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Abstract. Kahn processetworks (KPNs)[1] area popularmodelingtechniquefor
media-and signal-processingpplications. A KPN makes parallelismand commu-
nicationin an applicationexplicit; thus,KPNs area modelingparadigmthatis very
suitablefor multi-processorarchitecturesWe presentechniquedor the efficient ex-
ecutionof KPNs,takinginto accountothexecutiontime andmemoryusage.
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1 Intr oduction

Many media-and signal-processin@pplicationsin consumerelectronicsand telecommu-
nicationsare naturally represente@s a collection of cooperatingsequentiaprocesseshat
communicatevia streamsof data. Typical examplesof suchapplicationsare MPEG2 en-
codinganddecoding. In his seminalpaper[1], Gilles Kahn investigategshe semanticsof
collectionsof cooperatingprocessesThe modelof computationdescribedn [1] is nowa-
daysknown asthe Kahn-process-netwk model. In [2], Kahn and MacQueendescribea
languagdor specifyingprocessetworks andanimplementatiorof thatlanguage.To date,
(variantsof) Kahn processetworks (KPNs)arecommonlyusedfor developingmedia-and
signal-processingpplications A strongaspecof KPNsis thatthey make (task-level) paral-
lelism andcommunicationn anapplicationexplicit, whichmeanghatthey arevery suitable
for executionon multi-processoarchitectures Furthermore KPNs have a straightforvard,
unambiguousemantica&ndthey arefully compositional Thus,KPNsfacilitatethe reuseof
applicationmodels,which is becomingincreasinglyimportantfor reducingthe designtime
of new productsandservices.

The mainfocusof this paperis on multi-processoarchitecturegalthoughthe presented
technigueslsowork for single-processaarchitectures)We considerboth (heterogeneous)
multi-processoarchitecturesvith sharednemoryand(homogeneousirchitecturesvithout
sharedmemorysuchasthe onedescribedn [3]. An importantquestionis how to execute
KPNs efficiently on somegiven multi-processorsystem,where efficiency is measuredn
termsof both memoryusageand executiontime. The two main problemsthat needto be
solvedarehow to find an efficient schedulej.e., an executionorderfor the processeanda
mappingto processorsver time, and how to efficiently allocatememoryto storethe data
streamghatthe processesiseto communicateThetwo problemscannotbe solvedin isola-
tion. Theamountof memoryresenedfor communicationnfluenceshe possibleexecution
ordersof theprocesses aKPN. It is alsoimportantto realizethatthe problemis oftennotto
executea KPN asfastaspossibleusingaslittle memoryaspossible;usually the problemis
to executethe KPN within the timing restrictionamposedby the applicationandwithin the
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Figurel: An exampleof a KPN

memorythatis availablein thesystem.lt is oftenthe casethatthemorememoryis allocated,
the betteris the executiontime. Ideally, a systemdesignemustbe ableto make a design-
time trade-of betweerexecutiontime andmemoryusagepreferablyusingno morememory
thanrequiredfor obtaininga certainexecutiontime. This paperpresentgechniquedor the
efficient executionof KPNson multi-processoarchitectureshatallow suchatrade-of.

In Section2, we introduceKPNsandtheirimplementationSection3 discusseshe prob-
lem of schedulingKPNsandit givesanoverview of existing schedulingapproachedt turns
outthatoneof theseapproachegs the mostpromisinggivenour requirementsin Section4,
we discusghis schedulingapproachin moredetail. It hastwo dravbacks:It mayintroduce
artificial deadlocksn the executionof a KPN andit may usemorememorythannecessary
Artificial deadlocksoccurwhennot enoughmemoryis allocatedto storedatastreamsbe-
tweenprocessesf too muchmemoryis allocatedo storethesedatastreamstheapplication
usesmorememorythanstrictly necessaryThus,thesetwo problemsneedto be solved be-
fore the schedulingapproachcan be usedasthe basisfor the efficient executionof KPNs.
Existingsolutionsdo not meetour efficiency criteria. Section5 present®ur solutionto cope
with the problemof artificial deadlocks.Section6 presentsa solutionto allocatememory
to storedatastreams.In both solutions,memoryis, asmuchaspossible,allocatedonly if
necessaryNote that our solutionsare not optimal in the sensehatthey guaranteghatthe
minimal amountof memoryrequiredis allocated;t is known thatthis problemis in general
undecidable However, the experimentdn Section7 show thatour solutionsarebetterthan
existing techniquesThey alsoshaw thatthetechniquegresentedn this papercanbe used
for adesign-timetrade-of betweenexecutiontime andmemoryusageasexplainedabove.
In Section8, we briefly explain how our techniquescaleto massvely parallelarchitectures
suchasthehomogeneousulti-processoarchitecturadescribedn [3]. Finally, in Section9,
we make someconcludingremarksanddiscusguture work.

2 KPNs and their implementation

A processs essentiallyadeterministianappingfrom someinputdatastreamso someoutput
datastreams.For simplicity, we consideronly processeshat have at leastoneinput andat
leastoneoutputstream.In practicalimplementationsprocesseareoftenimplementedn a
high-level programmindanguagesuchasC++ ([4]) or Java([5]). A typical processonsists
of a, possiblynon-terminatingiteration;in eachcycle of theiteration,it consumesomedata
fromits inputstreamsit manipulateshedatarecevedin thisway, andit producesomedata
onits outputstreams.

Processeareconnectednto a network via theoeetically unboundedjueuescalledfifos
becausealatais consumedrom thesequeuesn afirst-in first-outorder Thesefifos provide
storagefor buffering the datastreamdetweernprocessesProcesselhave no othermeanso
communicatevith eachotherthanthesefifos. Inputsandoutputsof processes a KPN that
arenotconnectedo afifo form theinputsof the KPN from theenvironmentandits outputsto
theernvironment.Again, we consideronly KPNsthathave atleastoneinputandoneoutput;
aKPN canonly communicatevith its ervironmentvia its inputsandoutputs.

Figure1 depictsa typical KPN. Processeare denotedvy circles,fifos by arcsbetween
processesandinputsfrom andoutputsto the ernvironmentby unconnectearcs.
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An executionof a KPN consistsf the executionof the processed is built from, assum-
ing thata processlocksif it triesto readdatafrom anemptyfifo or anemptyinputfrom the
ervironment;a blocked processmay resumeexecutionassoonasnewv databecomesvail-
able.In [1], Kahnshownsthatthe orderof executionof theprocesses anetwork s irrelevant
in the sensethat, given someinput datastreamsary orderyields the sameoutputstreams.
As aconsequence KPN is not essentiallydifferentfrom a processandcanthusbe usedas
aprocessn alargerKPN. In otherwords,KPNsarecompositionalwhichis averydesirable
propertyalthoughit doesnot play arole in theremainderof this paper

Following [6], we distinguishstrictly boundedboundedandunboundedKPNs. A KPN
is strictly boundedif andonly if any executionof the network requiresboundedmemory;
it is boundedif andonly if thereis someexecutionthat requiresboundedmemory; it is
unboundedf andonly if any executionrequiresunboundednemory Unfortunately the
guestionwhetheraKPN is (strictly) boundeds undecidablg7].

A particularly interestingclassof KPNs are the boundedKPNs whoseexecutioncon-
tinuesindefinitelywhenthey areprovided with sufficientinput. Many practicalmedia-and
signal-processingpplicationdall into this class.Thechallengés to executesucha KPN us-
ing only boundednemory preferablynotmorethannecessaryo meetthegivenperformance
requirements.

3 SchedulingKPNs

Assumehatsomeapplicationdesignedsa KPN mustbeimplementedn somegivenmulti-
processosystem.The problemof schedulinga KPN on sucha systemis to determinewhich
processxecutesatwhich processoateachpointin time. A scheduleis amappingfrom pro-
cesseso processorsvertime. Two differentapproaches schedulingcanbedistinguished,
namely static and dynamicscheduling. Static schedulingmeansthat a scheduleis deter
minedat compile-time whereaslynamicschedulingneanghata schedulas determinecat
run-time. It is known thatit is impossibleto determineefficient staticschedulegor KPNs
in general7]. Onecoulddecideto solve this problemby restrictingthe classof KPNsto a
classthatallows staticschedulingsuchassynchronouslataflow networks[8]. However, we
do notwantto limit the modelingfreedomof applicationdesignersThus,we do notrestrict
theclassof KPNsand,consequentlythe emphasisn this paperis on dynamicscheduling.
The basisof a dynamicschedulingalgorithmis a setof readyprocessesAt ary pointin
time, the schedulerchoosesas mary of the readyprocesse$or executionastherearefree
processorsvailable. Two differentgeneralapproachesanbedistinguishedor determining
the setof ready processest ary given point in time. In demand-driverscheduling,the
driving force behindthe schedulingalgorithmis the demandfor data. The key ideais that
only datathatis really neededs produced.Demandoriginatesat the outputsof the KPN.
Thatis, initially, thereadyprocessearethoseprocessesesponsibldor producingoutput. If
arunningprocesgequiresdatafrom anemptyinputfifo, it blocks. Thus,nen needfor data
arisesanddemandpropagateshroughthe KPN. The producerof the desireddatabecomes
a readyprocessandthe processothat was executingthe blocked processmakesa context
switchto startexecutinganothereadyprocesslf aprocesproducesequestediata,it stops
beingexecutedandit is no longera readyprocess.In data-drivenschedulingthe driving
force behindthe schedulingalgorithmis the availability of data. Initially, datais (or should
be)availableattheinputsof theKPN. Thus,theprocessesonsuminghesedataaretheready
processeskRunningprocessemay producedata,meaningthatotherprocessemaybecome
ready A processstopsbeingreadywhenit hasno longerinput dataavailable.
Bothdynamic-schedulingpproachebaveimportantdisadwantagesData-drvenschedu-
ling easilyleadsto unboundedxecutionwithoutever producingoutput.Inputprocessestart
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processingnput dataandcontinuedoingsoaslong asinput datais available;sincefifos are
theoreticallyunboundedstoragefor produceddatais never a problem. Despitethe factthat
otherprocessemaybecomeaeadybecaus®f theproducedlata,anave executionwill make
no progressowardsoutputandeventuallyrun outof memory Demand-dwenschedulingof-
tenleadsto mary expensve contect switchesfrom oneprocesdo another Sinceinitially all
fifos in a KPN areempty demancheeddo propagatdrom the outputsto theinputsof a net-
work, resultingin achainreactionof context switches.If inputhasbeenreadandprocessed,
the produceddatapropagategrom the inputsto the outputs,againresultingin a chain of
context switches.This procesgepeatver andover again,yielding very poorperformance.
In addition,becausef the needto propagatelemandthis approachs not very suitablefor
massvely parallelarchitecturesuchastheonedescribedn [3]. Demandpropagatiorcauses
alot of additionalinter-processocommunicatiorwhichis usuallyrelatively expensve.

Theanswelliesin hybridapproachedn [2], KahnandMacQueerproposean extension
of demand-drenschedulingwvith anticipationcoeficients. Eachfifo f is assigne@nantic-
ipation coeficientac(f). A producerof datarequestedhrough f may continueproducing
an additionalac( f) amountof datain f afterit hasfulfilled the demand.A disadwantage
of this approachis thatit is still essentiallyjdemand-drien, which meansthatit is still not
optimalfor exploiting massve parallelism.

In [9], JagannathaandAshcroftproposehe Eazyflov modelof computationin thecon-
text of the functionaldata-flav languagd_ucid. In Eazyflov, partsof a Lucid programare
classifiedasdata-drvenandpartsareclassifiedasdemand-dien. The disadwantageof this
approachis that the classificationof programpartsand the resultingexecutionengineare
nontrivial.

A final approachjs to boundthe size of fifos combinedwith an essentiallydata-drven
execution,asis donein [4, 6]. Theboundsonfifos guaranteg¢hatonly arestrictedamountof
datais producedor whichthereis notyet a cleardemandwhich meanghattheapproachs
alsodemand-druenin somesense)A runningprocesshatattemptdo producein afull fifo
blocksandis removedfrom the setof readyprocessesothatthe processors freedfor other
processesAdvantage®f this approacharethatit is efficientandvery easilyimplementable,
thatit is well-suitedfor exploiting parallelismandthatit fits well with thetypical media-and
signal-processingpplications.An importantdisadwantages thatit is difficult to determine
theappropriatdifo sizes.If boundsarechosenoo large,theapplicationusesmorememory
thannecessarylf boundsarechosenoo small, the performanceanight drop becausef the
mary context switches.In addition,onemightintroduceartificial deadlocksn anapplication.
The latter occurswhenall processe# a processnetwork block on full or emptyfifos and
atleastoneprocesdlockson afull fifo. Thedeadlockis artificial becausesucha deadlock
cannotoccurin a KPN with unboundedifos. Neverthelesshbecausef its advantagesywe
decidedto further investigatethe approachwith boundedfifos andto try to overcomeits
disadwantagesThenext sectiongoesinto moredetail.

4 Processnetworks with boundedfifos

In the remaindera processnetwork(PN) refersto a collectionof processesonnectednto
anetwork via boundedifos. ThetermKahnprocessetwork (KPN) is resenedexclusively
for anetwork of processesonnectediia unboundedifos. The executionof a PN is saidto
deadlod if all processeblock onfull or emptyfifos. A deadlockis artificial if atleastone
procesdlocksonafull fifo.

Figure2 shonvs a PN in a deadlock. Attachedto eachfifo is its size. All processesire
blocked eitherin a write actionon a full fifo, denotedby a “w”, or in areadactionon an
emptyfifo, denotedoy an“r”. Thedeadlockis atypical exampleof anartificial deadlock.It
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Figure2: A PNin anartificial deadlock

is causeddy thefactthatthe total amountof storagein the upperbranchbetweerprocesses
p andq is insufficient. It canberesolhedby increasinghetotal size of the four fifos in that
branchby someappropriateamount.

The ideabehindPNsis to usethemasan approximationof KPNs. An applicationde-
signedas a KPN is implementedby choosingan appropriatePN, executingthis PN in a
purely data-drvenway, andresolvingartificial deadlocksat run-time,if necessaryTwo cri-
teriaapply: First, the executionof the PN shouldbe outputcompletein the sensehatoutput
thatwould have beenproducedyy the KPN mustalsobe producedoy the PN. Secondif pos-
sible, the executionmustbe bounded In practice thesetwo criteria cannotalwaysbe fully
metbecaus&PNs mayinherentlybe unboundedindthusmay needunboundednemoryin
orderto produceall possibleoutput. In caseof suchanunbounde&PN, it will be executed
until it runsout of memory producingas much outputaspossible. Two problemsneedto
be solved. First, how to chooseappropriateboundson the fifos in a KPN? Thatis, how to
transformthe KPN into an appropriatePN? Second how to resole artificial deadlocksjf
necessaryNote thatit is not necessaryo resole an artificial deadlockif the executionof
thePN s alreadyoutputcomplete.

In [6], Parksalsodiscusseshe executionof processnetworks with boundedfifos. He
describesa straightforvard strateyy for resolvingartificial deadlocks.Assumethatthe size
of afifo is definedin termsof somepredefinedunit, possiblyrelatedto the size of the type
(numberof bytes)of the datastoredin thefifo. Initially, the sizeof all fifos is setto some
predefinedor userdefinedvalue. If an artificial deadlockoccurs,the smallestfull fifo is
increasedy oneunit; in thisway; it is guaranteedhatall bottlenecksn a PN areeventually
removed. Thequestionis whetherthis stratgy for determiningandexecutingPNssolvesthe
two problemsmentionedabove in a satishctoryway. Unfortunatelyit doesnot. It hasthree
major dravbacksthat are bestillustratedvia the examplesof Figure 3, which shovs some
variantsof the PN of Figure2.

Following the abore mentionedstratey for resolvingartificial deadlocks,in all three
examplesof Figure3, thefifo between andp is enlagedfirst. However, in noneof thecases,

W 10°\_/ 10 r [
PN W5 (P N X\cl) 100 1010
l lw/(“)%o @V\io () lor@\@
P W5 ® \12 . 10 . llg) 1boo 10 — o T
J r r

Figure3: Examplef artificial deadlocks
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this is appropriate.In PNy, the artificial deadlockis, asin Figure 2, causedoy insufficient
spacen thefifos in theupperbranchbetweenp andqg. Thesolutionis to enlageary of these
four fifos. In PNy, the causeof the artificial deadlockis different. Processw is blocked on

anemptyinputfrom theernvironment.In this casethebottlenecks thefifo betweers andq,

despitethefactthatit is muchlargerthanary of the otherfifos. In PNz, thereis no problem
atall. Notethatit is identicalto PN, exceptthatoutputproces is blockedon anemptyfifo

betweerny ando. Providedthattheinputof w staysempty the PN is guaranteedo beoutput
complete.lt doesnot make sensdo increasehesizeof arny of thefull fifos.

The disadwantagesof the abose mentionedstraightforvard stratgy are now obvious.
First, asthe first two examplesof Figure 3 show, the smallestfull fifo in a PN is not nec-
essarilythebottleneckcausinganartificial deadlock.Thus,choosingo increasehe smallest
full fifo mightleadto unnecessariljargefifos. In PNy, the overheads still relatively small.
However, in PNo, thefour fifos connecting to s areall enlagedto asizeof 1000r 101before
thefifo betweens andq is enlaged (assuminghatsufficient input is availableat process
andthattheinputatw staysempty).Second{hestratgy doesnottake into accountwhether
or nota PN is outputcomplete which meanghatin somecasedifos continueto grow even
if thePNis alreadyoutputcompletePNs of Figure3 illustratesthis point. Finally, for auser
it is oftendifficult to definemeaningfulfifo sizes,especiallyfor large applicationsonsisting
of hundredsof processeandfifos or if optimalfifo sizesvary asin the examplesof Figure
3. Thealternatve of usinga predefineddefault sizehastheimportantdravbackthatit leads
to unnecessarilfargefifos if optimalfifo sizesvary.

Thenext two sectiongntroducean approactthatdoessolve the two problemsof choos-
ing appropriatdifo sizesandresolvingartificial deadlockssatishctorily. We first focuson
resolvingartificial deadlocks.

5 An efficient schedulingalgorithm

Theideabehindour schedulingalgorithmis to scheduld®Nsin a purelydata-drvenway and
to resole artificial deadlocksn suchaway that,asmuchaspossiblefifo sizesareincreased
only if necessaryThe examplesof Figure3 sere asour mainmotivation.

The crucial problemis to find a way to identify the bottlenecksn a PN in caseof an
artificial deadlock.An importantobsenationis thatthe causeof a reador write blockin a
PN is alwaysa uniqueotherblocked process.Thereasons thatprocessesliwaysblock on
preciselyonefifo andthatfifos aredirectedpoint-to-pointconnectiongrom oneprocesdo
anotherone.Consideyfor example,PN; of Figure3. Process is blockedon afull fifo to p.
Thus,thecauseof i’s blockis thefactthat p is blocked; similarly, p’s blockis causedy u’'s
block, u’s block by t’s block, t’s block by s's block, ands’s block by g’s block. Particularly
thelattercombinationis interestingoecause’s block is awrite block whereagy’s blockis a
readblock. To resole the artificial deadlockof PN;, we have to increasehe size of oneof
thefull fifos in the PN; the full fifos areexactly thosein the chainfromi to q via s. Given
the above obsenation on the causeof the blocks, thereis no reasono choosea fifo other
thanthefifo from s to q. In fact, we may concludethat the bottleneckcausingan artificial
deadlockis alwaysthefirst fifo in chainof full fifos, provided of coursethatthereis a first
one.In caseof acycleof full fifos, thereis no clearfirst full fifo. In suchacasetheresimply
is insufficientspacan thecycle andthusthe combinedifos in the cycle form the bottleneck.
Summarizing,bottleneckscausingartificial deadlocksare always of one of the two forms
depictedn Figure4.

Of course,it may happenthata PN in an artificial deadlockhasmore thanone bottle-
neck. In addition,the questionariseswhethersituationsasdepictedin Figure4 arealways
bottleneckghatneedto beresohed. In fact,this secondquestiorhasalreadybeenanswered



T. BastenandJ. Hoogerbruggé Efficient Executionof ProcesdNetworks 7

Figure4: Thesstructureof bottleneckcausingartificial deadlocks

negatively. In PNs of Figure3, thefifo betweerprocesses andq appearso be abottleneck.
However, in the previous section,we have alreadyseenthat PN is outputcompleteand,
thereforethatfifo s-q is notabottleneck.lt is straightforvardto constructa similar example
with a cycle of full buffers. Thus,two questionsieedto beanswered(i) whenaresituations
asdepictedin Figure4 bottlenecksand(ii) how to choosewhich bottleneck(s)o solve in
caseof multiple bottlenecks?

The answerto thesequestiondies in the criterion that the executionof a PN shouldbe
outputcomplete. The startingpoint for the analysisof an artificial deadlockare therefore
the processegroducingoutputfor the ervironment. Sinceeachreador write block hasa
unique cause,it is possibleto track the entire chain of causedeadingto the block of an
outputprocess.Consideragainthe threePNsof Figure3. Figure5 depictsfor eachPN the
chainof causedeadingto the block of outputproces.

The answerto the first questionposedabove is that patternsasin Figure 4 are only
bottlenecksf they occurin thechainof causeseadingto ablockedoutputprocessResolving
thesebottlenecksn the examplesof Figures3 and5 leadsto the correctsolutions. In both
PN; andPNy, thefifo s-q is the only bottleneckin the chainof causeslocking o, whereas
in PNs thereis no bottleneckieadingto the block of 0. Thus,in thefirst two casesfifo s-q
shouldbeenlaged,whereasn thethird caseno actionshouldbetakenbecauséNs is output
complete.

Thequestiorremainswhatto doif therearemultiple bottlenecksn a causakhainblock-
ing an output. Figure 6 shavs an exampleof sucha situation. Both fifos p-g (of size10)
andr-o (of size 5) are bottlenecks. If the PN can be executedin boundedmemory it is
guaranteedhat the artificial deadlockcanbe resohed by enlaging one of thesetwo fifos.
The choicemight not matter However, maybeit does.Without additionalinformationabout

PNy

PN,

PNs

Figure5: Chainsof causedeadingto blocksof outputprocesses
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Figure6: Two bottlenecksn acausakhainleadingto a blockedoutput

theimplementatiorof the processest cannotbe guaranteedhatthe correctchoiceis made.
Sincewe wantto keepthe deadlock-resolutiomlgorithmassimpleaspossibleand,in par
ticular, independenof theimplementatiorof processesye decidedto choosea strategy that
is sometimesuboptimakwith respecto the obtainedfifo sizes).In caseof multiple bottle-
necksin asinglechainof causeblockinganoutput,we choosdo enlagethesmallesffifo in
ary of thebottlenecksin theexampleof Figure6, this meanghatfifo r-o is enlaged.In the
worstcasejf r-o is nottherealbottleneckthis stratgyy meanghatthe sizeof r -o becomes
10 or 11 before p-q is enlaged. Thus,asin the approachof [6], fifo sizesmight become
unnecessariljarge. However, our stratgy minimizesthe chancethatthis problemoccurs.
As afinal point, obsene thata PN might have multiple outputprocessesin caseof an
artificial deadlockin sucha PN, it is interestingto analyzefor eachoutputprocesghe chain
of causedeadingto its block. If thesechainsaredisjoint, the bottlenecksn thesechainsare
independentTo ensuremaximalprogresof the PN, it is a goodstratey to enlagein each
of the chainsthe smallestbottleneckfifo in thatchain. Note thatseveral chainsmight share
bottlenecksin sucha casejt of coursesufiicesto enlage a bottleneckfifo only once.
Summarizingheabove obsenationsleadsto thefollowing schedulingalgorithmfor PNs:

1. executethe PN in adata-drvenway until adeadlockoccurs;
2. if thedeadlockis not artificial, thenterminatethe execution;

3. if thedeadlockis artificial, determineall causalchainsleadingto blocked outputpro-
cesses;

4. determindor eachcausalkchainthe bottleneckfifos in thatchain;

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

6. enlage the smallestbottleneckfifo in eachcausalchainblocking an output, making
surethatnofifo is enlagedmorethanonce;

7. returnto stepl.

Fromthe above discussionsit is clearthat artificial deadlocksareresohedif andonly
if the executionof a PN is not yet outputcomplete. Furthermore aslong asthe chainsof
causedeadingto blocked outputprocesseslo not have multiple bottlenecksfifo sizesare
only increasedf really necessaryln casethata chainhasmultiple bottlenecksfifos might
grow without necessitybut this growth is guaranteedo be boundedf a boundedexecution
of the PN exists. As a consequencehe 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 a straightforvardway with only little overhead.
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executiontime __,

memoryusage—>

Figure7: Tuningthesizesof fifos in aPN

6 Choosingappropriate fifo sizes

It remainsto solve the problemof obtainingappropriateboundsfor the fifos in a KPN, in
orderto turnit into a PN. Our solutionis to tunethe sizeof fifos in a PN at designtime via
simulationruns. Initially, the sizeof fifos is setto somepredefinedsmallvalue.In anumber
of simulationruns, possiblywith varying inputs, bottlenecksn the PN are resoled fully
automaticallyandthetotalamountof datastreaminghrougheachfifo is measuredTheidea
is to setfifo sizesproportionalto theamountof datastreaminghroughthemandsuficiently
largeto avoid artificial deadlocksAn interestingobsenationis thatthefifo sizesdetermined
in this way are in somesenserelative sizes. The experimentsmight, for example, shov
thatonefifo transportdive timesasmuchdataasanotherfifo andthatno artificial deadlocks
occurif thetwo fifos sizesaresetto 5 and1, respectrely. However, suchsmallsizesmaystill
resultin mary context switches.Thus,if executiontime is anissueandmemoryis available,
thenonecould chooseo setthe sizesof thetwo fifos to 50 and10, respectiely.

In general,one could do a numberof experimentsto generatea graphas depictedin
Figure7. With very smallfifo sizes,the overheadof contect switchesresultsin very poor
executiontime. If sizesareincreased- while maintainingrelative sizes—, the execution
timeimproves.Usually, theimprovementoecomesmallerif fifo sizesbecomdargerand,at
somepoint, a furtherincreasen fifo sizeswill have no further effect on the executiontime.
Dependingon the execution-timerequirementandthe availablememory onewill probably
choosefifo sizescorrespondindo pointscloseto the marked pointson the graphin Figure
7. Thus,the proposedechniquefor determiningfifo sizesallows the applicationdesigneto
make atrade-of betweerexecutiontime andmemoryusageasexplainedin theintroduction.

Following the stratgyy sketchedabove, ‘optimal’ fifo sizesareobtained.Of course the
sizesarenot truly optimal: First, they areonly basedon a numberof simulationruns; sec-
ond, it is known that, sincedecidingboundednesef KPNs is undecidablethe problemof
determiningoptimal fifo sizesfor PNsis alsoundecidable.It canalsonot be guaranteed
thatartificial deadlocksanalwaysbe avoided. Otherinputsthanthoseusedin the simula-
tionsmightleadto new artificial deadlocks As aconsequencen thefinal product,artificial
deadlocksnuststill beresolhedrun-time.

Of course,it is alsopossibleto make a trade-of betweenexecutiontime and memory
usagevia a graphasthe onedepictedin Figure 7 usingthe straightforvard stratgy of de-
terminingfifo sizesandresolvingartificial deadlocksof [6]. However, we believe that our
approacHeadsto a betterexecutiontime whena fixed amountof memoryis used,because
memoryis allocatedto fifos in a moreintelligentway. The effectis illustratedin Figure8,
wherethe uppergraphcorrespondso the performanceof the straightforward techniqueof
[6] andthe lower graphto the performanceof the techniquegroposedn this paper The
experimentf Section7 confirmour belief.

An interestingssueis thattheconcepbf profiling thecommunicatiorbetweermprocesses
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executiontime __,

memoryusage—>

Figure8: Improving the performancesf PN executions

for determininginitial fifo sizescomplementghe nenv deadlock-resolutiorstratg)y. Both
techniguesallocatememoryto datastreamsonly if necessaryThereasorthatthey comple-
menteachothervery well is thatthe stratey of resolvingdeadlockds independenof fifo
sizes. The standarddeadlock-resolutiostratey of [6] doesdependon fifo sizes. The risk
that standarddeadlockresolutiondestrgs the effect of profiling is high becauset always
enlagesthe smallestull fifo, independenodf whetheror notthisfifo is a bottleneckfifo.

7 Experiments

In this section,we discussa numberof experimentsto comparethe proposediechniques
for the efficient executionof PNsto the techniquegproposedn [6]. The experimentswere
performedusing YAPI [4], which is a library of C++ classesmplementingPNs. Although
PNshave beendevelopedasa programmingparadigmfor multi-processoarchitecturesthe
experimentsvereperformedon a single-processadP system.The bestway to quantify the
effectsof the executionstratgy on the executiontime of a PN is to measurehe numberof
context switchesthatoccurduringthe execution. The reasons thatthe executiontime of a
PN is mostlydeterminedy thetime neededor dataprocessinggndcommunicationandthe
time neededor contect switches.Theformeris to alargeextentindependenof theexecution
strateyy, whereaghe latteris in principle overheadhatcanbe reducedby choosinga good
executionstratgy. The numberof context switchesthatareneededn the executionof a PN
IS mostaccuratelymeasuredn a single-processomachine becausen sucha systemthe
executionstratgy is the mainfactorinfluencingthe numberof contect switches.In a multi-
processosystemthe numberof context switchesin the executionof a PN is influencednot
only by the executionstrateyy but alsoby otherfactorssuchas, for example,bus loadsor
(relative) processospeeds.

Two applicationsare usedin the experiments,namely MPEG2 decodingand MPEG2
encoding. The experimentsguantify the effect of the proposedechniqueon the total per
formancein termsof executiontime andmemoryusage.The aim of the experimentss to
drawv graphssimilar to the graphin Figure 7. As explainedabove, the numberof context
switchesis usedasa measurdor the executiontime. Thetotal sizeof all fifos atthe endof
the executionis usedasa measurdor the memoryusage.For eachof the two applications,
we comparedhreeexecutionstratgjies:

1. Settheinitial fifo sizesto somedefault value and usethe straightforvard deadlock-
resolutionalgorithmof [6].

2. Setthe initial fifo sizesto somedefault value and usethe new deadlock-resolution
algorithmproposedn this paper

3. Determinenitial fifo sizesvia profiling asproposedn theprevioussectionandusethe
new deadlock-resolutioalgorithm.
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Figure9: Experimentatesults:total performance

The first and third stratg)y correspondo the executionstratejies proposedn [6] and
in this paper respectrely. The secondstratgly combinesdefault initial fifo sizeswith our
deadlock-resolutiostratey in anattemptto quantify the effect of intelligentdeadlockreso-
lution in isolation.

Figure 9 shows the resultsof the experiments. The graphscorrespondingo the three
stratgyiesmentionedabove arelabeled'default-old’, ‘default-nev’, and‘profiled-new’, re-
spectvely. For both applications the stratey proposedn this paper(profiled-nav) gives
muchbetterresultsthanthe strateyy proposedn [6] (default-old).

For the MPEG2decoderthe graphsof thefirst two strategies(almost)coincide.A closer
analysisof the resultsrevealsthatin the executionof the MPEG2decodemwith sufficiently
large initial fifo sizesno artificial deadlocksoccur whereasonly a singleartificial deadlock
occursif the default fifo sizesaresmall. In the latter case the deadlock-resolutiostratey
proposedn this paperclearly identifiesthe bottleneckcausingthe artificial deadlockand
increaseghe size of only a single fifo, whereasthe stratgyy of [6] increasesa few fifos
unnecessarilyHowever, the effects of the differentstratgieson the total performanceare
too smallto bevisible in Figure9. The obsenedimprovementin performancevhengoing
from thefirst to the third stratgly mentionedabove is causeccompletelyby the approacho
determineinitial fifo sizesvia profiling. Note thatthe input datausedfor profiling the PN
modelof the MPEG2decodelandtheinput datausedin the measurement®r the ‘profiled-
newn’ graphin Figure9(a)aredifferent.

Theresultsfor the MPEG2encodeshon alargeimprovementwhencomparinghestrat-
egy proposedn this paperwith the stratgy of [6]. Interestingly alsothe stratgy combining
defaultinitial fifo sizeswith intelligentdeadlockresolutionshows betterresultswhencom-
paredo thestratgy of [6]. Boththeintelligentdeadlock-resolutiostratgy andtheapproach
to determinanitial fifo sizesvia profiling contritute significantlyto the overall performance
improvement. The reasonis that both techniquesallocatememoryto fifos in a moreintel-
ligent way thanthe straightforvardtechniquesf [6]. Sincedeadlock-resolutiohasalarge
influenceon memoryusageijt is interestingto comparethe two deadlock-resolutiostrate-
gieswith respecto theamountof extramemorythatis allocatedduringexecutionto resole
artificial deadlocksstartingwith fifos of a default size. Figure 10 shows thattheintelligent
deadlock-resolutiostratgy needdessmemorythanthe straightforvardstratey. Whenini-
tial fifo sizesaresmall,andthusthe mostartificial deadlocksoccur the amountof memory
savedis over 10%.

A final remarkis in order The YAPI library that hasbeenusedfor the experiments
implementsan extensionto PNs consistingof a constructthat allows designerdo specify
non-deterministibehaior. The MPEG2-encodemodelcontainsonesucha construct.The
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currentimplementatiorof our deadlock-resolutioalgorithmcannotyet efficiently copewith
this construct. Our currentsolutionis to switch to the straightforward deadlock-resolution
approaclof [6] if the constructoccursin the chainof causedeadingto a blocked outputin
an artificial-deadlocksituation. In the experimentswith the MPEG2-encodesucha switch
occursanumberof times. As alreadymentionedn Section6, the straightforvard deadlock-
resolutionapproachdoesnot work well togetherwith the profiling technique. For similar
reasonsasthosementionedn Section6, it doesalsonot work well togetherwith the new
deadlock-resolutiotechnique.Thefactthatthe experimentgyive goodresultsdespitethese
obsenationsstrengthensur beliefthattheproposedechniquesrepromising.Nevertheless,
we considelit animportanttopic for future work to incorporatenon-determinisnin PNs(on
aconceptualevel, in YAPI, andin the executionstratey).

8 Distrib ution

Thenumberof transistorghatcanbe putonasinglechipis increasingapidly meaningthat
massvely parallel,single-chipmulti-processoarchitecturessuchastheonedescribedn [3],
are becomingreality. Kahn processnetworks are an excellentprogrammingparadigmfor
sucharchitecturebecausehey make parallelismandcommunicatiorexplicit. Giventhese
obsenations,we wantour executionstrateyy for PNsto be scalableo suchmassvely paral-
lel architecturesThearchitecturadescribedn [3] hasahomogeneoutwp-level morphology
consistingof identicalinterconnectediles; eachtile is a heterogeneousulti-processosys-
tem consistingof a numberof general-purpose€PUs, dedicatedcoprocessors(on-chip)
memory and interconnect. The low-level heterogeneouspecializationguaranteeperfor
mancewhereaghehigh-level homogeneoustructureof tiles allows for easyscalability An
importantaspecbf thearchitecturas thatit doesnothave processinginitsor sharednemory
onthelevel of tiles. If PNsareusedasa programmingparadignmfor suchanarchitecturethe
executionof PNsmustbedistributedoverthetiles. Thetechniqueshatwe proposearevery
suitablefor that purpose.First, the data-drven executiondistributestrivially andit allows
for the easyexploitationof any parallelismthatis allowedby the data. Secondthe profiling
techniqueis independentf the underlyingarchitecture. Third, deadlockdetectioncan be
implementecefficiently using,for example,the algorithmof [10]. This algorithmis based
ontheexchangeof anumberof tokensbetweerthecomponentgarticipatingin adistributed
computationj.e., thetiles. Theinformationneededo decidewhetheror not a deadlockin
the executionof a PNis artificial caneasilybeaddedo thesetokens.If adeadlockurnsout
to beartificial, the deadlock-resolutiomlgorithmproposedn this papercanbe initiated on
thetile(s) thatis (are)hostingthe outputprocess(espf the PN.
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9 Concluding remarks

In this paper we have describedechniquedor the efficient executionof Kahn ProcessNet-
works. The basisconsistsof a data-drven executionof the processnetwork while setting
boundsonthefifos usedfor storingdatastreambetweerprocessesWe proposeo determine
initial fifo sizesby profiling the communicatiorbehaior of anapplication.Sincebounding
thefifo sizesin a processetwork might resultin artificial deadlocksf initial fifo sizesare
chosertoo small,we alsoproposeatechniqueor identifying andallocatingextramemoryto
thebottleneckiifos causingsuchartificial deadlocksThe profiling- anddeadlock-resolution
techniqguesomplementachotherwell becausehey allocatememoryto fifos only if neces-
sary(asmuchaspossible).Our experimentsshav thatthe proposedexecutionstratgy has
a betterperformancgexecution-time/memory-usagatio) thanthe existing solutionimple-
mentedn for example[4] and[5]. Furthermoreit allowsfor adesign-timedrade-of between
executiontime andmemoryusage A final strongaspecis thatit scaledn a straightforward
way to massvely parallelarchitectures.

As future work, we would like to do more experimentsto studythe executionbehaior
of processnetworks. The currentexecutionstrategy only increasedifo sizes. However,
in certaincircumstancesan intelligent strateyy for reducingfifo sizescould leadto further
performancemprovements. It might also be possibleto improve the profiling technique
by taking into accountnot only the amountof datastreamingthrougha fifo but alsothe
distribution of dataovertime. If datastreaminghroughafifo is distributedevenly overtime,
it might be possibleto reducethe memoryallocatedo thefifo.

Furtherimprovementsn theexecutionof processietworks might be possibleby improv-
ing the deadlockdetectionand resolutionstratgy. A processnetwork often consistsof a
numberof relatively independenparts.Currently a deadlockin onesucha partcanonly be
resolhedafterthewhole network hasstoppedexecuting.It would be animprovementf bot-
tleneckscausingartificial deadlocksn a partof the network thatis relatively independenof
otherpartscould beidentifiedandremovedwithout having to wait until the entireexecution
hasdeadlocled.

Anotheraspectthat deseres further studyis the integration of the possibility to spec-
ify non-deterministidehaior in processnetworks. This would make the paradigmmore
suitablefor developingapplicationscombiningstreamingoehavior with reactve behaior. A
goodstartingpointcanbethework donein the Ptolemyproject[5] thatfocuseonacoupling
of alarge numberof paradigmsncluding processietworks andstatemachines.

Finally, we would like to further investigatethe executionof processnetworks on the
homogeneousulti-processoarchitecturalescribedn [3]. We believe thatthe combination
of processetworks andthe homogeneouarchitecturdas a very promisingonethatallows
for thefastdevelopmenif new applicationswith high-performanceequirements.

Acknowledgement We wantto thank Paul Strarersandthe anorymousrefereedor their
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