsthatalleviatetherequirementof accuratereser-
vation informationby usingfeedback:The Real-Rate[27]
mechanismremovesthedependency on specifyingtherate
of real-timetasks.

More traditionalreal-timeschedulerssuchasEDF [12],
RM [12] andSpring[33] areall open-loopstaticschedul-
ing algorithmsthatrequirecompleteknowledgeabouttasks
and their constraints.Variants like FC-EDF [13], simi-
lar to Adaptive EarliestDeadline(AED) [7] in real-time
databases,usefeedbackto improve miss-ratioin resource
constrainedenvironmentsby increasingpriority (AED) or
increasingCPUutilization (FC-EDF).

Other hybrid schedulerssuch as SMART [17], and
BERT [2] handle both real-time and non-real-timeap-
plications simultaneously. Both use feedback to allow
for the coexistenceof real-time and non-real-timeappli-
cations types by stealing resourcesfrom non-real-time
applicationsto give to real-timealgorithms.

Recent adaptive schedulingworks consider resource
constrainedenvironmentsotherthanlimited CPU,e.g.,high
memorypressure[20]. Here,threadsareput to sleepto pre-

vent thrashingwhile experiencinghigh memorypressure.
Although our approachalso involvessleepingof threads,
we do sonot to avoid resourceconstraintsbut to avoid us-
ing resourceson computing unneededdata altogether.
Avoiding wasted computation indirectly reducesmem-
ory pressureby usinglessresourcesto begin with.

MassalinandPu[15] introducedthe ideaof usingfeed-
backcontrol loopssimilar to hardwarephaselocked loops
in real-timescheduling.Their approachdealswith adap-
tively giving moreunusedresourcesto threadsthat require
themor give priority to threadsthatneedthemmorebased
on feedbackinformation.The Swift toolbox wasalso de-
veloped [21, 3, 5] to allow portabilityof thefeedbackcon-
trol mechanismfrom its OS test bed, the SynthesisKer-
nel [22]. However, thesemechanismstry to improve upon
scheduling(resourcemanagement)anddo not try to elim-
inatewastedresourceusage(resourceutilization). Thereis
alsoaspecialneedfor applicationmodi�cation to usethese
feedbackmechanismsasshown in works [4, 26] whereas
ourmechanism,instrumentedin theStampederuntimesys-
tem, is availableby default to applicationwriters that use
the runtime. In addition, the feedbackcontrol loop work
of MassalinandPu [15] dealswith feedback�lter s, where
feedbackinformationis �rst �ltered beforepropagatedback
to the algorithm.Currently, ARU doesnot includethe no-
tion of �lters, althoughit is anaturalextensionof ourwork.

It is important to note that giving more resourcesto
bottleneckthreadsin the pipelinewould improve the per-
formanceof the overall pipelineapplication.However, we
deal with scenarioswhere the option of more resources,
e.g.,CPU or threadsto the bottlenecktask has beenex-
hausted.Such cases,i.e.,problemsof dynamic resource
managementarehandledby feedbackbasedschedulingal-
gorithms[15, 21, 4, 3, 26, 5] wherebottleneckthreadsare
givenmoreresourcesto improvetheir throughput.

BothARU andGCaresimilarin thatthey aredynamicin
nature,andhave thecommongoalof freeingresourcesthat
arenotneededby anapplication.However, theARU mech-
anismis complementaryto bothtraditionalGC [31, 9] and
TimestampbasedGC in streamingapplication[18]. Tradi-
tional GC algorithmsconsidera data item to be garbage
only if it is not “reachable”by any threadin the applica-
tion. On the otherhand,TimestampbasedGC algorithms
suchasDeadTimestampGC(DGC) [6] usevirtual time in-
ferencesto de�ne garbage.Theseare data items that the
applicationwill not usein the future. ARU goesonestep
further, andattemptsto prevent the creationof dataitems
that will not be usedat all by examining the consump-
tion/productionpatternsof the application.Unlike GC al-
gorithms,ARU directly affectsthepaceof dataproduction
andmatchesit with availablesystemresourcesandapplica-
tion pipelineconstraints.It shouldbe noted,however, that
the ARU mechanismdoesnot eliminatethe needto deal



with garbagecreatedduringexecution,althoughit reduces
themagnitudeof theproblem.

3. ARU via FeedbackControl

In this sectionwe presentour distributed ARU via a
FeedbackControlLoop thatminimizesthecreationof un-
useddatain streamingapplications.

3.1. FactorsDetermining Rateof Tasks

Pipelinedstreamingapplicationssuchas the one illus-
tratedin �gure 1, have similaritieswith systolic architec-
tures[11]. It is thereforeusefulto talk abouta rateof exe-
cutionfor theentirepipeline.This is therateatwhichapro-
cessedoutputis emittedfrom the right endof thepipeline
asfreshinput is beingprovided from the left end.Ideally,
every pipeline stageshouldoperateat the samerate such
thatno resourcesarewastedat any stage.However, in con-
trast to a systolicarchitecture,the rate is differentat each
pipelinestageof a streamingapplication.Intrinsically, the
rateof eachpipelinestageis determinedby the changing
sizeof theinputdata,andtheamountof processingrequired
on it. Sincecomputationis data-dependent(for example,
looking for a speci�c object in a video frame),the execu-
tion time of a task for eachloop iterationdepictedin �g-
ure2 mayvary. Additionally, theactualtaskexecutiontime
is subjectto the vagariesof OS schedulingandcomputa-
tional loadonthemachine.Unfortunately, theseparameters
arefully known only at run time.

3.2. Eliminating WastedResources

As discussedearlier, skippingover unwanteddatamay
allow anapplicationto keepup with its interactive require-
ments,but it doesnot allow savings on computationsal-
ready executedto producesuch data. We use the term
wastedcomputationto denotetaskexecutionsthatproduce
data eventually unusedby downstreamthreads.Unfortu-
nately, a priori knowledge of parametersdescribedear-
lier (section3.1) is requiredto eliminatewastedcomputa-
tion. Even thoughthe future cannotbe determinedat any
point in time, virtual time (VT) systemssuch as Stam-
pede,allow inferencesto be madeabout the future local
virtual time using task-graphtopology. This techniqueis
usedto eliminateirrelevant resourceusage.Stampedeas-
sociatesa notion of virtual time with each thread in a
pipelinedapplication.Furthermore,dataproducedby each
threadis taggedwith a virtual timestamp.In our earlier
work [6], we proposedGC algorithmsfor eliminatingup-
streamcomputations(i.e.,computationsperformedatearlier
stagesof the task-graph)using the virtual timesof times-
tampeddatarequestsmadeby downstreamthreads.How-

ever, suchtechniqueshave shown limited success[6]. The
causefor thisphenomenonis thatin many interactiveappli-
cationpipelines,upstreamthreads(suchasthe digitizer in
�gure 1) tendto bequicker thandownstreamthreads(such
asan imagetracker). As a result,it generallybecomestoo
lateto eliminateupstreamcomputationsbasedon local vir-
tual timeknowledge.Thereis,however, anotherpieceof in-
formationthat is embeddedin the task-graphthatcanhelp
therun-timesystemto predictwastedcomputations.If pro-
cessingrateof downstreamstagesweremadeavailableto
theruntimesystem,it wouldbecomepossibleto controlthe
rateof productionof timestampeditems in earlier stages.
This would retroactively eliminateunwantedcomputation
beforedataproduction.

3.3. Distributed ARU

We now describea distributedalgorithmwherebytasks
constantlyexchangelocal informationto changetheir rate
of dataitemproduction.

Figure 2. Measuring the SustainableThr eadPeriod (STP)

3.3.1. SustainableThr eadPeriod We de�ne sustainable
threadperiod(STP)asthetimeit takesto executeoneitera-
tion of a threadloop.STPis dynamicallycomputedlocally
by athreadwith clockreadingstakenattheendof eachloop
iteration(see�gure 2). Sincethe STPis measuredat run-
time, it capturesall factorsaffecting the executiontime of
a thread.It is importantto notethatblockingtime(i.e.,time
spentwaiting for anupstreamstageto producedata)is not
includedin the STP. In essence,a current-STPvaluecap-
turestheminimumtime requiredto produceanitem given
presentload conditions.This current-STPis usedasfeed-
back to computethesummary-STPdescribedbelow, which
is in-turn propagatedback upstreamas more feedbackto
othertasksin thepipeline.

3.3.2. Computation of Summary-STP and Backward
Propagation For generalityin theARU algorithm,a node



mayeitherbeathread, channel, or aqueue. Eachnodehasa
backwardSTPvectorthatcontainssummary-STPsreceived
from downstreamnodes(see�gure 3). Using this vector,
alongwith thecurrent-STPgeneratedby thenodeitself (if
this is a threadnode),eachnodecomputesa summary-STP
valuelocally, that is thenpropagatedto upstreamnodeson
everyput/get2 operation.

Givenbelow is thealgorithmfor propagatingandcom-
putingthesummary-STP:

� Receivesummary-STPvaluefrom outputconnectioni
from downstreamnodes(�gure 3).

� UpdatebackwardSTP[i] with received summary-STP
value.

� Computecompressed-backwardSTPvalueby applying
min/maxoperatorto backwardSTPvector.

� If node is a thread, compute summary-STP=
max(compressed-backwardSTP, current-STP)

� Else(nodeis a channelor a queueandthereforedoes
not generatecurrent-STP values) summary-STP=
compressed-backward-STP.

� Propagatesummary-STPto nodes earlier in the
pipeline.

Thecomputationof thecompressed-backwardSTPvalue
representscompressingthe execution rate knowledge of
consumernodes.This computationcan be either doneby
usingthedefault min operator, which is a conservative ap-
proach,or with the help of a user-de�ned function that
capturesdata-dependenciesbetweenconsumernodes.For
completedata-dependency betweenall consumersnodes,
the max operatorcan be used (�gure 4). Any function
other than the default min operatorrequiresthe applica-
tion writer to understandthe data-dependenciesthat exist
betweenconsumernodessoasto decidewhich nodesdic-
tatethecompressed-backwardSTPvaluewithouthurtingthe
current-nodethroughput.Theminoperatoris thedefaultop-
eratorasit doesnot affect throughputandis safeto usein
all data-dependency cases.

In the exampleshown in �gure 3, nodeA hasoutput
connectionsto nodesB-F. The downstreamnodesB-F re-
port summary-STPvaluesof 337,139,273,544,and420,
respectively to node A. Considersuch a pipeline where
nodesB-F areendpointsof the computation.In this case,
nodeA sustainsthe fastestconsumer(C) with the small-
estsummary-STPby usinga min operationto computethe
compressed-backwardSTP. Considerthepipelineshown in

2 In the speci�c context of Stampede,put/get operationsallow insert-
ing andretrieving timestampeddatato/fromgloballyaccessibleStam-
pedebuffers called channelsandqueues. However, suchoperations
couldbegeneralizedto write/readoperationsonany givenbuffer data-
structure.

Figure 3. STP propagationusing the backwardSTPVec

Figure 4. Using the Max() operator

�gure 4. In this case,A is a threadconnectedto dataab-
stractionsrepresentedby nodesB-F, which arein turn con-
nectedto a consumerG. With this data-dependency knowl-
edge,nodeA canusea maxoperationon thebackwardST-
PVec to get the highestsummary-STPvalueandtherefore
getanaggressive reductionin productionrateto matchthe
slowest consumer. This is acceptablein a pipeline where
nodeG dictatesthe throughputof the entire pipeline and
producingmoredatawouldonly bewasteful.

Thesummary-STPvalueis thencomputedby applyinga
maxoperatorbetweenthecompressed-backward-STPvalue
and the current-STPvalue of the node.Note only thread
nodesgeneratecurrent-STPfeedbackvalues.This allows a
threadwith a larger periodthanits consumersto insert its
executionperiodinto thesummary-STP.

Oncethe summary-STPvalueis computed,it is propa-
gatedto upstreamnodes.Sourcethreads,i.e.,threadson the
left of thepipelinein �gure 1, usethepropagatedsummary-
STPinformationto adjusttheirrateof dataitemproduction.
Ourresultsshow thatthiscascadingeffect indirectlyadjusts
theproductionrateof all upstreamthreads.

Both thecomputationandpropagationof summary-STP
valuesoccurin a distributedmannerin thepipeline,i.e.,the
computationis completelylocal to a node,andvaluesare
exchangedwith neighboringnodesby piggy-backingthem
on every put/get2 operation.This mechanismhasscalabil-
ity advantagesover a centralizedapproachusedelsewhere.
e.g.,in schedulingandQoSsystems(section2) management
is handledby a centralentity suchasascheduler. However,



a distributedmechanismdoesraiseissuesof systemreac-
tion time.Theworstcasepropagationtime for a summary-
STPvalueto reachtheproducerfrom the lastconsumerin
the pipeline is equalto the time it takesfor an item to be
processedandbe emittedby the application(i.e.,latency).
This is dueto thefactthatasdataitemspropagateforward
in theprocessingpipeline,summary-STPvaluespropagate
onestagebackwardson thesameput/getoperation.

Onestability problemthat we encounteris noisein the
summary-STPvaluesemitted by consumers.This results
in non-smoothproductionratefor producerthreads.Recall
that the summary-STP, or the executiontime for a taskit-
erationrun by a thread,is largely affectedby the amount
of resources(suchasCPU) given to the threadby the un-
derlyingOS.Variancesin theOSschedulingof threadsre-
sult in variancesin theexecutiontime of taskiterationsrun
by thesethreads.We observe thatconsumertasksintermit-
tently emit largeor smallsummary-STPvalues.Suchnoise
canbesmoothedout by applying�lter s alsousedby other
feedbacksystems[21, 3, 5]. Filtersto smoothsummary-STP
noisehave currentlynot beenimplementedin ARU andis
left for futurework.

3.3.3. Assumptions TheARU algorithmis predicatedon
thefollowing two assumptions:

� Threadsalways requestthe latestitem from its input
sources;and

� To achieve optimal performance,the applicationtask
graphis madeavailableto theruntimesystem.

No additionalapplicationinformationis neededfor the
ARU algorithm.It is possiblethatapplicationde�ned func-
tions for computing the summary-STPvalues for each
pipeline stagemay lead to betterperformanceand/or re-
sourceusage.However providing suchknobsto the appli-
cationincreasesprogrammingcomplexity andhenceis not
consideredin this study.

4. Implementation and Performance Evalua-
tion Methodology

WehaveusedtheStampededistributedprogrammingen-
vironment as the test-bedfor our ARU mechanism.Im-
plementedin C, Stampedeis available as a cluster pro-
gramminglibrary for a varietyof platformsincludingx86-
Linux andx86-WIN-NT. The implementationof ARU in-
cluded adding a special API call (periodicity sync()) to
theStampederuntime.This call computesthecurrent-STP
valuefor a speci�c thread.Eachthreadis requiredto call
this function at the end of every thread iteration loop.
In addition we modi�ed the Stampederuntime to piggy-
back the summarySTPvalueson existing put/getcalls to
channelsand queues.To allow the applicationto specify

producer/consumerdependenciesto the underlying ARU
mechanism,aparameterwasaddedtoall channel/queueand
threadcreationAPIs (e.g.,. spdchan alloc()). As described
earlier, this graphdependency informationis optional,and
thedefault conservativeminoperatorassumesnographde-
pendenciesandallowsproducersto slow down to thefaster
consumer. Otheruser-de�ned dependency-encodedopera-
tors,suchasthemaxoperator, canbe usedto increasethe
aggressivenessof reducingwastedresourceutilization.

A color-basedpeopletracker application(�gure 5) de-
velopedat CompaqCRL [25] is usedto evaluatethe per-
formancebene�t of the ARU algorithm. The tracker has
� ve tasksthat are interconnectedvia Stampedechannels.
Eachtask is executedby a Stampedethread.The applica-
tion consistsof (1) a Digitizer task that outputsdigitized
frames;(2) a Motion Maskor Backgroundtask that com-
putesthe differencebetweenthe backgroundandthe cur-
rentimageframe;(3) aHistogramtaskthatconstructscolor
histogramof thecurrentimage;(4) a Target-Detectiontask
that analyzeseachimagefor an objectof interestusinga
color model;and(5) a GUI task that continuallydisplays
thetrackingresult.Note that therearetwo target-detection
threadsin �gure 5 whereeachthreadtracksa speci�c color
model.The color-basedpeopletracker applicationwith its
fairly sophisticatedtask-graphprovidesa realisticenviron-
mentto explore theresource-savingsmadepossibleby the
ARU algorithm.

The performanceof the applicationis measuredusing
the following metrics: latency, throughput, and jitter. La-
tency measuresthe time it takesan imageto make a trip
throughthe entire pipeline.Throughputis the numberof
successfulframesprocessedevery second.Jitter, a met-
ric speci�cally suitedfor streamingapplications,indicates
theaveragechangein the time differencebetweensucces-
sive outputframes.Mathematically, jitter is representedas
the standarddeviation of the time differencebetweensuc-
cessive output frames.Jitter thereforeis a measureof the
smoothnessof theoutputframerateor throughput.

The resourceusageof the applicationis measuredus-
ing the following metrics: memoryfootprint, percentage
wastedmemory, andpercentagewastedcomputation.Mem-
ory footprint providesa measureof the memorypressure
generatedby the application.Intuitively, it is the integral
over theapplicationmemoryfootprint graph(Figures8,9).
Meanmemoryfootprint is the memoryoccupancy for all
the items in variousstagesof processingin the different
channelsof the applicationpipeline averagedover time.
The mean memory footprint is computedas: M U� =
�( M Ut i +1 � (t i +1 � t i ))=(tN � t0)

Standard deviation of the memory footprint met-
ric is a good indicator of the “smoothness”of the to-
tal memory consumption;the higher the deviation the
higher the expected peak memory consumption by
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the application. This metric is computedas: M U� =p
�(( M U� � M Ut i +1 )2 � (t i +1 � t i ))=(tN � t0)
Total computationis simply the work done(execution

time) by all tasks in the different stagesof the applica-
tion pipeline (excluding blocking and sleeptime). Corre-
spondingly,wastedcomputationis thecumulativeexecution
timesspenton itemsthatweredroppedatsomestagein the
pipeline.Therefore,thepercentagewastedcomputationis a
ratiobetweenthewastedcomputationandthetotal compu-
tation.Similarly, thepercentage memorywastedrepresents
theratio betweenthewastedmemory(integratedover time
just asmeanmemoryfootprint) andthe total memoryus-
ageof theapplication.Thesepercentagesarea directmea-
sureof ef�cient resourceusagein theapplication.

Pleasenotethatwe do not directly accountfor theover-
headof ARU in the metricsabove. We considerthe over-
headto be negligible relative to the resourcesusedby the
application.For example,thesummary-STPvaluesthatare
piggy backed with eachitem are only 8 byteslong, very
smallcomparedto thesizeof eachitem(typically in theor-
der of several hundredkilobytes).Also, the cost of com-
puting the summary-STPvalue is minuscule.The compu-
tation involvesa simplemin/maxoperationson very small
vectors(ordern, wheren is the numberof outputconnec-
tions from a node).This computationis doneonly onceat
theendof eachdataproductioniterationby a thread,andat
everyput/getcall onbuffers.

We have an elaborate measurementinfrastructure
for recording these statistics in the Stampederuntime.
Each interaction of an item with the operating sys-
tem (e.g.,allocation,deallocation,etc.) is recorded.Items
that do not make it to the endof the pipelinearemarked
to differentiate between wasted and successfulmem-
ory and computations.A postmortemanalysis program
usesthesestatisticsto derive the metricsof interestpre-
sentedin thispaper.

A numberof garbagecollectionandschedulingstrate-
gies have been implementedand experimentedwithin
Stampede[18, 6, 10]. Amongthesetechniques,themostre-
sourcesaving is found in the Dead TimestampGarbage
Collector (DGC) [6]. DGC is based on dead times-
tampidenti�cation, a unifying conceptthatsimultaneously

identi�es bothdeaditems(memory)andunnecessarycom-
putations(processing).Eachnode(be it a thread,a chan-
nel, or a queue)propagatesinformationaboutlocally dead
itemsto neighboringnodes.Thesenodesusethe informa-
tion in turn to determinewhich items they can garbage
collect.

Thegoalsof ARU andGarbageCollection(GC) areor-
thogonal(section2)asARU triesto reducewasteduseof re-
sourceswhereasGCtriesto reclaimresourcesalreadyused
in theapplication.To useaGCmechanismin theStampede
runtime,weuseour latestDGCalgorithmandaddtheARU
mechanismto understandtheextentof wastedresourcere-
ductionandsubsequentperformanceimprovementin appli-
cationsdueto ARU.

In anearlierwork [14], weintroducedanIdealGarbage
Collector (IGC) [14]. IGC givesa theoreticallower limit
for thememoryfootprintby performingapostmortemanal-
ysis of the execution trace of an application.IGC simu-
latesa GC thatcaneliminateall unnecessarycomputations
(i.e.,computationson framesthatdonotmake it all theway
throughthepipeline)andassociatedmemoryusage.Need-
less to say, IGC is not realizablein practicesince it re-
quiresfuture knowledgeof droppedframes.To determine
how closetheresultsareto the ideal,theARU mechanism
is comparedto IGC.

5. Experimental Results

The hardware platform usedis a 17 nodeclusterover
Gigabit Ethernetof 8-way SMPswith 550MHz Intel Pen-
tium III Xeon processorswith 2MB L2 cache.EachSMP
nodehas3.69GB of physicalmemoryandis runningRed-
hatLinux (2.4.20).All experimentsreportedin this section
are donein two con�gurations.In con�guration 1, a sin-
gle physicalnodeis usedfor all tasks,whereeachtask is
mappedto an individual thread.Every threadruns on its
own addressspace.All globalchannelsareallocatedonthis
nodeas well. In con�guration 2, � ve physicalnodesare
usedwith all � ve tasksmappedto distinct threadsin turn
runningon separatenodes.Channelsin this caseareallo-
catedonnodeswheretheir correspondingproducerthreads
are mapped.The data items emitted to channelsby the



different threadsare of the following sizes:Digitizer 738
kB, Background246 kB, Histogram981 kB and Target-
Detection68Bytes.

Theperformanceresultsgivenbelow areaveragestatis-
tics over successive executionrunsof the tracker applica-
tion.

5.1. ResourcesUsage

Con�g 1: 1 node Con�g 2: 5 nodes
Mem. % Mem. %

use(MB) wrt use(MB) wrt
STD mean IGC STD mean IGC

No ARU 4.31 33.62 387 6.41 36.81 341
ARU-min 2.58 16.23 187 2.94 15.72 145
ARU-max 0.49 12.45 143 0.37 13.09 121

IGC 0.33 8.69 100 0.33 10.81 100

Figure 6. Memory Footprint for the trac ker application

in comparison with the Ideal Garbage Collector (IGC).

Con�g 1: 1 node Con�g 2: 5 nodes
% of % of % of % of
Mem. Comp. Mem. Comp.

Wasted Wasted Wasted Wasted
No ARU 66.0 25.2 60.7 24.4
ARU-min 4.1 2.8 7.2 4.0
ARU-max 0.3 0.2 4.8 2.1

Figure 7. WastedMemory Footprint and WastedCompu-

tation Statisticsfor the trac ker application.

Memory Footprint: Figure6 shows themeanmemory
footprint in megabyteswhenARU is appliedto thebaseline
tracker application.Recallthat themeanmemoryfootprint
accountsfor memoryconsumedby all itemsin application
channels.TheIGC row showsthetheoreticallimit for mean
memoryfootprintwith anidealgarbagecollector. By elimi-
natingwastedcomputations,ARU dramaticallyreducesthe
memoryfootprint the applicationrequires,both in 1-node
and5-nodecon�gurations.In fact,resultsfor themaxoper-
atorarequitecloseto theidealgarbagecollector. For exam-
ple,in the1-nodecon�guration,ARU with themaxoperator
reducesthemeanmemoryfootprintof thetrackerby almost
two-thirdswhencomparedto the tracker footprint without
theARU mechanism.Figures8 and9 show thesamedata
in agraphicalform asafunctionof time.It providesaqual-
itativeperspective,asall graphsareshown sideby sideand
sharethe sameaxes.Onecanobserve not only how close

ARU is to IGC, but alsohow ARU reduces�uctuations in
theapplicationmemorypressureover time.

Percentageof WastedResources:Figure7 shows the
amountof wastedmemoryandcomputationin the tracker
applicationwith andwithout ARU mechanism.Whennot
using ARU, more than 60% of the memory footprint is
wastedas opposedto only lessthan 5% wastedwith the
ARU-maxoperator. Substantialsavingsarevisible for com-
putationresourcesaswell. ThustheARU mechanismsuc-
ceedsin directingalmostall resourcestowardsusefulwork.

5.2. Application Performance

Throughput Latency Jitter
(fps) (ms) (ms)

mean STD mean STD
Con�g 1: 1 node

No ARU 3.30 0.02 661 23 77
ARU-min 4.68 0.09 594 9 34
ARU-max 4.18 0.10 350 7 46

Con�g 2: 5 nodes
No ARU 4.27 0.06 648 23 96
ARU-min 4.47 0.10 605 24 89
ARU-max 3.53 0.15 480 13 162

Figure 10. Latency, Thr oughput and Jitter of the trac ker

In additionto reducingresourcewaste,theARU mech-
anismalsosucceedsin improving applicationperformance
by decreasingjitter andlatency, andincreasingthroughput
(�gure 10).

OnecanobservethateventhoughARU-maxreducesla-
tency comparedto no ARU, it performsworsein termsof
throughput(5 nodecon�guration).This is notdueto ahigh
costof theARU mechanism,but is anartifactof theaggres-
sivenesswith whichthemaxoperatorslowsdownproducers
to remove wastedresources.Thelessaggressive ARU-min
mechanismmanagesto maintaina higherthroughputat the
expenseof higherlatency andgreaterresourceusage.

The jitter causedby variations in the summary-STP
causesjitter in the productionrateaswell. Due to the ag-
gressive slowing of producersin ARU-max, coupledwith
the jitter in production,certainiterationsof producertasks
are madeslower than their consumers.This causescon-
sumerthreadsto wait for dataonbuffers.Wait for consumer
thread inadvertently decreasesthroughputfor the appli-
cation pipeline. However, as consumersare waiting for
data in buffers, items never spendtime in buffers them-
selves. This causesthe observed reduced latency for
ARU-max. It is clearfrom theseresultsthat a balancebe-
tweenaggressivenessof slowing producersandtheamount
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Figure 8. Memory Footprint con�g. 1, single node: All graphs have the same scale . Y-axis: memor y use (bytes x 107 ); X-axis:

time (micr oseconds). (left to right)(a) Ideal Garbage Collector (IGC), (b) Dead-timestamp GC (DGC) with ARU - Max Operator ,

(c) DGC with ARU - Min Operator , (d) DGC without ARU.

0.5 1 1.5 2

x 10
8

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

5.5
x 10

7

time (ms)

m
em

or
y 

us
ag

e 
(B

yt
es

)

Memory Footprint of the tracker application

IGC

0.5 1 1.5 2

x 10
8

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

5.5
x 10

7

time (ms)

m
em

or
y 

us
ag

e 
(B

yt
es

)

Memory Footprint of the tracker application

ARU�max

0.5 1 1.5 2

x 10
8

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

5.5
x 10

7

time (ms)

m
em

or
y 

us
ag

e 
(B

yt
es

)

Memory Footprint of the tracker application

ARU�min

0.5 1 1.5 2

x 10
8

0

0.5

1

1.5

2

2.5

3

3.5

4

4.5

5

5.5
x 10

7

time (ms)

m
em

or
y 

us
ag

e 
(B

yt
es

)

Memory Footprint of the tracker application

No ARU

Figure 9. Memory Footprint con�g. 2, �ve nodes: Scale and graph order same as for �gure 8.

resourceusageneedsto be maintained.We plan to ex-
plorethis relationshipfurtherin futurework.

6. Conclusionand Future Work

In this work we presentan Adaptive ResourceUtiliza-
tion (ARU) mechanismthatusesfeedbackto reducewasted
resourceusagebetweena groupof threadswithin anappli-
cation.Thismechanismis uniquein its approachfrom sim-
ilar work in traditional resourcemanagement,which have
beendedicatedto improving resourceallocationto threads
asopposeto incorporatingapplicationfeedbackon wasted
production.Our mechanismtargetsparallelstreamingmul-
timediaapplicationsthatarecomputationallyintensive and
aredesignedto dropdatawhenresourcesareinsuf�cient so
asto ensuretheproductionof currentoutput.With theARU
mechanismwe show thatdynamicadjustmentof datapro-
ductionrateis a betterapproachthandroppingdata,since
it is less wastefulof computationalresources.Our ARU
mechanismis implementedcompletelyin user-spacein the
Stampedeclusterprogrammingframework. Using a color-
basedpeopletrackerapplication,weshow thattheARU al-
gorithmachievessigni�cant reductionin wastedresources
in termsof bothcomputationandmemorywhile sustaining
andevenimproving,applicationperformance.Thethrough-
put increasein ARU-min clearly shows that ARU canim-
prove performance.However, the ARU-max resultsshow

thatbeingoveraggressivesavesmorewastedresourcesand
improves latency but at the expenseof throughput.It is
thereforeimportantto �nd theright balancebetweenwasted
resourceusageand applicationperformance.Preliminary
investigationindicatesthis is a viableavenueto pursuefor
futurework.
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