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Abstract

Alarge emeging classof interactivemultimediastream-
ing applicationsthatare highly parallel canberepresented
as a coarse-gain, 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.When parallelized, such ap-
plications wasteresouceshbecausehey processand keep
data in memorythat is eventually droppedfrom the ap-
plication pipeline To overcomethis problem,we havede-
signedand implementedan AdaptiveResouce Utilization
(ARU) medtanismthat usesfeedba& to dynamicallyad-
juststhe resoucesead task running thread utilizes so as
to minimizewastedresouce useby the entire application.
A color-basedpeopletradker applicationis usedto explore
the performancebene ts of the proposedmedhanism.We
showthat ARU reduceghe application's memoryfootprint
by two-thirdscompaedto our previouslypublishedresults,
while also improving latencyand throughputof the appli-
cation.

1. Intr oduction

Resouce Utilization is the efcient use of resources
given to an application. Unlike ResourceManagement
schemessuch as QoS and scheduling,which are con-
cernedwith allocation of resourcego an application,Re-
sourceUtilization targetsthe economicaluseof resources
alreadyallocatedo anapplication For example,if asched-
uler provides an application thread pool with a set of
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CPU time-slices,the rules by which resourcesare man-
agedamongthesethreadswould be characterizedstheir
resourceutilization policy.

Ef cient resourcautilization is consideregrimarily the
responsibilityof applicationdeveloperswho have avastset
of staticanalysismethodologiesndtoolsat their disposal.
However, mary applicationssuchasstreamingmultimedia
applicationsare affectedby dynamicphenomenauchas
currentload, for which suchtoolsareinapplicable.

Our motivationto suggesa dynamicresourcautilization
mechanismstemsfrom our unique perspectie of reduc-
ing wastedresourceusage.To betterunderstancur goal,
it is importantto understandhe characteristicsstructure
anddynamicsof parallelstreamingapplicationghatwe tar
get. Figure 1 illustratesan exampleof a simple streaming
vision applicationpipeline.

The mostimportantcharacteristicommonto this class
of applicationsis the needfor representingemporaldata.
Thereforeassociatingvery pieceof datawith atimestamp
allows for anindex into the virtual (or wall-clock) time of
the application.Sucha timestamptag preseres the tem-
porallocality of data,which is requiredduring analysisby
mary multimediaalgorithmsand interactve applications.
For example,a stereomodulein aninteractve vision ap-
plication may requireimageswith corresponding' times-
tampsfrom multiple camerago computeits output, or a
gesturerecognitionmodule may needto analyzea sliding

1 Correspondingimestampsould be timestampswith the samevalue
or with valuescloseenoughwithin a pre-de nedthreshold.



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

In addition,applicationpipelinesconsistof independent
tasksimplementedby a single or a group of threads.The
structureof eachtasktypically consistsof repeatedlyget-
ting datafrom input buffers, processingt, and producing
new data.Thesdasksrunindependentlyn parallelbut have
input dependenciebetweenthemthat are inherentin the
applicationtask-graphstructure.Tasksalso have variable
executionratesbasedon their internalruntime compleity
andresourceavailability in the parallelervironment.Such
variableexecutionratescreatea productiondifferentialbe-
tweentasks,creatinga needfor communicatiorbuffersbe-
tweenthreads.

Stampedd19, 24, 23] is a run-time systemdesigned
to provide abstractionsand systemsupportto help write
suchstreamingmediaapplications.One available abstrac-
tion is called a timestampwhich is associatedvith every
dataitem, producedr consumedy ary applicationthread.
Otherabstractionssuchas Channelsand Queuesprovide
dataelementswith system-wideunique names,and sene
as containersor buffers for storing time-sequencediata
items.They facilitateinterthreadcommunicatiorand syn-
chronizationyegardlesf the physicallocationof threads.
Sincetasksin successie pipeline stagesdo not have the
samerate of consumption/productigra task may have to
drop or skip-over staledatato accesshe mostrecentdata
from its input buffers. Consumingfresh datahelpsensure
theproductionof freshoutput,a necessargonditionfor in-
teractive multimediapipelines.Channelsand Queuesalle-
viate the problemof variableproduction/consumptiorate
by allowing non-FIFOandout-of-orderaccesso dataitems
sometimesequiredin suchapplicationpipelines.

Skippingof datamaybeimportantto preseretheinter-
active natureof applicationsput asa sideaffectthe system
sustainglataitemsthatareeventuallydroppedEf cient im-
plementatiorof theapplicationwill attemptto minimizere-
sourceutilization wastedin maintainingsuchdata. Stam-
pederun-timesystemcontainsgarbagecollection(GC) al-
gorithms[18, 6, 14] basedon timestampvisibility thatfree
dataelementsas soonas the run-time systemcan be cer
tain that they are not going to be usedby the application.
TheseStampedé&sC algorithmsdiffer from traditional GC
in their logic governinggarbagecollectionin thatthey as-
sertdatawill notbeusedin thefuture. TraditionalGC con-
ceptsontheotherhand,regarda dataelementasa garbage
only if it notreacableby any oneof thethreadshatcom-
posethe computation.

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

in the rst place,saving both processingnetworking, and
memoryresourcesStaticdeterminatiorof unneededtems
cannotbe madedueto theinteractize natureof suchappli-
cations.The only way to eliminatewastefulresourcecon-
sumptionis by dynamically controlling and matchingthe
dataproductionof eachthreadwith the overall application
rate.

In this paper we proposean Adaptive ResourceUti-
lization (ARU) mechanismthat usesfeedbackto in u-
enceutilization amongapplicationthreadsand minimizes
the amountof wastedresourcesonsumedby interactve
streamingmultimedia applications.The mechanismpro-
videstheproductionrateof eachpipelinestageasfeedback
to earlier stages.This feedbackhelpseachstageadaptits
own productionrateto suit thedynamicneedsof the appli-
cation.

We usea color-basedpeopletracker applicationto ex-
plore the performancebene ts of the proposedalgorithm.
We shawv that comparedwith our former publishedre-
sults,the ARU mechanisnreducesthe memoryfootprint
by nearlytwo-thirds while simultaneouslyimproving per
formancemeasuresuchaslateng andthroughput.

In section2 we review andcomparaelatedwork. In sec-
tion 3we describgherun-timeinstrumentatiorthatenables
the ARU optimization.In section4 we explain our perfor
manceevaluationmethodologyWe presentomparatiere-
sultsin section5, andconclusionsn section6.

2. RelatedWork

The Adaptive ResourceUtilization (ARU) mechanism
we proposestrivesto optimizeresourcausageto bestmeet
resourceavailability. Prima facie, this mechanismseems
similar to the notion of Quality of Service(QoS)in multi-
mediasystemdutis quietdifferent.Firstly, ARU dealswith
optimizing resouce utilization, asopposedo QoS,which
we cat@orizeasa resouce managementsystem.In other
words,ARU doesnot guarantee speci ¢ level of service
quality like QoS. Instead,it makes surethat threadsexe-
cutetasksat anequilibriumratesuchthatresourcesrenot
wastedon computationsandon producingdatathat would
eventually be thrown away. Therefore,while ARU allows
an applicationto voluntarily reduceits resourceconsump-
tion on the inferencethat usingmoreresourcesvould not
improve performanceQoS forcesa reductionin resource
consumptionif it cannotmeeta certainservicelevel. QoS
is notconcernedvith inef cient useof resourcegslong as
aservicequality is maintainedThus,we canconsidelARU
to be orthogonato QoSprovisioning.

Most QoS provisioning systemswork at the level of
the operatingsystemg.g.,reservingnetwork bandwidthfor
an applicationor impactingthe schedulingof threads Our
ARU mechanismresidesin the programmingruntimeen-



vironmentabove the OS-lesel. QoS provisioning typically

requiresthe applicationwriter to understandandin mary

casesspecify the applications behaior for differentlev-

elsof service(see[32, 1, 29, 16]). However, ARU requires
little developerinvolvement.

Similaritiesto ARU canalsobedravn from theextensve
work donein thedomainof real-timeschedulingespecially
from thosethat use feedbackcontrol. However, thereare
fundamentadifferencedbetweerthem.First andforemost,
similar to QoS,real-timeschedulings a resourcananage-
ment mechanism.The primary aim of real-time schedul-
ing is to ensurethat dataprocessingcomplieswith appli-
cationdeadlinesARU, onthe otherhand,attemptgo min-
imize wastedresourcedy exploiting available knowledge
aboutdatadependencie®ARU thereforetakesadvantageof
inter-applicationdependencies/hereasreal-time schedul-
ing make no such exploit and usesonly global informa-
tion aboutall applications.The global knowledgeis read-
ily availablein the OS, wherereal-timeschedulings typ-
ically performed However, internaldata-dependenciesn
befoundonly within anapplicationor arun-timesystende-
signedfor a particularclassof applications(suchas Stam-
pede).ARU makesuseof this informationfrom the Stam-
pederuntimeimplicitly derivedby theinput/outputconnec-
tionsmadebetweerthreads.

Real-time scheduling also includes resenation style
schedulingworks where different threadsmust rst re-
sene 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
instrumentedn the kerneland (3) requireexpert develop-
ersto supplyaccurateperiod/proportiorresenation. There
aresystemghatalleviatetherequiremenof accurateeser
vationinformationby usingfeedback:The Real-Ratg27]
mechanismremovesthe dependeng on specifyingthe rate
of real-timetasks.

More traditionalreal-timeschedulersuchasEDF [12],
RM [12] and Spring[33] areall open-loopstatic schedul-
ing algorithmsthatrequirecompleteknowledgeabouttasks
and their constraints.Variants like FC-EDF [13], simi-
lar to Adaptive EarliestDeadline(AED) [7] in real-time
databasegjsefeedbackto improve miss-ratioin resource
constrainedervironmentsby increasingpriority (AED) or
increasingCPU utilization (FC-EDF).

Other hybrid schedulerssuch as SMART [17], and
BERT [2] handle both real-time and non-real-time ap-
plications simultaneously Both use feedbackto allow
for the coexistenceof real-time and non-real-timeappli-
cations types by stealing resourcesfrom non-real-time
applicationdo giveto real-timealgorithms.

Recentadaptive schedulingworks considerresource
constrainearvironmentsotherthanlimited CPU, e.g.,high
memorypressurg20]. Here,threadsareputto sleepto pre-

vent thrashingwhile experiencinghigh memorypressure.
Although our approachalso involves sleepingof threads,
we do sonot to avoid resourceconstraintsut to avoid us-

ing resourceson computing unneededdata altogether
Avoiding wasted computation indirectly reducesmem-

ory pressurédy usinglessresources$o begin with.

MassalinandPu[15] introducecdthe ideaof usingfeed-
backcontrol loopssimilar to hardware phaseocked loops
in real-time scheduling.Their approachdealswith adap-
tively giving moreunusedesourceso threadshatrequire
themor give priority to threadghatneedthemmorebased
on feedbackinformation. The Swift toolbox was also de-
veloped[21, 3, 5] to allow portability of the feedbackcon-
trol mechanisnfrom its OS test bed, the SynthesisKer-
nel [22]. However, thesemechanismsry to improve upon
schedulingresourcemanagementinddo not try to elim-
inatewastedresourceusage(resourceutilization). Thereis
alsoa specialneedfor applicationmodi cation to usethese
feedbackmechanismsas showvn in works [4, 26] whereas
our mechanisminstrumentedn the Stampedeuntimesys-
tem, is available by default to applicationwriters that use
the runtime. In addition, the feedbackcontrol loop work
of MassalinandPu[15] dealswith feedbacklter s, where
feedbacknformationis rst ltered beforepropagatedhack
to the algorithm. Currently ARU doesnot includethe no-
tion of lters, althoughit is anaturalextensionof our work.

It is importantto note that giving more resourceso
bottleneckthreadsin the pipelinewould improve the per
formanceof the overall pipeline application.However, we
deal with scenarioswherethe option of more resources,
e.g.,CPU or threadsto the bottlenecktask has beenex-
hausted.Such cases,i.e.,problemsof dynamic resouce
mangementarehandledby feedbackbasedschedulingal-
gorithms[15, 21, 4, 3, 26, 5] wherebottleneckthreadsare
givenmoreresources$o improvetheir throughput.

Both ARU andGC aresimilarin thatthey aredynamicin
nature andhave the commongoal of freeingresourceshat
arenotneededy anapplication However, the ARU mech-
anismis complementaryo bothtraditionalGC [31, 9] and
TimestampbasedGC in streamingapplication[18]. Tradi-
tional GC algorithmsconsidera dataitem to be garbage
only if it is not “reachable”by ary threadin the applica-
tion. On the otherhand, TimestampbasedGC algorithms
suchasDeadTimestampGC (DGC) [6] usevirtual timein-
ferencesto de ne garbage Theseare dataitems that the
applicationwill not usein the future. ARU goesone step
further, and attemptsto preventthe creationof dataitems
that will not be usedat all by examining the consump-
tion/productionpatternsof the application.Unlike GC al-
gorithms,ARU directly affectsthe paceof dataproduction
andmatchest with availablesystenresourcesandapplica-
tion pipeline constraintslt shouldbe noted,however, that
the ARU mechanisndoesnot eliminate the needto deal



with garbagecreatedduring execution,althoughit reduces
themagnitudeof the problem.

3. ARU via FeedbackControl

In this sectionwe presentour distributed ARU via a
FeedbaclControl Loop that minimizesthe creationof un-
useddatain streamingapplications.

3.1. FactorsDetermining Rate of Tasks

Pipelinedstreamingapplicationssuchasthe oneillus-
tratedin gure 1, have similarities with systolic architec-
tures[11]. It is thereforeusefulto talk abouta rate of exe-
cutionfor theentirepipeline.Thisis therateatwhichapro-
cessedutputis emittedfrom the right end of the pipeline
asfreshinput is beingprovided from the left end.Ideally,
every pipeline stageshould operateat the samerate such
thatno resourcesrewastedat ary stage However, in con-
trastto a systolicarchitecturethe rateis differentat each
pipeline stageof a streamingapplication.Intrinsically, the
rate of eachpipeline stageis determinedby the changing
sizeof theinputdata,andtheamountof processingequired
on it. Since computationis data-depender(for example,
looking for a speci ¢ objectin a video frame), the execu-
tion time of a taskfor eachloop iterationdepictedin g-
ure2 mayvary. Additionally, theactualtaskexecutiontime
is subjectto the vagariesof OS schedulingand computa-
tionalload onthemachine Unfortunatelytheseparameters
arefully known only atruntime.

3.2. Eliminating WastedResources

As discusseckarlier skippingover unwanteddatamay
allow anapplicationto keepup with its interactve require-
ments,but it doesnot allow savings on computationsal-
ready executedto producesuch data. We use the term
wastedcomputatiorto denotetaskexecutionsthatproduce
data eventually unusedby downstreamthreads.Unfortu-
nately a priori knowledge of parameterslescribedear
lier (section3.1) is requiredto eliminatewastedcomputa-
tion. Even thoughthe future cannotbe determinedat ary
point in time, virtual time (VT) systemssuch as Stam-
pede,allow inferencesto be madeaboutthe future local
virtual time using task-graphtopology This techniqueis
usedto eliminateirrelevant resourceusage Stampedeas-
sociatesa notion of virtual time with eachthreadin a
pipelinedapplication.Furthermoredataproducedby each
threadis taggedwith a virtual timestamp.In our earlier
work [6], we proposedGC algorithmsfor eliminating up-
streamcomputationgi.e.,computationperformedatearlier
stagesof the task-graph)usingthe virtual times of times-
tampeddatarequestamadeby downstreamthreads How-

ever, suchtechniquesave shawvn limited succesg$6]. The
causdor thisphenomenors thatin mary interactve appli-
cation pipelines,upstreanthreads(suchasthe digitizer in
gure 1) tendto be quicker thandownstreanthreadssuch
asanimagetracker). As a result,it generallybecomegoo
lateto eliminateupstreanrcomputationdasedon local vir-
tualtime knowledge Thereis, however, anothempieceof in-
formationthatis embeddedn the task-graphthat canhelp
therun-timesystemto predictwastedcomputationslf pro-
cessingrate of downstreamstagesvere madeavailableto
theruntimesystemjt would becomepossibleto controlthe
rate of productionof timestampedtemsin earlier stages.
This would retroactvely eliminate unwantedcomputation
before dataproduction.

3.3. Distributed ARU

We now describea distributedalgorithmwherebytasks
constantlyexchangelocal informationto changetheir rate
of dataitem production.

Start Loop Execution {

Code executed

Thread Blocks, Waits for Data ‘

} I* End Loop Execution */

Code executed

Figure 2. Measuring the SustainableThr ead Period (STP)

3.3.1. SustainableThreadPeriod We de ne sustainable
threadperiod(STP)asthetimeit takesto executeoneitera-

tion of athreadloop. STPis dynamicallycomputedocally

by athreadwith clockreadingsakenattheendof eachioop

iteration(see gure 2). Sincethe STPis measuredat run-

time, it capturesall factorsaffecting the executiontime of

athread.t is importantto notethatblockingtime (i.e. time

spentwaiting for an upstreanstageto producedata)is not

includedin the STP In essencea current-STPvalue cap-
turesthe minimum time requiredto produceanitem given

presentioad conditions.This current-STPis usedasfeed-
badk to computethe summary-STRescribedelow, which

is in-turn propagatedack upstreamas more feedbackto

othertasksin the pipeline.

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



mayeitherbeathread channe| oraqueue Eachnodehasa
badkwardSTPvectorthat containssummary-STPgeceved
from downstreamnodes(see gure 3). Using this vector,
alongwith the current-STPgeneratedy the nodeitself (if
thisis athreadnode),eachnodecomputesa summary-STP
valuelocally, thatis thenpropagatedo upstreanmodeson
every put/get operation.

Givenbelaw is the algorithmfor propagatingand com-
putingthesummary-STP

Receve summary-STRaluefrom outputconnectiori
from downstreamrmodes( gure 3).

UpdatebadkwardSTP[i] with receved summary-STP
value.

Computecompessed-badovardSTPvalueby applying
min/maxoperatorto badkwardSTPvector

If node is a thread, compute summary-STP=
max(compessed-badavardSTRcurrent-STP)

Else(nodeis a channelor a queueandthereforedoes
not generatecurrent-STP values) summary-STP=
compessed-bdovard-STR

Propagate summary-STPto nodes earlier in the
pipeline.

The computatiorof thecompessed-badovardSTPvalue
representcompressingthe execution rate knowledge of
consumemodes.This computationcan be either done by
usingthe default min operatorwhich is a consenrative ap-
proach,or with the help of a userde ned function that
capturesdata-dependencidsetweenconsumemodes.For
completedata-dependenchetweenall consumersodes,
the max operatorcan be used ( gure 4). Any function
other than the default min operatorrequiresthe applica-
tion writer to understandhe data-dependencidhat exist
betweenconsumenodesso asto decidewhich nodesdic-
tatethecompessed-baovardSTPvaluewithouthurtingthe
current-node¢hroughputTheminoperatoiis thedefaultop-
eratorasit doesnot affect throughputandis safeto usein
all data-dependencases.

In the exampleshavn in gure 3, node A hasoutput
connectiongo nodesB-F. The downstreamnodesB-F re-
port summary-STRaluesof 337,139,273,544,and 420,
respectiely to node A. Considersuch a pipeline where
nodesB-F areendpointsof the computationlIn this case,
nodeA sustainsthe fastestconsumer(C) with the small-
estsummary-STBy usinga min operationto computethe
compessed-bdavardSTPR Considerthe pipelineshavn in

2 In the speci c context of Stampedeput/get operationsallow insert-
ing andretrieving timestampediatato/fromglobally accessibl&tam-
pedebuffers called channelsand queues However, suchoperations
couldbegeneralizedo write/readoperation®nary givenbuffer data-
structure.

Threads

backwardSTPVec

Thread A

Figure 3. STPpropagationusingthe backwardSTPVec

+ output

Figure 4. Usingthe Max() operator

gure 4. In this case A is athreadconnectedo dataab-
stractiongepresentetdy nodesB-F, which arein turn con-
nectedo aconsumeG. With this data-dependerydknowl-
edge,nodeA canusea maxoperationon the backwardSF
P\kcto getthe highestsummary-STRalue andtherefore
getanaggressie reductionin productionrateto matchthe
slowestconsumerThis is acceptabldn a pipeline where
nodeG dictatesthe throughputof the entire pipeline and
producingmoredatawould only be wasteful.

Thesummary-STRalueis thencomputedoy applyinga
maxoperatobetweerthe compessed-bdovard-STPvalue
and the current-STPvalue of the node.Note only thread
nodesgenerateurrent-STPfeedbackvalues.This allows a
threadwith a larger periodthanits consumergo insertits
executionperiodinto thesummary-STP

Oncethe summary-STRalueis computedit is propa-
gatedto upstreammodes Sourcethreadsij.e. threadson the
left of thepipelinein gure 1, usethe propagatedummary-
STPinformationto adjusttheir rateof dataitem production.
Ourresultsshaw thatthis cascadingffectindirectly adjusts
the productionrateof all upstreanthreads.

Both the computatiorandpropagatiorof summary-STP
valuesoccurin a distributedmannerin the pipeline,i.e. the
computationis completelylocal to a node,and valuesare
exchangedvith neighboringnodesby piggy-backingthem
on every put/gef® operation.This mechanismhasscalabil-
ity advantage®ver a centralizedapproactusedelsavhere.
e.g.,in schedulingandQoSsystemgsection2) management
is handledby a centralentity suchasa schedulerHowever,



a distributed mechanisndoesraiseissuesof systemreac-
tion time. Theworstcasepropagatiortime for a summary-
STPvalueto reachthe producerfrom the last consumeiin
the pipelineis equalto the time it takesfor anitem to be
processe@nd be emittedby the application(i.e. lateng).
Thisis dueto thefactthatasdataitemspropagatdorward
in the processingipeline,summary-STRaluespropagate
onestagebackwardson the sameput/getoperation.

Onestability problemthatwe encounteiis noisein the
summary-STR/aluesemitted by consumersThis results
in non-smoottproductionratefor producerthreadsRecall
thatthe summary-STPor the executiontime for a taskit-
erationrun by a thread,is largely affectedby the amount
of resourcegsuchas CPU) givento the threadby the un-
derlying OS. Variancesn the OS schedulingof threadsre-
sultin variancesn the executiontime of taskiterationsrun
by thesethreadsWe obsene that consumetasksintermit-
tently emitlarge or smallsummary-STRalues.Suchnoise
canbe smoothedut by applying Iter s alsousedby other
feedbaclsystemg21, 3, 5]. Filtersto smoothsummary-STP
noisehave currentlynot beenimplementedn ARU andis
left for futurework.

3.3.3. Assumptions The ARU algorithmis predicatedn
thefollowing two assumptions:

Threadsalways requestthe latestitem from its input
sourcesand

To achieve optimal performancethe applicationtask
graphis madeavailableto theruntimesystem.

No additionalapplicationinformationis neededor the
ARU algorithm.lIt is possiblethatapplicationde ned func-
tions for computing the summary-STPvalues for each
pipeline stagemay lead to better performanceand/orre-
sourceusage However providing suchknobsto the appli-
cationincreaseprogrammingcompleity andhenceis not
consideredn this study

4. Implementation and Performance Evalua-
tion Methodology

We have usedthe Stampedédistributedprogrammingen-
vironment as the test-bedfor our ARU mechanism.Im-
plementedin C, Stampedeis available as a cluster pro-
gramminglibrary for a variety of platformsincluding x86-
Linux and x86-WIN-NT. The implementatiorof ARU in-
cluded adding a special API call (periodicity.sync() to
the Stampedeuntime. This call computeshe current-STP
valuefor a speci ¢ thread.Eachthreadis requiredto call
this function at the end of every thread iteration loop.
In addition we modi ed the Stampedeuntime to piggy-
back the summarySTRalueson existing put/getcalls to
channelsand queues.To allow the applicationto specify

producer/consumedependencie$o the underlying ARU
mechanismaparametewasaddedo all channel/queuand
threadcreationAPls (e.g.,. spdchanalloc()). As described
earlier this graphdependenginformationis optional,and
thedefault conserative min operatorassumesio graphde-
pendencieandallows producerdo slow down to thefaster
consumerOtheruserde ned dependeng-encodedpera-
tors, suchasthe maxoperatoy canbe usedto increasehe
aggressienes®of reducingwastedresourceutilization.

A color-basedpeopletracker application( gure 5) de-
velopedat CompagCRL [25] is usedto evaluatethe per
formancebene t of the ARU algorithm. The tracker has

ve tasksthat are interconnectedvia Stampedechannels.
Eachtaskis executedby a Stampedehread.The applica-
tion consistsof (1) a Digitizer task that outputsdigitized
frames;(2) a Motion Mask or Badground task that com-
putesthe differencebetweenthe backgroundandthe cur-
rentimageframe;(3) aHistogramtaskthatconstructsolor
histogramof the currentimage;(4) a Target-Detectiortask
that analyzeseachimagefor an objectof interestusinga
color model;and (5) a GUI taskthat continually displays
thetrackingresult.Note thattherearetwo target-detection
threadsn gure 5whereeachthreadtracksa speci c color
model. The color-basedpeopletracker applicationwith its
fairly sophisticatedask-graptprovidesa realisticerviron-
mentto explore the resource-sangs madepossibleby the
ARU algorithm.

The performanceof the applicationis measuredising
the following metrics:latency throughput andjitter. La-
tengy measureghe time it takes animageto make a trip
throughthe entire pipeline. Throughputis the numberof
successfulframes processedvery second.Jitter, a met-
ric speci cally suitedfor streamingapplicationsjndicates
the averagechangein the time differencebetweensucces-
sive outputframes.Mathematicallyjitter is represente@s
the standarddeviation of the time differencebetweensuc-
cessie output frames.Jitter thereforeis a measureof the
smoothnessf the outputframerateor throughput.

The resourceusageof the applicationis measuredis-
ing the following metrics: memoryfootprint, percentaye
wastednemoryandpercentagyewasteccomputationMem-
ory footprint provides a measureof the memorypressure
generatedoy the application.Intuitively, it is the integral
over the applicationmemoryfootprint graph(Figures8,9).
Mean memoryfootprint is the memoryoccupang for all
the itemsin various stagesof processingn the different
channelsof the applicationpipeline averagedover time.
The mean memory footprint is computedas: MU =
(MU, (i 6))=(tn  to)

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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B1e application. This metric is computedas: MU =

(MU MU, )? (o t)=(tn  to)

Total computationis simply the work done (execution
time) by all tasksin the different stagesof the applica-
tion pipeline (excluding blocking and sleeptime). Corre-
spondinglywastedccomputatioris thecumulative execution
timesspentonitemsthatweredroppedat somestagen the
pipeline.Thereforethepercentaye wastedcomputatioris a
ratio betweerthe wastedcomputatiorandthetotal compu-
tation. Similarly, the percentage memorywastedrepresents
theratio betweenthe wastedmemory(integratedover time
just as meanmemoryfootprint) and the total memoryus-
ageof theapplication.Thesepercentagearea directmea-
sureof ef cient resourcausagean theapplication.

Pleasenotethatwe do not directly accountfor the over
headof ARU in the metricsabove. We considerthe over-
headto be nggligible relative to the resourcesisedby the
application.For example the summary-STRaluesthatare
piggy bacled with eachitem are only 8 byteslong, very
smallcomparedo the sizeof eachitem (typically in theor-
der of several hundredkilobytes). Also, the cost of com-
puting the summary-STRalueis minuscule.The compu-
tationinvolvesa simple min/maxoperationson very small
vectors(ordern, wheren is the numberof outputconnec-
tions from a node).This computationis doneonly onceat
theendof eachdataproductioniterationby athread,andat
every put/getcall on buffers.

We have an elaborate measurementinfrastructure
for recording these statisticsin the Stampederuntime.
Each interaction of an item with the operating sys-
tem (e.g.,allocation,deallocation,etc) is recorded.ltems
that do not male it to the end of the pipeline are marked
to differentiate between wasted and successfulmem-
ory and computations.A postmortemanalysis program
usesthesestatisticsto derive the metrics of interestpre-
sentedn this paper

A numberof garbagecollection and schedulingstrate-
gies have been implementedand experimentedwithin
Stamped¢18, 6, 10]. Amongthesetechniquesthemostre-
sourcesaving is found in the Dead TimestampGarbage
Collector (DGC) [6]. DGC is basedon dead times-
tampidenti cation, a unifying conceptthatsimultaneously

identi es bothdeaditems(memory)andunnecessargom-

putations(processing)Eachnode (be it a thread,a chan-
nel, or a queue)propagateinformationaboutlocally dead
itemsto neighboringnodes.Thesenodesusethe informa-

tion in turn to determinewhich items they can garbage
collect.

The goalsof ARU andGarbageCollection(GC) areor-
thogonalsection?2) asARU triesto reducevasteduseof re-
sourcesvhereassC triesto reclaimresourceslreadyused
in theapplication.To usea GC mechanisnin the Stampede
runtime,we useour latestDGC algorithmandaddthe ARU
mechanismo understandhe extentof wastedresourcee-
ductionandsubsequemerformancémprovementn appli-
cationsdueto ARU.

In anearlierwork [14], weintroducedanldeal Garbage
Collector (IGC) [14]. IGC givesa theoreticallower limit
for thememoryfootprintby performinga postmortenanal-
ysis of the executiontrace of an application.IGC simu-
latesa GC thatcaneliminateall unnecessargomputations
(i.e.,computation®n framesthatdo not malke it all theway
throughthe pipeline)andassociatednemoryusage Need-
lessto say IGC is not realizablein practicesinceit re-
quiresfuture knowledgeof droppedframes.To determine
how closetheresultsareto theideal,the ARU mechanism
is comparedo IGC.

5. Experimental Results

The hardware platform usedis a 17 node clusterover
Gigabit Ethernetof 8-way SMPswith 550MHz Intel Pen-
tium Ill Xeon processorsvith 2MB L2 cache. EachSMP
nodehas3.69GB of physicalmemoryandis runningRed-
hatLinux (2.4.20).All experimentgeportedn this section
aredonein two con gurations.In con guration 1, a sin-
gle physicalnodeis usedfor all tasks,whereeachtaskis
mappedto an individual thread.Every threadruns on its
own addresspaceAll globalchannelsareallocatedonthis
nodeas well. In con guration 2, ve physicalnodesare
usedwith all ve tasksmappedto distinct threadsin turn
runningon separatsnodes.Channeldn this caseareallo-
catedon nodeswheretheir correspondingroducerthreads
are mapped.The data items emitted to channelsby the



differentthreadsare of the following sizes:Digitizer 738
kB, Background246 kB, Histogram981 kB and Target-
Detection68 Bytes

The performanceesultsgivenbelow areaveragestatis-
tics over successie executionruns of the tracker applica-
tion.

5.1. ResourcesUsage

Cong 1: 1node Con g 2: 5nodes

Mem. % Mem. %

use(MB) wrt use(MB) wrt
STD | mean | IGC STD | mean | IGC
No ARU 431 | 33.62 | 387 6.41 | 36.81 | 341
ARU-min | 2.58 | 16.23 | 187 294 | 15.72 | 145
ARU-max | 0.49 | 1245 | 143 || 0.37 | 13.09 | 121
IGC 0.33 | 8.69 | 100 || 0.33 | 10.81 | 100

Figure 6. Memory Footprint for the tracker application
in comparison with the ldeal Garbage Collector (IGC).

Cong 1: 1node Con g 2: 5nodes
% 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 shavs the meanmemory
footprintin megabytesvhenARU is appliedto thebaseline
tracker application.Recallthatthe meanmemoryfootprint
accountdor memoryconsumedy all itemsin application
channelsThelGC row shonsthetheoreticalimit for mean
memoryfootprintwith anidealgarbagecollector By elimi-
natingwastedcomputationsARU dramaticallyreduceghe
memoryfootprint the applicationrequires,both in 1-node
and5-nodecon gurations.In fact,resultsfor themaxoper
atorarequitecloseto theidealgarbagecollector For exam-
ple,in thel-nodecon guration,ARU with themaxoperator
reduceghemeanmemoryfootprintof thetracker by almost
two-thirdswhencomparedo the tracker footprint without
the ARU mechanismFigures8 and9 shav the samedata
in agraphicaform asafunctionof time. It providesa qual-
itative perspectie, asall graphsareshown sideby sideand
sharethe sameaxes.One can obsene not only how close

ARU is to IGC, but alsohow ARU reducesuctuationsin
theapplicationmemorypressurevertime.

Percentageof Wasted Resources: Figure 7 shavs the
amountof wastedmemoryand computationin the tracker
applicationwith and without ARU mechanismWhen not
using ARU, more than 60% of the memory footprint is
wastedas opposedto only lessthan 5% wastedwith the
ARU-maxoperatorSubstantiabavingsarevisible for com-
putationresourcesswell. Thusthe ARU mechanismsuc-
ceedsn directingalmostall resourcesowardsusefulwork.

5.2. Application Performance

Throughput Lateny Jitter
(fps) (ms) (ms)
mean | STD | mean| STD

Cong 1: 1node
No ARU 3.30 [ 0.02 ] 661 23 77
ARU-min 468 | 0.09 594 9 34
ARU-max | 4.18 | 0.10 350 7 46

Con g 2:5nodes
No ARU 427 1 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, Throughputand Jitter of the tracker

In additionto reducingresourcewvaste,the ARU mech-
anismalsosucceed# improving applicationperformance
by decreasingitter andlateng, andincreasinghroughput
(gure 10).

OnecanobsenethateventhoughARU-maxreduceda-
tengy comparedo no ARU, it performsworsein termsof
throughput5 nodecon guration). Thisis notdueto a high
costof the ARU mechanismbut is anartifactof theaggres-
siveneswith whichthemaxoperatosslows down producers
to remove wastedresourcesThe lessaggressie ARU-min
mechanisnmanageso maintaina higherthroughputat the
expenseof higherlateng andgreateresourcaisage.

The jitter causedby variationsin the summary-STP
causeditter in the productionrate aswell. Due to the ag-
gressve slowing of producersn ARU-max, coupledwith
thejitter in production,certainiterationsof producertasks
are madeslower than their consumersThis causescon-
sumerthreaddo wait for dataon buffers.Wait for consumer
thread inadwertently decreaseghroughputfor the appli-
cation pipeline. However, as consumersare waiting for
datain buffers, items never spendtime in buffers them-
seles. This causesthe obsened reduced lateny for
ARU-max. It is clearfrom theseresultsthat a balancebe-
tweenaggressienesof slowing producerandtheamount
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Figure 8. Memory Footprint cong. 1, single node: All graphs have the same scale . Y-axis: memory 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.

memary usage (Bytes)

Figure 9. Memory Footprint cong. 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 ResourcdJtiliza-
tion (ARU) mechanisnthatusesieedbacko reducewasted
resourcausagebetweera groupof threadswithin anappli-
cation.This mechanisnis uniquein its approaclrom sim-
ilar work in traditional resourcemanagementyhich have
beendedicatedo improving resourceallocationto threads
asopposeto incorporatingapplicationfeedbackon wasted
production.Our mechanismargetsparallelstreamingmul-
timediaapplicationghatarecomputationallyintensve and
aredesignedo dropdatawhenresourcesreinsufcient so
asto ensureheproductionof currentoutput.With the ARU
mechanisnwe showv thatdynamicadjustmenbf datapro-
ductionrateis a betterapproachthandroppingdata,since
it is lesswasteful of computationalresourcesOur ARU
mechanisms implementeccompletelyin userspacen the
Stampedelusterprogrammingframenork. Using a color-
basedobeopletracker applicationwe showv thatthe ARU al-
gorithm achiesessigni cant reductionin wastedresources
in termsof bothcomputatiorandmemorywhile sustaining
andevenimproving, applicationperformanceThethrough-
putincreasein ARU-min clearly shovs that ARU canim-
prove performanceHowever, the ARU-max resultsshow

thatbeingoveraggressie savesmorewastedresourcesand
improves latengy but at the expenseof throughput.It is
thereforémportantto nd therightbalancebetweerwasted
resourceusageand application performance Preliminary
investigationindicatesthis is a viable avenueto pursuefor
futurework.
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