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Abstract. Kahn processnetworks (KPNs) [1] area popularmodelingtechniquefor
media-andsignal-processingapplications.A KPN makesparallelismandcommu-
nicationin an applicationexplicit; thus,KPNs area modelingparadigmthat is very
suitablefor multi-processorarchitectures.We presenttechniquesfor theefficient ex-
ecutionof KPNs,takinginto accountbothexecutiontimeandmemoryusage.
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1 Intr oduction

Many media-and signal-processingapplicationsin consumerelectronicsand telecommu-
nicationsarenaturally representedasa collectionof cooperatingsequentialprocessesthat
communicatevia streamsof data. Typical examplesof suchapplicationsareMPEG2en-
codinganddecoding. In his seminalpaper[1], Gilles Kahn investigatesthe semanticsof
collectionsof cooperatingprocesses.The modelof computationdescribedin [1] is nowa-
daysknown asthe Kahn-process-network model. In [2], Kahn andMacQueendescribea
languagefor specifyingprocessnetworksandanimplementationof that language.To date,
(variantsof) Kahnprocessnetworks(KPNs)arecommonlyusedfor developingmedia-and
signal-processingapplications.A strongaspectof KPNsis thatthey make(task-level) paral-
lelismandcommunicationin anapplicationexplicit, whichmeansthatthey areverysuitable
for executionon multi-processorarchitectures.Furthermore,KPNshave a straightforward,
unambiguoussemanticsandthey arefully compositional.Thus,KPNsfacilitatethereuseof
applicationmodels,which is becomingincreasinglyimportantfor reducingthedesigntime
of new productsandservices.

Themainfocusof this paperis on multi-processorarchitectures(althoughthepresented
techniquesalsowork for single-processorarchitectures).We considerboth(heterogeneous)
multi-processorarchitectureswith sharedmemoryand(homogeneous)architectureswithout
sharedmemorysuchasthe onedescribedin [3]. An importantquestionis how to execute
KPNs efficiently on somegiven multi-processorsystem,whereefficiency is measuredin
termsof both memoryusageandexecutiontime. The two main problemsthat needto be
solvedarehow to find anefficient schedule,i.e., anexecutionorderfor theprocessesanda
mappingto processorsover time, andhow to efficiently allocatememoryto storethe data
streamsthattheprocessesuseto communicate.Thetwo problemscannotbesolvedin isola-
tion. Theamountof memoryreservedfor communicationinfluencesthepossibleexecution
ordersof theprocessesin aKPN. It is alsoimportantto realizethattheproblemis oftennotto
executea KPN asfastaspossibleusingaslittle memoryaspossible;usually, theproblemis
to executetheKPN within thetiming restrictionsimposedby theapplicationandwithin the
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Figure1: An exampleof a KPN

memorythatis availablein thesystem.It is oftenthecasethatthemorememoryis allocated,
the betteris theexecutiontime. Ideally, a systemdesignermustbe ableto make a design-
timetrade-off betweenexecutiontimeandmemoryusage,preferablyusingnomorememory
thanrequiredfor obtaininga certainexecutiontime. This paperpresentstechniquesfor the
efficientexecutionof KPNson multi-processorarchitecturesthatallow sucha trade-off.

In Section2, we introduceKPNsandtheir implementation.Section3 discussestheprob-
lemof schedulingKPNsandit givesanoverview of existingschedulingapproaches.It turns
out thatoneof theseapproachesis themostpromisinggivenour requirements.In Section4,
we discussthis schedulingapproachin moredetail. It hastwo drawbacks:It mayintroduce
artificial deadlocksin theexecutionof a KPN andit mayusemorememorythannecessary.
Artificial deadlocksoccurwhennot enoughmemoryis allocatedto storedatastreamsbe-
tweenprocesses;if toomuchmemoryis allocatedto storethesedatastreams,theapplication
usesmorememorythanstrictly necessary. Thus,thesetwo problemsneedto besolvedbe-
fore the schedulingapproachcanbe usedasthe basisfor the efficient executionof KPNs.
Existingsolutionsdonotmeetourefficiency criteria.Section5 presentsoursolutionto cope
with the problemof artificial deadlocks.Section6 presentsa solutionto allocatememory
to storedatastreams.In both solutions,memoryis, asmuchaspossible,allocatedonly if
necessary. Note that our solutionsarenot optimal in the sensethat they guaranteethat the
minimal amountof memoryrequiredis allocated;it is known thatthis problemis in general
undecidable.However, theexperimentsin Section7 show thatour solutionsarebetterthan
existing techniques.They alsoshow that thetechniquespresentedin this papercanbeused
for a design-timetrade-off betweenexecutiontime andmemoryusage,asexplainedabove.
In Section8, we briefly explain how our techniquesscaleto massively parallelarchitectures
suchasthehomogeneousmulti-processorarchitecturedescribedin [3]. Finally, in Section9,
wemakesomeconcludingremarksanddiscussfuturework.

2 KPNs and their implementation

A processis essentiallyadeterministicmappingfrom someinputdatastreamsto someoutput
datastreams.For simplicity, we consideronly processesthathave at leastoneinput andat
leastoneoutputstream.In practicalimplementations,processesareoftenimplementedin a
high-level programminglanguagesuchasC++ ([4]) or Java([5]). A typicalprocessconsists
of a,possiblynon-terminating,iteration;in eachcycleof theiteration,it consumessomedata
from its inputstreams,it manipulatesthedatareceivedin thisway, andit producessomedata
on its outputstreams.

Processesareconnectedinto a network via theoretically unboundedqueues, calledfifos
becausedatais consumedfrom thesequeuesin a first-in first-outorder. Thesefifos provide
storagefor buffering thedatastreamsbetweenprocesses.Processeshave no othermeansto
communicatewith eachotherthanthesefifos. Inputsandoutputsof processesin aKPN that
arenotconnectedto afifo form theinputsof theKPN from theenvironmentandits outputsto
theenvironment.Again,weconsideronly KPNsthathaveat leastoneinput andoneoutput;
aKPN canonly communicatewith its environmentvia its inputsandoutputs.

Figure1 depictsa typical KPN. Processesaredenotedby circles,fifos by arcsbetween
processes,andinputsfrom andoutputsto theenvironmentby unconnectedarcs.
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An executionof a KPN consistsof theexecutionof theprocessesit is built from, assum-
ing thataprocessblocksif it triesto readdatafrom anemptyfifo or anemptyinput from the
environment;a blockedprocessmay resumeexecutionassoonasnew databecomesavail-
able.In [1], Kahnshowsthattheorderof executionof theprocessesin anetwork is irrelevant
in thesensethat,givensomeinput datastreams,any orderyields thesameoutputstreams.
As a consequence,a KPN is not essentiallydifferentfrom a processandcanthusbeusedas
aprocessin a largerKPN. In otherwords,KPNsarecompositional,which is averydesirable
propertyalthoughit doesnotplay a role in theremainderof this paper.

Following [6], we distinguishstrictly bounded, bounded, andunboundedKPNs. A KPN
is strictly boundedif andonly if any executionof the network requiresboundedmemory;
it is boundedif and only if there is someexecutionthat requiresboundedmemory; it is
unboundedif and only if any executionrequiresunboundedmemory. Unfortunately, the
questionwhethera KPN is (strictly) boundedis undecidable[7].

A particularly interestingclassof KPNs are the boundedKPNs whoseexecutioncon-
tinuesindefinitelywhenthey areprovidedwith sufficient input. Many practicalmedia-and
signal-processingapplicationsfall into thisclass.Thechallengeis to executesuchaKPN us-
ing only boundedmemory, preferablynotmorethannecessaryto meetthegivenperformance
requirements.

3 SchedulingKPNs

AssumethatsomeapplicationdesignedasaKPN mustbeimplementedonsomegivenmulti-
processorsystem.Theproblemof schedulingaKPN onsuchasystemis to determinewhich
processexecutesatwhichprocessorateachpoint in time. A scheduleis amappingfrom pro-
cessesto processorsover time. Two differentapproachesto schedulingcanbedistinguished,
namelystatic and dynamicscheduling. Static schedulingmeansthat a scheduleis deter-
minedat compile-time,whereasdynamicschedulingmeansthata scheduleis determinedat
run-time. It is known that it is impossibleto determineefficient staticschedulesfor KPNs
in general[7]. Onecoulddecideto solve this problemby restrictingtheclassof KPNsto a
classthatallowsstaticschedulingsuchassynchronousdataflow networks[8]. However, we
do not wantto limit themodelingfreedomof applicationdesigners.Thus,we do not restrict
theclassof KPNsand,consequently, theemphasisin thispaperis on dynamicscheduling.

Thebasisof a dynamicschedulingalgorithmis a setof readyprocesses.At any point in
time, the schedulerchoosesasmany of the readyprocessesfor executionastherearefree
processorsavailable.Two differentgeneralapproachescanbedistinguishedfor determining
the set of readyprocessesat any given point in time. In demand-drivenscheduling,the
driving forcebehindthe schedulingalgorithmis the demandfor data. The key ideais that
only datathat is really neededis produced.Demandoriginatesat the outputsof the KPN.
Thatis, initially, thereadyprocessesarethoseprocessesresponsiblefor producingoutput.If
a runningprocessrequiresdatafrom anemptyinput fifo, it blocks.Thus,new needfor data
arisesanddemandpropagatesthroughtheKPN. Theproducerof thedesireddatabecomes
a readyprocessandthe processorthat wasexecutingthe blocked processmakesa context
switchto startexecutinganotherreadyprocess.If aprocessproducesrequesteddata,it stops
beingexecutedandit is no longera readyprocess.In data-drivenscheduling,the driving
forcebehindtheschedulingalgorithmis theavailability of data.Initially, datais (or should
be)availableattheinputsof theKPN.Thus,theprocessesconsumingthesedataaretheready
processes.Runningprocessesmayproducedata,meaningthatotherprocessesmaybecome
ready. A processstopsbeingreadywhenit hasno longerinput dataavailable.

Bothdynamic-schedulingapproacheshaveimportantdisadvantages.Data-drivenschedu-
ling easilyleadsto unboundedexecutionwithouteverproducingoutput.Inputprocessesstart
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processinginput dataandcontinuedoingsoaslong asinput datais available;sincefifos are
theoreticallyunbounded,storagefor produceddatais never a problem.Despitethefact that
otherprocessesmaybecomereadybecauseof theproduceddata,anaiveexecutionwill make
noprogresstowardsoutputandeventuallyrunoutof memory. Demand-drivenschedulingof-
tenleadsto many expensivecontext switchesfrom oneprocessto another. Sinceinitially all
fifos in aKPN areempty, demandneedsto propagatefrom theoutputsto theinputsof anet-
work, resultingin achainreactionof context switches.If inputhasbeenreadandprocessed,
the produceddatapropagatesfrom the inputs to the outputs,againresultingin a chainof
context switches.Thisprocessrepeatsoverandoveragain,yielding very poorperformance.
In addition,becauseof theneedto propagatedemand,this approachis not very suitablefor
massively parallelarchitecturessuchastheonedescribedin [3]. Demandpropagationcauses
a lot of additionalinter-processorcommunicationwhich is usuallyrelatively expensive.

Theanswerlies in hybridapproaches.In [2], KahnandMacQueenproposeanextension
of demand-drivenschedulingwith anticipationcoefficients.Eachfifo f is assignedanantic-
ipationcoefficient ac

�
f � . A producerof datarequestedthrough f maycontinueproducing

an additionalac
�
f � amountof datain f after it hasfulfilled the demand.A disadvantage

of this approachis that it is still essentiallydemand-driven,which meansthat it is still not
optimalfor exploiting massiveparallelism.

In [9], JagannathanandAshcroftproposetheEazyflow modelof computationin thecon-
text of the functionaldata-flow languageLucid. In Eazyflow, partsof a Lucid programare
classifiedasdata-drivenandpartsareclassifiedasdemand-driven. Thedisadvantageof this
approachis that the classificationof programpartsand the resultingexecutionengineare
nontrivial.

A final approach,is to boundthesizeof fifos combinedwith anessentiallydata-driven
execution,asis donein [4, 6]. Theboundsonfifos guaranteethatonly arestrictedamountof
datais producedfor which thereis notyetacleardemand(whichmeansthattheapproachis
alsodemand-drivenin somesense).A runningprocessthatattemptsto producein a full fifo
blocksandis removedfrom thesetof readyprocessessothattheprocessoris freedfor other
processes.Advantagesof thisapproacharethatit is efficientandveryeasilyimplementable,
thatit is well-suitedfor exploiting parallelism,andthatit fits well with thetypicalmedia-and
signal-processingapplications.An importantdisadvantageis that it is difficult to determine
theappropriatefifo sizes.If boundsarechosentoo large,theapplicationusesmorememory
thannecessary. If boundsarechosentoo small, theperformancemight dropbecauseof the
many context switches.In addition,onemightintroduceartificialdeadlocksin anapplication.
The latter occurswhenall processesin a processnetwork block on full or emptyfifos and
at leastoneprocessblockson a full fifo. Thedeadlockis artificial becausesucha deadlock
cannotoccurin a KPN with unboundedfifos. Nevertheless,becauseof its advantages,we
decidedto further investigatethe approachwith boundedfifos and to try to overcomeits
disadvantages.Thenext sectiongoesinto moredetail.

4 Processnetworks with boundedfifos

In the remainder, a processnetwork(PN) refersto a collectionof processesconnectedinto
a network via boundedfifos. ThetermKahnprocessnetwork (KPN) is reservedexclusively
for a network of processesconnectedvia unboundedfifos. Theexecutionof a PN is saidto
deadlock if all processesblock on full or emptyfifos. A deadlockis artificial if at leastone
processblocksona full fifo.

Figure2 shows a PN in a deadlock.Attachedto eachfifo is its size. All processesare
blocked either in a write actionon a full fifo, denotedby a “w”, or in a readactionon an
emptyfifo, denotedby an“r”. Thedeadlockis a typical exampleof anartificial deadlock.It



T. BastenandJ.Hoogerbrugge/ EfficientExecutionof ProcessNetworks 5

w
w

w
w

r r

10
10 10

p q10

10 1010
10 r

w

Figure2: A PN in anartificial deadlock

is causedby thefact that thetotal amountof storagein theupperbranchbetweenprocesses
p andq is insufficient. It canberesolvedby increasingthetotal sizeof thefour fifos in that
branchby someappropriateamount.

The ideabehindPNsis to usethemasan approximationof KPNs. An applicationde-
signedas a KPN is implementedby choosingan appropriatePN, executingthis PN in a
purelydata-drivenway, andresolvingartificial deadlocksat run-time,if necessary. Two cri-
teriaapply: First, theexecutionof thePN shouldbeoutputcompletein thesensethatoutput
thatwouldhavebeenproducedby theKPN mustalsobeproducedby thePN.Second,if pos-
sible, theexecutionmustbebounded. In practice,thesetwo criteriacannotalwaysbefully
metbecauseKPNsmayinherentlybeunboundedandthusmayneedunboundedmemoryin
orderto produceall possibleoutput. In caseof suchanunboundedKPN, it will beexecuted
until it runsout of memory, producingasmuchoutputaspossible.Two problemsneedto
be solved. First, how to chooseappropriateboundson thefifos in a KPN? That is, how to
transformthe KPN into an appropriatePN?Second,how to resolve artificial deadlocks,if
necessary?Note that it is not necessaryto resolve anartificial deadlockif theexecutionof
thePN is alreadyoutputcomplete.

In [6], Parksalsodiscussesthe executionof processnetworks with boundedfifos. He
describesa straightforwardstrategy for resolvingartificial deadlocks.Assumethat thesize
of a fifo is definedin termsof somepredefinedunit, possiblyrelatedto thesizeof the type
(numberof bytes)of thedatastoredin the fifo. Initially, the sizeof all fifos is setto some
predefinedor user-definedvalue. If an artificial deadlockoccurs,the smallestfull fifo is
increasedby oneunit; in this way, it is guaranteedthatall bottlenecksin a PNareeventually
removed.Thequestionis whetherthisstrategy for determiningandexecutingPNssolvesthe
two problemsmentionedabove in a satisfactoryway. Unfortunately, it doesnot. It hasthree
major drawbacksthat arebestillustratedvia the examplesof Figure3, which shows some
variantsof thePN of Figure2.

Following the above mentionedstrategy for resolvingartificial deadlocks,in all three
examplesof Figure3, thefifo betweeni andp is enlargedfirst. However, in noneof thecases,
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Figure3: Examplesof artificial deadlocks
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this is appropriate.In PN1, the artificial deadlockis, asin Figure2, causedby insufficient
spacein thefifos in theupperbranchbetweenp andq. Thesolutionis to enlargeany of these
four fifos. In PN2, thecauseof theartificial deadlockis different. Process� is blockedon
anemptyinput from theenvironment.In thiscase,thebottleneckis thefifo betweens andq,
despitethefact thatit is muchlargerthanany of theotherfifos. In PN3, thereis no problem
atall. Notethatit is identicalto PN2 exceptthatoutputprocesso is blockedonanemptyfifo
betweenq ando. Providedthattheinputof � staysempty, thePNis guaranteedto beoutput
complete.It doesnotmakesenseto increasethesizeof any of thefull fifos.

The disadvantagesof the above mentionedstraightforward strategy are now obvious.
First, asthe first two examplesof Figure3 show, the smallestfull fifo in a PN is not nec-
essarilythebottleneckcausinganartificial deadlock.Thus,choosingto increasethesmallest
full fifo might leadto unnecessarilylargefifos. In PN1, theoverheadis still relatively small.
However, in PN2, thefour fifos connectingi to s areall enlargedto asizeof 100or 101before
thefifo betweens andq is enlarged(assumingthatsufficient input is availableat processi
andthattheinputat � staysempty).Second,thestrategy doesnot take into accountwhether
or not a PN is outputcomplete,which meansthat in somecasesfifos continueto grow even
if thePNis alreadyoutputcomplete;PN3 of Figure3 illustratesthispoint. Finally, for auser
it is oftendifficult to definemeaningfulfifo sizes,especiallyfor largeapplicationsconsisting
of hundredsof processesandfifos or if optimalfifo sizesvary asin theexamplesof Figure
3. Thealternativeof usinga predefineddefault sizehastheimportantdrawbackthat it leads
to unnecessarilylargefifos if optimalfifo sizesvary.

Thenext two sectionsintroduceanapproachthatdoessolve thetwo problemsof choos-
ing appropriatefifo sizesandresolvingartificial deadlockssatisfactorily. We first focuson
resolvingartificial deadlocks.

5 An efficient schedulingalgorithm

Theideabehindourschedulingalgorithmis to schedulePNsin apurelydata-drivenwayand
to resolveartificial deadlocksin suchawaythat,asmuchaspossible,fifo sizesareincreased
only if necessary. Theexamplesof Figure3 serveasour mainmotivation.

The crucial problemis to find a way to identify the bottlenecksin a PN in caseof an
artificial deadlock.An importantobservation is that thecauseof a reador write block in a
PN is alwaysa uniqueotherblockedprocess.Thereasonis thatprocessesalwaysblock on
preciselyonefifo andthatfifos aredirectedpoint-to-pointconnectionsfrom oneprocessto
anotherone.Consider, for example,PN1 of Figure3. Processi is blockedon a full fifo to p.
Thus,thecauseof i ’sblock is thefactthat p is blocked;similarly, p’sblock is causedby u’s
block,u’s block by t ’s block, t ’s block by s’s block,ands’s block by q’s block. Particularly
thelattercombinationis interestingbecauses’sblock is awrite blockwhereasq’sblock is a
readblock. To resolve theartificial deadlockof PN1, we have to increasethesizeof oneof
the full fifos in thePN; the full fifos areexactly thosein thechainfrom i to q via s. Given
the above observationon thecausesof theblocks,thereis no reasonto choosea fifo other
thanthefifo from s to q. In fact,we mayconcludethat thebottleneckcausinganartificial
deadlockis alwaysthefirst fifo in chainof full fifos, providedof coursethat thereis a first
one.In caseof acycleof full fifos, thereis noclearfirst full fifo. In suchacase,theresimply
is insufficientspacein thecycleandthusthecombinedfifos in thecycle form thebottleneck.
Summarizing,bottleneckscausingartificial deadlocksarealwaysof oneof the two forms
depictedin Figure4.

Of course,it may happenthat a PN in an artificial deadlockhasmorethanonebottle-
neck. In addition,thequestionariseswhethersituationsasdepictedin Figure4 arealways
bottlenecksthatneedto beresolved.In fact,thissecondquestionhasalreadybeenanswered
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negatively. In PN3 of Figure3, thefifo betweenprocessess andq appearsto beabottleneck.
However, in the previous section,we have alreadyseenthat PN3 is outputcompleteand,
therefore,thatfifo s-q is notabottleneck.It is straightforwardto constructasimilarexample
with acycleof full buffers.Thus,two questionsneedto beanswered:(i) whenaresituations
asdepictedin Figure4 bottlenecks,and(ii) how to choosewhich bottleneck(s)to solve in
caseof multiplebottlenecks?

The answerto thesequestionslies in thecriterion that the executionof a PN shouldbe
outputcomplete. The startingpoint for the analysisof an artificial deadlockaretherefore
the processesproducingoutput for the environment. Sinceeachreador write block hasa
uniquecause,it is possibleto track the entire chain of causesleadingto the block of an
outputprocess.ConsideragainthethreePNsof Figure3. Figure5 depictsfor eachPN the
chainof causesleadingto theblockof outputprocesso.

The answerto the first questionposedabove is that patternsas in Figure 4 are only
bottlenecksif they occurin thechainof causesleadingto ablockedoutputprocess.Resolving
thesebottlenecksin theexamplesof Figures3 and5 leadsto thecorrectsolutions. In both
PN1 andPN2, thefifo s-q is theonly bottleneckin thechainof causesblockingo, whereas
in PN3 thereis no bottleneckleadingto theblock of o. Thus,in thefirst two cases,fifo s-q
shouldbeenlarged,whereasin thethird casenoactionshouldbetakenbecausePN3 is output
complete.

Thequestionremainswhatto do if therearemultiplebottlenecksin acausalchainblock-
ing an output. Figure6 shows an exampleof sucha situation. Both fifos p-q (of size10)
and r -o (of size 5) are bottlenecks. If the PN can be executedin boundedmemory, it is
guaranteedthat the artificial deadlockcanbe resolved by enlarging oneof thesetwo fifos.
Thechoicemightnotmatter. However, maybeit does.Withoutadditionalinformationabout
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Figure6: Two bottlenecksin acausalchainleadingto ablockedoutput

theimplementationof theprocesses,it cannotbeguaranteedthatthecorrectchoiceis made.
Sincewe want to keepthedeadlock-resolutionalgorithmassimpleaspossibleand,in par-
ticular, independentof theimplementationof processes,wedecidedto chooseastrategy that
is sometimessuboptimal(with respectto theobtainedfifo sizes).In caseof multiple bottle-
necksin asinglechainof causesblockinganoutput,wechooseto enlargethesmallestfifo in
any of thebottlenecks.In theexampleof Figure6, thismeansthatfifo r -o is enlarged.In the
worstcase,if r -o is not therealbottleneck,this strategy meansthatthesizeof r -o becomes
10 or 11 before p-q is enlarged. Thus,asin the approachof [6], fifo sizesmight become
unnecessarilylarge.However, our strategy minimizesthechancethatthis problemoccurs.

As a final point, observe thata PN might have multiple outputprocesses.In caseof an
artificial deadlockin sucha PN, it is interestingto analyzefor eachoutputprocessthechain
of causesleadingto its block. If thesechainsaredisjoint, thebottlenecksin thesechainsare
independent.To ensuremaximalprogressof thePN, it is a goodstrategy to enlarge in each
of thechainsthesmallestbottleneckfifo in thatchain. Note thatseveralchainsmight share
bottlenecks;in suchacase,it of coursesufficesto enlargeabottleneckfifo only once.

Summarizingtheaboveobservationsleadsto thefollowingschedulingalgorithmfor PNs:

1. executethePN in adata-drivenwayuntil adeadlockoccurs;

2. if thedeadlockis not artificial, thenterminatetheexecution;

3. if thedeadlockis artificial, determineall causalchainsleadingto blockedoutputpro-
cesses;

4. determinefor eachcausalchainthebottleneckfifos in thatchain;

5. if thereareno bottleneckfifos, the executionis outputcompleteandit canbe termi-
nated;

6. enlarge the smallestbottleneckfifo in eachcausalchainblocking an output,making
surethatno fifo is enlargedmorethanonce;

7. returnto step1.

From the above discussions,it is clearthat artificial deadlocksareresolved if andonly
if the executionof a PN is not yet outputcomplete.Furthermore,as long asthe chainsof
causesleadingto blocked outputprocessesdo not have multiple bottlenecks,fifo sizesare
only increasedif really necessary. In casethata chainhasmultiple bottlenecks,fifos might
grow without necessitybut this growth is guaranteedto beboundedif a boundedexecution
of the PN exists. As a consequence,the two criteria for executingPNs introducedin the
previous section,namelythat an executionmust be both output completeand boundedif
possible,aresatisfied.As a final remark,notethatdeadlockresolutioncanbeimplemented
in theschedulingalgorithmin astraightforwardwaywith only little overhead.
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6 Choosingappropriate fifo sizes

It remainsto solve the problemof obtainingappropriateboundsfor the fifos in a KPN, in
orderto turn it into a PN. Our solutionis to tunethesizeof fifos in a PN at designtime via
simulationruns.Initially, thesizeof fifos is setto somepredefinedsmallvalue.In a number
of simulationruns,possiblywith varying inputs,bottlenecksin the PN are resolved fully
automaticallyandthetotalamountof datastreamingthrougheachfifo is measured.Theidea
is to setfifo sizesproportionalto theamountof datastreamingthroughthemandsufficiently
largeto avoid artificial deadlocks.An interestingobservationis thatthefifo sizesdetermined
in this way are in somesenserelative sizes. The experimentsmight, for example,show
thatonefifo transportsfivetimesasmuchdataasanotherfifo andthatnoartificial deadlocks
occurif thetwo fifos sizesaresetto 5 and1, respectively. However, suchsmallsizesmaystill
resultin many context switches.Thus,if executiontime is anissueandmemoryis available,
thenonecouldchooseto setthesizesof thetwo fifos to 50and10,respectively.

In general,one could do a numberof experimentsto generatea graphas depictedin
Figure7. With very small fifo sizes,the overheadof context switchesresultsin very poor
executiontime. If sizesare increased– while maintainingrelative sizes–, the execution
time improves.Usually, theimprovementbecomessmallerif fifo sizesbecomelargerand,at
somepoint, a further increasein fifo sizeswill have no furthereffect on theexecutiontime.
Dependingon theexecution-timerequirementsandtheavailablememory, onewill probably
choosefifo sizescorrespondingto pointscloseto themarkedpointson thegraphin Figure
7. Thus,theproposedtechniquefor determiningfifo sizesallows theapplicationdesignerto
makeatrade-off betweenexecutiontimeandmemoryusage,asexplainedin theintroduction.

Following thestrategy sketchedabove, ‘optimal’ fifo sizesareobtained.Of course,the
sizesarenot truly optimal: First, they areonly basedon a numberof simulationruns;sec-
ond, it is known that, sincedecidingboundednessof KPNs is undecidable,the problemof
determiningoptimal fifo sizesfor PNs is alsoundecidable.It canalsonot be guaranteed
thatartificial deadlockscanalwaysbeavoided. Otherinputsthanthoseusedin thesimula-
tionsmight leadto new artificial deadlocks.As aconsequence,in thefinal product,artificial
deadlocksmuststill beresolvedrun-time.

Of course,it is alsopossibleto make a trade-off betweenexecutiontime andmemory
usagevia a graphasthe onedepictedin Figure7 usingthe straightforward strategy of de-
terminingfifo sizesandresolvingartificial deadlocksof [6]. However, we believe that our
approachleadsto a betterexecutiontime whena fixedamountof memoryis used,because
memoryis allocatedto fifos in a moreintelligentway. Theeffect is illustratedin Figure8,
wheretheuppergraphcorrespondsto theperformanceof thestraightforwardtechniquesof
[6] andthe lower graphto the performanceof the techniquesproposedin this paper. The
experimentsof Section7 confirmourbelief.

An interestingissueis thattheconceptof profiling thecommunicationbetweenprocesses
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Figure8: Improving theperformanceof PN executions

for determininginitial fifo sizescomplementsthe new deadlock-resolutionstrategy. Both
techniquesallocatememoryto datastreamsonly if necessary. Thereasonthatthey comple-
menteachothervery well is that the strategy of resolvingdeadlocksis independentof fifo
sizes.Thestandarddeadlock-resolutionstrategy of [6] doesdependon fifo sizes.The risk
that standarddeadlockresolutiondestroys the effect of profiling is high becauseit always
enlargesthesmallestfull fifo, independentof whetheror not thisfifo is abottleneckfifo.

7 Experiments

In this section,we discussa numberof experimentsto comparethe proposedtechniques
for theefficient executionof PNsto the techniquesproposedin [6]. Theexperimentswere
performedusingYAPI [4], which is a library of C++ classesimplementingPNs. Although
PNshave beendevelopedasa programmingparadigmfor multi-processorarchitectures,the
experimentswereperformedon a single-processorHP system.Thebestway to quantifythe
effectsof theexecutionstrategy on theexecutiontime of a PN is to measurethenumberof
context switchesthatoccurduringtheexecution.Thereasonis that theexecutiontime of a
PNis mostlydeterminedby thetimeneededfor dataprocessingandcommunication,andthe
timeneededfor context switches.Theformeris to alargeextentindependentof theexecution
strategy, whereasthe latter is in principleoverheadthatcanbereducedby choosinga good
executionstrategy. Thenumberof context switchesthatareneededin theexecutionof a PN
is mostaccuratelymeasuredon a single-processormachine,becauseon sucha systemthe
executionstrategy is themainfactorinfluencingthenumberof context switches.In a multi-
processorsystem,thenumberof context switchesin theexecutionof a PN is influencednot
only by the executionstrategy but alsoby other factorssuchas,for example,bus loadsor
(relative)processorspeeds.

Two applicationsare usedin the experiments,namelyMPEG2 decodingand MPEG2
encoding.Theexperimentsquantify theeffect of theproposedtechniqueson the total per-
formancein termsof executiontime andmemoryusage.The aim of the experimentsis to
draw graphssimilar to the graphin Figure7. As explainedabove, the numberof context
switchesis usedasa measurefor theexecutiontime. Thetotal sizeof all fifos at theendof
theexecutionis usedasa measurefor thememoryusage.For eachof thetwo applications,
wecomparedthreeexecutionstrategies:

1. Set the initial fifo sizesto somedefault valueandusethe straightforward deadlock-
resolutionalgorithmof [6].

2. Set the initial fifo sizesto somedefault value and usethe new deadlock-resolution
algorithmproposedin this paper.

3. Determineinitial fifo sizesvia profiling asproposedin theprevioussectionandusethe
new deadlock-resolutionalgorithm.
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Figure9: Experimentalresults:total performance

The first and third strategy correspondto the executionstrategiesproposedin [6] and
in this paper, respectively. The secondstrategy combinesdefault initial fifo sizeswith our
deadlock-resolutionstrategy in anattemptto quantifytheeffectof intelligentdeadlockreso-
lution in isolation.

Figure9 shows the resultsof the experiments. The graphscorrespondingto the three
strategiesmentionedabove arelabeled‘default-old’, ‘default-new’, and‘profiled-new’, re-
spectively. For both applications,the strategy proposedin this paper(profiled-new) gives
muchbetterresultsthanthestrategy proposedin [6] (default-old).

For theMPEG2decoder, thegraphsof thefirst two strategies(almost)coincide.A closer
analysisof the resultsrevealsthat in theexecutionof theMPEG2decoderwith sufficiently
large initial fifo sizesno artificial deadlocksoccur, whereasonly a singleartificial deadlock
occursif thedefault fifo sizesaresmall. In the lattercase,thedeadlock-resolutionstrategy
proposedin this paperclearly identifiesthe bottleneckcausingthe artificial deadlockand
increasesthe size of only a single fifo, whereasthe strategy of [6] increasesa few fifos
unnecessarily. However, the effectsof the differentstrategieson the total performanceare
too small to bevisible in Figure9. Theobservedimprovementin performancewhengoing
from thefirst to thethird strategy mentionedabove is causedcompletelyby theapproachto
determineinitial fifo sizesvia profiling. Note that the input datausedfor profiling the PN
modelof theMPEG2decoderandtheinput datausedin themeasurementsfor the‘profiled-
new’ graphin Figure9(a)aredifferent.

Theresultsfor theMPEG2encodershow alargeimprovementwhencomparingthestrat-
egy proposedin thispaperwith thestrategy of [6]. Interestingly, alsothestrategy combining
default initial fifo sizeswith intelligentdeadlockresolutionshows betterresultswhencom-
paredto thestrategyof [6]. Boththeintelligentdeadlock-resolutionstrategyandtheapproach
to determineinitial fifo sizesvia profiling contributesignificantlyto theoverall performance
improvement.The reasonis that both techniquesallocatememoryto fifos in a moreintel-
ligent way thanthestraightforwardtechniquesof [6]. Sincedeadlock-resolutionhasa large
influenceon memoryusage,it is interestingto comparethe two deadlock-resolutionstrate-
gieswith respectto theamountof extramemorythatis allocatedduringexecutionto resolve
artificial deadlocks,startingwith fifos of a default size. Figure10 shows that the intelligent
deadlock-resolutionstrategy needslessmemorythanthestraightforwardstrategy. Whenini-
tial fifo sizesaresmall,andthusthemostartificial deadlocksoccur, theamountof memory
savedis over10%.

A final remark is in order. The YAPI library that hasbeenusedfor the experiments
implementsan extensionto PNsconsistingof a constructthat allows designersto specify
non-deterministicbehavior. TheMPEG2-encodermodelcontainsonesucha construct.The
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currentimplementationof ourdeadlock-resolutionalgorithmcannotyetefficiently copewith
this construct.Our currentsolutionis to switch to the straightforward deadlock-resolution
approachof [6] if theconstructoccursin thechainof causesleadingto a blockedoutputin
anartificial-deadlocksituation. In theexperimentswith theMPEG2-encodersucha switch
occursa numberof times.As alreadymentionedin Section6, thestraightforwarddeadlock-
resolutionapproachdoesnot work well togetherwith the profiling technique.For similar
reasonsasthosementionedin Section6, it doesalsonot work well togetherwith the new
deadlock-resolutiontechnique.Thefact thattheexperimentsgivegoodresultsdespitethese
observationsstrengthensourbeliefthattheproposedtechniquesarepromising.Nevertheless,
weconsiderit animportanttopic for futurework to incorporatenon-determinismin PNs(on
aconceptuallevel, in YAPI, andin theexecutionstrategy).

8 Distrib ution

Thenumberof transistorsthatcanbeput on a singlechip is increasingrapidly meaningthat
massivelyparallel,single-chipmulti-processorarchitectures,suchastheonedescribedin [3],
arebecomingreality. Kahn processnetworks arean excellentprogrammingparadigmfor
sucharchitecturesbecausethey make parallelismandcommunicationexplicit. Giventhese
observations,wewantour executionstrategy for PNsto bescalableto suchmassively paral-
lel architectures.Thearchitecturedescribedin [3] hasahomogeneoustop-level morphology,
consistingof identicalinterconnectedtiles; eachtile is a heterogeneousmulti-processorsys-
tem consistingof a numberof general-purposesCPUs,dedicatedcoprocessors,(on-chip)
memory, and interconnect.The low-level heterogeneousspecializationguaranteesperfor-
mance,whereasthehigh-level homogeneousstructureof tilesallows for easyscalability. An
importantaspectof thearchitectureis thatit doesnothaveprocessingunitsor sharedmemory
onthelevel of tiles. If PNsareusedasaprogrammingparadigmfor suchanarchitecture,the
executionof PNsmustbedistributedover thetiles. Thetechniquesthatwe proposearevery
suitablefor that purpose.First, the data-driven executiondistributestrivially andit allows
for theeasyexploitationof any parallelismthatis allowedby thedata.Second,theprofiling
techniqueis independentof the underlyingarchitecture.Third, deadlockdetectioncanbe
implementedefficiently using,for example,the algorithmof [10]. This algorithmis based
ontheexchangeof anumberof tokensbetweenthecomponentsparticipatingin adistributed
computation,i.e., the tiles. The informationneededto decidewhetheror not a deadlockin
theexecutionof aPN is artificial caneasilybeaddedto thesetokens.If adeadlockturnsout
to beartificial, thedeadlock-resolutionalgorithmproposedin this papercanbe initiatedon
thetile(s) thatis (are)hostingtheoutputprocess(es)of thePN.
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9 Concluding remarks

In this paper, we have describedtechniquesfor theefficient executionof KahnProcessNet-
works. The basisconsistsof a data-driven executionof the processnetwork while setting
boundsonthefifos usedfor storingdatastreamsbetweenprocesses.Weproposeto determine
initial fifo sizesby profiling thecommunicationbehavior of anapplication.Sincebounding
thefifo sizesin a processnetwork might resultin artificial deadlocksif initial fifo sizesare
chosentoosmall,wealsoproposeatechniquefor identifyingandallocatingextramemoryto
thebottleneckfifos causingsuchartificial deadlocks.Theprofiling- anddeadlock-resolution
techniquescomplementeachotherwell becausethey allocatememoryto fifos only if neces-
sary(asmuchaspossible).Our experimentsshow that theproposedexecutionstrategy has
a betterperformance(execution-time/memory-usageratio) thantheexisting solutionimple-
mentedin for example[4] and[5]. Furthermore,it allowsfor adesign-timetrade-off between
executiontime andmemoryusage.A final strongaspectis that it scalesin a straightforward
way to massively parallelarchitectures.

As futurework, we would like to do moreexperimentsto studythe executionbehavior
of processnetworks. The currentexecutionstrategy only increasesfifo sizes. However,
in certaincircumstances,an intelligentstrategy for reducingfifo sizescould leadto further
performanceimprovements. It might also be possibleto improve the profiling technique
by taking into accountnot only the amountof datastreamingthrougha fifo but also the
distributionof dataovertime. If datastreamingthroughafifo is distributedevenlyovertime,
it might bepossibleto reducethememoryallocatedto thefifo.

Furtherimprovementsin theexecutionof processnetworksmightbepossibleby improv-
ing the deadlockdetectionandresolutionstrategy. A processnetwork often consistsof a
numberof relatively independentparts.Currently, a deadlockin onesucha partcanonly be
resolvedafterthewholenetwork hasstoppedexecuting.It would beanimprovementif bot-
tleneckscausingartificial deadlocksin a partof thenetwork thatis relatively independentof
otherpartscouldbeidentifiedandremovedwithout having to wait until theentireexecution
hasdeadlocked.

Anotheraspectthat deserves further study is the integrationof the possibility to spec-
ify non-deterministicbehavior in processnetworks. This would make the paradigmmore
suitablefor developingapplicationscombiningstreamingbehavior with reactivebehavior. A
goodstartingpointcanbethework donein thePtolemyproject[5] thatfocusesonacoupling
of a largenumberof paradigmsincludingprocessnetworksandstatemachines.

Finally, we would like to further investigatethe executionof processnetworks on the
homogeneousmulti-processorarchitecturedescribedin [3]. Webelievethatthecombination
of processnetworksandthe homogeneousarchitectureis a very promisingonethatallows
for thefastdevelopmentof new applicationswith high-performancerequirements.
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