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Abstract In this paper we considerthe problemof analyzingdataflow pro-
gramswith the propertythatactorproductionandconsumptiorratesarenot con-
stantand fixed, but limited by intenvals. Suchinterval rangesmay resultfrom
uncertaintyin the specificationof anactoror asa designfreedomof the model.
Major questionsuchasconsistencyandbuffer memoryrequirementdor single-
processorscheduleswill be analyzedherefor such specificationsfor the first
time.

1 Motivation

The role of dataflow modelsof computationis becomingincreasinglyimportantfor

modelingandsynthesif digital processingpplicationsOur paperis concernedvith

analyzingdataflav graphswhosecomponentataratesarenot known preciselyin ad-
vance.Suchmodelsare often given due to imprecisespecificationsor dueto uncer

taintiesin the implementationExamplesof imprecisespecificationsnclude unknavn

executiontimes of tasks,unknovn datarates,unknovn consumptiorand production
behavior of modulesandmary more.For example,a speectcompressiorsystemmay
haveafixedoverallstructure However, thesubsystendataratesaretypically influenced
by the size of the speechsggmentthatis to be processedl]. Here,we will proposea
dataflow modelof computatiorthatis ableto modelsuchuncertairbehaior.

To understanguchmodels,it usefulto first review principlesof the syndironous
data flow (SDF) model of computation,where productionand consumptionratesof
dataflow actors,representingomputationablocks, consumefixed, known amounts
of data(tokens)upon eachinvocation.For suchgraphmodels,often representedby
a graphin which actorsare connectedby directedarcsthat transporttokens, mary
interestingresultshave beenshovn suchas 1) consistency2) memoryboundsand
memoryanalysis and 3) schedulingalgorithms Consistenyg, e.g.,is a staticproperty
of anSDF-graptspecificationwhichis necessaryn orderto guarante¢he existenceof
afinite sequencef actorfirings, alsocalleda schedule Typically, an SDF specification
is compiledby constructingavalid schedulei.e.,aschedulehatfireseachactoratleast
once,doesnot deadlock.andproduceso netchangen the numberof tokensqueued
on eachedge.For eachactorfiring, a correspondingodeblock is instantiatedrom a
library to producemachinecode.

In [5], efficient algorithmsare presentedo determinewhetheror not a given SDF
graphis consistenbr notandto determingheminimumnumberof firings of eachactor
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in a valid scheduleTypically, a (sequentiallschedulemay be representedby a string
of actorfirings suchas A(2B)(6C) for an SDF graphwith 3 actorsnamedA, B, and
C'in Fig. 1. Here,a parameterizeterm (nS1 S . . . S) specifiesn sucessie firings of
thesubschedulé&; .S, . . . S, andmaybetranslatednto aloopin thetargetcode.Each
parenthesizeterm(nS; S: . .. S) is calledscheduleloop. A loopedsdheduleis afinite
sequencé’ Vs ... Vi, whereeachV; is eitheranactoror ascheduldoop.

For agivenSDFgraphG, lower boundsfor the amountof requiredprogrammem-
ory have beenshawn to correspondo so-calledsingle-appeaancescedules where
eachactorappearsexactly oncein the schedulgerm, e.g., A(2B(3C")) for the graph

shavnin Fig. 1.
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Figurel. SimpleSDFgraph

Furthermore data memory requirementsyesulting from implementingeacharc
communicatiorvia a FIFO, aregiven by the sumof the maximumnumberof tokens,
resultingon eacharcduringthe executionof aschedule.

In [2], algorithmssuchasPGAN (pairwisegroupingof adjacenhodes)anda com-
plementanalgorithmcalledRPMC(recursvepartitioningby minimumcuts)have been
presentedo createschedulesvith the goalto generatesingle-appearancechedulesn
thefirst line with the secondyoalto minimize theamountof datamemoryneeded.

With resultssuchasthesein mind, we proposea powerful intermediateepresenta-
tion modelfor a broadclassof non-deterministiclataflav graphs.This model,called

ILDF, standingfor interval-rate, locally-staticdataflow. In ILDF graphs the produc-
tion and consumptiorrateson graphedgesremainsconstanthroughoutexecutionof
the graph(locally static), but theseconstantvaluesare not known exactly at compile

time;insteadt is only known whattheir minimumandmaximumvalues(interval-rate)
are.

Locally staticbehavior arisesnaturallyin reconfigurabledataflav graphs,suchas
thosearisingusingparameterizedataflav semanticg1]. For example,a speectcom-
pressionsystemmay have a fixed overall structurewith subsystendataratesthatare
influencedby the sizeof the speectsggmentthatis to be processedil]. Similarly, dur-
ing rapid prototypingof a filter bankapplication[9], one might parameterize¢he data
ratesof variousfilters to explorearangeof differentmulitiratetopologies.

Figure2 shonvs a compactdiscto digital audiotapesampleratecorversionsystem
thatis formulatedasan ILDF graph.Two of the corversionstages B and D, arenot
fully specifiedatcompiletime to allow for run-timeexperimentatiorduringrapid pro-
totyping.UsingILDF parameterizedcheduleslifferentversionsof thesefilters canbe
evaluatedwithout having to re-schedul@andre-compilethe application.

®171p1 = c Py 1

Figure2. An exampleof acompactdiscto digital audiotapesamplerateconversionsystemthat
is formulatedasanILDF graph.

Reasonablénterval rangesfor the unknowvn consumptionand productionvalues
arecy, ce € [3,7], andpy, p2 € [2,10]. In addition,to achieve the desiredoverall rate
corversionthevaluesmustsatisfy(pip2) /(c1c2) = 20/21.



An ILDF representationf suchapplicationswith carefulcompile-timeanalysiscan
helpto streamlinerun-timemanagemen(e.g.,schedulingandmemaoryallocation)and
verificationof suchapplicationsThis is the mainmotivationfor ourwork on ILDF.

More precisely in ILDF, the consumptiorand productionrates,denotedc(e) and
p(e) in the following for eacharce € E of a directedgraphG(V, E) with actorset
V andarc set E, arenot constantsand not staticallyfixed. Instead the only informa-
tion thatwe have is thatthe numbersrangewithin intervals, e.g.,p(e) € [p(€)min - - -
p(e)max] N N2 for eacharce € E. Similarly, c(e) € [¢(€)min - .. ¢(€)max] N N.

The uncertaintygiven by the introductionof rateintervals may be the resultof an
unknown or activation-dependertbehaior of an actor, or the freedomof the specifi-
cationto laterfix the parameteif possibleor necessaryn orderto guaranteeertain
properties.

For ILDF graphswe wantto addressimilarissuesaswith SDFgraphs:

— consisteng
— memorybounds
— valid schedule

In Section2, we definetheILDF model.In Section3, we assumehatavalid sched-
ule is possibleandgiven by analgorithmsuchasPGAN for which we investigatethe
problemof determiningthe datamemoryrequirementsWe deduceexpressionsand
algorithmsto determinethe maximumrequireddatamemoryrequirementsif the exe-
cutiontime of anactoris alsoboundedy aninterval, wefinally alsoanalysevorst-case
andbest-casexecutiontimesof agivenschedulén Sectiond. Experimentatesultsare
givenin Section5. Section6 providesareview of relatedwork.

2 Interval-rate SDF

Definition 1. An ILDF graph G(V, E) is a locally-static dataflow graph whele the
productionvalue p(e), consumptiornvaluec(e), and delayd(e) of each edgee € E
are constainedby intervals,i.e.,

— c(e) € [emin(e)...cmax(e)] N N,
— p(e) € [pmin(e) ...pmaz(e)] N N.
— d(e) € [dmin(e) ...dmaz(e)] N N.
2.1 Consistency

Sincethe productionandconsumptiorvaluesof anlLDF grapharenotpreciselyknown
in advanceijt is generallynot possibleto determinevhethera particularexecutionof an
ILDF graphwill proceedn aconsistentnanner(i.e., with avoidanceof deadlockand
with balanceddataproductionandconsumptioralongthe graphedges)We canspeak
of threedifferentlevelsof consisteny for ILDF graphsFirst,anILDF graphis consis-
tent or inherently consistentif for every valid settingof production,consumptionand
delay(P-C-D)valuegqary settingthatconformsto the productionconsumptionandde-
lay intervalsassociateavith the graphedges)the correspondingynchronouslataflav
graphis consistentinherentconsisteng occursfor example,in chain-structured DF
graphssuchasthe ILDF applicationshavn in Figure2. Corversely anILDF graphis
inconsistentor inherentlyinconsistentif for every valid settingof P-C-D values,the
correspondingynchronouslataflav graphis inconsistentAn ILDF graphthatcontains
a delay-freecycle is an exampleof an inherentlyinconsistengraph.Third, an ILDF

3 Let N denotethe setof the naturalnumbersn thefollowing.



graphis conditionallyconsistentf it is neitherinherentlyconsistennor inherentlyin-
consistentin otherwords,anILDF graphis conditionallyconsistentf thereis at least
onevalid settingof P-C-D valuesthat givesa consistensynchronouslataflav graph,
andthereis at leastonevalid P-C-D settingthatleadsto aninconsistensynchronous
dataflav graph.In generalthe particularform of consisteng thatan ILDF graphex-
hibits depend®othonthetopologyof thegraph,andthe productionconsumptionand
delayintervals.

3 Memory analysis

In generalfor an SDF graph,the buffer memorylower boundof adelaylessarce € E
is givenby

C p(0ele)
BMLE() = o 3(ple), @] @)

For example,in Fig. 1, we obtainBM LB((A, B)) = 2, BMLB((B,C)) = 3.4 A
valid single-appearanszhedulghatachievesthetotal lower boundof 5 memoryunits
(sum)is A(2B(3C)). In this consistenSDF graph,actor A thusfires 1 time, actor B
two times,andactorC' 6 times.

Let’s seehow the buffer memorylower boundmay be computedor ILDF graphs.
For example,let’s look at an ILDF graphwith just two actorsA and B andonearc
e = (A,B). Letp(e) = 2,andc(e) € [1...3]. TheBMLB dependhviously onthe
valueof the consumptiorrate.Correspondingo Eq. (1), we obtainBM LB(e) = 3 in
casec(e) =1, BMLB(e) = 21if ¢c(e) = 2,andBM LB(e) = 6 if ¢(e) = 3. Hence,if
we do notknow the actualrate,we mustresene atleast

N O O N
BMLB(e) = 12, sed({p(e), c@]) ?

memoryspacefor arce.

Example:Considerthe ILDF graphin Fig. 3 andthe highlightedarce = (A, B).
Undertheimplicit assumptiomf consisteng, wewouldlik eto know theminimalmem-
ory requirementdor arce if p(e) € [1...3] andc(e) € [2,3]. Obviously, the lower
boundis obtainedfor the combinationp(e) = 3,c(e) = 2 or for p(e) = 2,¢(e) = 3
with 6 units. o .

The naturalquestionis how one cancomputethe BMLBs for eacharc efficiently

without having to computeall combinationof p(e) andc(e) separately?

Theorem1 (BMLB computation). GivenanILDF graphG(V, E) with arateinterval
associatedvith eac productionnumberp(e) and each consumptiomumberc(e). The
maximumin Eq. (2) determiningBM LB(e) is determinedby the largest product of
p(e)e(e) where ged(p(e), c(e)) readesits minimalpossiblevalue

Proof. Letp € [pmin(e) ...pmaz(e)] andc € [emin(e) ...cmaz(e)] beacombina-
tion, whereged(p(e), c(e)) reachests minimumvalueandlet p, ¢ satisfythecondition
that thereis no distinctpair p’ > p, ¢’ > c in the above interval rangeswith larger
productp’c¢’ andwith equalged accordingto the assumptiorin thetheoremLet bmlb
bethecorrespondingalueof the buffer memorylower boundaccordingo Eq. (1). We
will shaw in thefollowing thatdecreasingitherp or ¢ will producdower valuesof the

* Notethatthevalue BM LB(e) is givenasthelcm (leastcommonmultiple) of thevaluesp(e)
andc(e).
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Figure3.ILDF graph

buffer memorylower boundaccordingto Eq. (1). Hence,the maximumaccordingto
Eq. (1) cannotbe determineddy suchpairs.Indeed,if we decrease by § € Ng or ¢
by v € No, we prove thatwe will obtainaBMLB valuebmlb' thatis smallerthanor
equalto bmlb. We have

—6)(c—1)
bt = 2= 0= 3
ng(p_(sac_’Y) ( )
Relatingbmlb andbmlb’ gives
bmlb (pe) y ged(p —d0,¢— 1) @)
bmib'  (p—6)(c—7)) ged(p, ©)
>1x1 (5)

Thefirst fractionis rationalandgreateror equalto 1 asdelta and~y areboth natural
numbersThe sameholdsfor the secondraction aswe assumedhat the denominator
of thesecondractionis the smallestpossiblegcdvalue.This finishesthe proof.

The following algorithm allows to efficiently compute BM LB(e) accordingto
Eq. (2) dueto theabove obsenation.

Input: pmin(e), pmax(e), cmin(e), cmax(e)
Output: BM LB(e)
bmlb =1,
for ¢ = emazx(e) downtocmin(e)
for p = pmax(e) downto pmin(e)
bmlb' = bmlb(p,c);

if blmb' > bmlb

bmlb = bmlb';
|fdgcd(p, c) = 1 break;
)

od
for p = pmaz(e) downto pmin(e)
for ¢ = emazx(e) downto cmin(e)



bmlb’ = bmlb(p, c);
if bimb’ > bmlb

bmlb = bmlb',

ifcf;Cd(p’ ¢) =1 break;
)

d
return(bmib);

Note that the two loopsare not completelyidentical. Eachloop canbe quit oncewe
obtaina combinationof p and ¢ wheretheir ged is 1 asthis the minimal gcd value
possible Thesecondoop, however, is necessaryaswe needa combinationof p ande
wheretheir productis minimal. Thefirst loop decreaseg in theinnerloop while the
secondoop decreasesin theinnerloop. Thefollowing two examplestry to make this
procedureclear

ExampleiLetp € [1,9] andc € [1, 5]. Startingwith ¢ = 5 andp = 9, we obtain
immediatelya breakof thefirst nestedoop block for thevaluesc = 5, p = 9 already
becauseheir gcd is 1. Then,the secondloop nestis executedbut this loop is also
immediatelyexited. Hence, BM LB(e) = 5 % 9 = 45 for this example.Although
enumeratie, the BLMB computationis quite fastasin mostcasesijf theintervalsare
quitelarge,it is likely thatthegcdbecomed.

Example:Letp € [5,7] andc € [3,3]. Startingwith ¢ = 3 andp = 7, we obtain
alsoa breakimmediately Note thatalthoughthe pair¢’ = 3, p’ = 5 alsohasthesame
andminimal gcd value,we do not have to carebecausémib = 3 « 7 = 21 whereas
bmlb' = 3 x5 = 15. Hence p andc determinghe maximumundthus BM LB(e).

3.1 Schedulingby PGAN

Clustering[2] by pairwisegroupingadjacentodesis a frequentlyappliedtechnique
in orderto obtain single-appearancecheduleghat minimize datamemoryrequire-
ments.In the original algorithm, a clusterhierarchyis constructedoy clusteringex-
actly two adjacentactorsat eachstep.At eachclusteringstep,a pair of adjacentctors
is chosenthat maximizesthe numberof times this clusteredsubgraphmay be exe-
cutedsubsequentlyFig. 3 and Fig. 4 shaw the applicationof PGAN. For fixed val-
uesp((4,B)) = 1,¢((A,B)) = 3, andp((E,D)) = 10,¢((E,D)) = 2, PGAN
clustersA and B first into cluster (2 shovn in Fig. 4a),thenC and {2 into a clus-
ter 2 shavn in Fig. 4b), andsoon, until the graphcondenseto a singlenode.By
traversingthe so-createdhierarchyfrom top to bottom, the single-appearancgchedule
(2(3A4)B(2C))(5D)E) is obtainedBhattacharyyarovedthatundercertainconditions

statedn [2], theclusteringleadsto a schedulesatisfyingfor eacharcthe BMLB prop-
erty.

a) ... b)

[1..2] [8.710] [1..2] [8.710]

Figure4. Clusteringof anILDF graph

In the presenceof unknavn datarates,the applicationof PGAN to constructpa-
rameterizedscheduleshasbeenexploredin [1]. In general,a paramterizedgschedule



is like a loopedschedule exceptthat iteration countsof loops can be symbolic ex-
pressionsn termsof oneor moregraphvariables.In ILDF, we adaptthis conceptof
parameterizedcheduldo incorporateintenalsfor iterationcountsthatarenot known
preciselyat compiletime, but for which lower andupperboundsareknown. For exam-
ple, A([2,4]B([1, 3]C)) specifiesanILDF parameterizedchedulewith a nestedoop,
wherethe outerloop iterationcountrangedrom 2 to 4 atruntime,while theinnerloop
iterationcountrangesrom 1 to 3.

Evenif wedonotyetknow themeaningof consisteng for ILDF graphswe wantto
shav herehow we areableto computethe minimal datamemoryrequirementassum-
ing thatavalid schedulés givenby clustering;.e.,agivenclusteringorderof adjacent

nodes.
The major questionon which we wantto focushereis thereforethe determination

of intervalsof clusterechodes seeFig. 4a),b). This problemis addresseth Fig. 5.

a) p(u b)
,,,,,,,,,,,,,,,,,,,,, p(u) p(v)
' c(u)
p)
c(w c(w)

c(x)

Figureb5. Clusteringstep

If we condensdwo nodesinto a clusterasindicatedin Fig. 5, the productionand
consumptiomumberamustbe updated.

Theorem?2 (Clusteredintervals). Givenan ILDF graphG(V'E) andonearce € E
which is to be clusteedinto a clusternodef?. Let src(e) bethesource snk(e) denote
thetargetnodeofe. Let

u € E : snk(u) = src(e) A src(u) # snk(e),
veEE: snkgv) = snkgeg A sre(v) # sre(e),
w € E : sre(w) = src(e) A snk(w) # snk(e),
— 1z € E: sre(z) = snk(e) A snk(z) # src(e).

Thenby clusteringthe nodesadjacentto e into a singleclusteednode (2, theweights
of arcsu, v, w, andz are changedasfollows:

_ pl(u) = p(u),c’(u) = %, snk(u) = Q,
= P(0) =p(). ¢(0) = g ey k() = 2,

- p(w) = %(w) = c(w), sre(w) = 12,

- p'(z) = %,c’(m) = c(x), src(z) = 0.
Therate intervals of the changed attributesof the arcs of typew, v, w, andxz maybe
computedy computingthe minimumandthe maximumvaluesover the givenprevious
intervals.

Proof. The first partis to prove that the clusteringprocesdeadsto the above trans-

formedvaluesp' (u), ¢/ (uw), p'(v), . ... This partis provenin [2]. The claim of the last

sentenceas anobviousfact. o
Example:Considerthe ILDF graphin Fig. 3. Assumewe clusteractorsA and B

into a clusteredhode (2 asshavn in Fig. 4a). We have two arcsof catggory  andone
arcof catggoryw. Thenew valuesp’ (w) andp’ (z) areshavn in Fig. 6a)for theexample
valuesp((A4, B)) = 3,¢((A,B) = 2.



3.2 Local consistencyclustering

We may obsene that not ary arbitrary combinationof pairsp(e) andc(e) leadsto a
consistenbehaior. E.g.,let p((4, B)) = 3, ¢((4, B)) = 2 in Fig. 3. This leadsalso
to the memorylower boundof 6. If we clusternow A and B into a clusteredchode(?,
thenthetransformedveightsareobtainedasshavn in Fig. 6a). Obviously, thesefixed
weightsdo not allow consisteng becauséf actor(? firesonce,producing6 tokenson
theupperarc ({2, C'), and6 tokensalsoonthesecondarc(f2, C'), whereas’ consumes
3 tokenson the first and only token on the secondarc, definitely, thereis no valid

schedule. ] o )
Ontheotherhand,if we choosep((A4, B)) = 1,¢((A, B)) = 3 in Fig. 3, we obtain

thetransformedyraphasshawvn in Fig. 6b). Obviously, the parallelarcsdo not provide
objectionsagainstconsistel here.

a) b)
3 6 3 6

51 6 |3 5|1 211

Figure6. Local consisteng violation a) andsatisfctionb)

If we condensdwo nodesinto a clusterasindicatedin Fig. 5, the productionand
consumptiomumbersmustbe updatedThereforen generalf a schedulegenerated
by clusteringis given, alsothe formula for computingthe databuffer memorylower
boundmayberefinedby restrictingthe searchonly to thosepairsof valuesthatdo not
createlocal consisteng violationsafter clustering.

4 Executiontime analysis

In the following, we assumegiven an ILDF graphG(V, E) with correspondingate
intervalsanda givenloopedscheduleS, obtainede.g.,by PGAN. In orderto calculate
theinfluenceof timing uncertaintywe mayaddanotherpropertyto eachactor, the so-
calledlatencyinterval, denoted (v) € [lmin(v)...Imaz(v)] N N for eachactorv € V,

seeFig. 7, for instance.

1: [5...7] I: [1...10]

: e 1
- B @Y 3

Figure7. Lateny intenalsassociatedo actors

Theorem 3. Theworst-casesxecutiontime for a given clusteringof two actors, e.g.,
A and B as shownin Fig. 7, and connectedy thearc e = ((A, B)), is givenby the
following expression:
Imax(A)c(e) Imaz(B)p(e)
max +
p(e)e(e) " ged({p(e), c(e)})  ged({p(e), c(e)})

WCET((A,B)) = } (6)



Explanations: o .

— As the numberof firings of eachactor A and B that are clusteredtogetherinto a
clustemodef? is uncertairdueto therate-intenalsof theproductionandconsump-
tion numbersandthe sequentiatomputatiortime is additive in caseof sequential
execution,we have to calculatethe maximumof the sumof the executiontimesof

both.

— If thereis nocorrelationgivenbetweertheexecutiontime of anactorin dependence
ontheproductionandconsumptiomumbersye getthe worstcaseexecutiontime
if we take the maximumof executiontime Imaz(A), andimaz(B) in orderto

obtainthe WCET. | )
— For agivenclustering,the proceduranay be repeatedhenfor the next clustering

stepby calculatingthe productionandconsumptiomumbersf the clusteredyraph
asindicatedby Theoren?2.

— The bestcaseexecutiontime BCET of a two nodeclustermay be obtainedby
replacingthe max by a min andimaz by imin in Eg. (6). This leadsto a new
lateny interval [(2) € [BCET((A,B))...WCET ((A, B))] for the clustered
nodef(?.

The above proceduremight be usedin orderto definea new variantof PGAN as
follows: Insteadof clusteringthosetwo actorstogetherthat have the biggestcommon
repetitionfactor, we could constructa clusteringsuchto optimizethe WCET insteador
acombintationthereof.

5 Experiments

In this section,we provide the resultsof experimentsthat shav that the algorithm
BLMB in Section3 performswell. For doing this, we have createda test seriesas
follows: Let p € [pmin,...pmaz] andc € [cmin,...,cmax] where pmin, pmaz,

cmin, cmaz are randomnumbersin a given interval from 1 to Z € N. Then,for

differentvaluesof Z, we generatedV = 1000 timestwo randomintervals given by

pmin, pmazx, cmin, cmax andevaluatedthe numberof ged evaluationsperformedby

algorithmBMLB with respecto anexhaustve searchfor the maximumusingary pair
of valuesinsidethe randomintervals. The following table providesthe resultof these
experimentgerformedor 5 differentvaluesof Z andfor N = 1000 experimentsach.
The tablelists the averagenumberz of gcd computationof BLMB over N sample
intervalsin the given rangeandthe averagenumbery of gcd computationsn a total

searchfor the maximumvalue determiningthe buffer memorylower boundfor given
two intervals.

Rangeof intenalg] X y
1...107 1.42 15.50
1...10% 1.53 1167.00
1...10% 1.571.04 x 10*
1...10* 1.521.10 x 107
1...10° 1.574.21 x 108

Table 1. Averagenumberof gcd computationse performedover N = 1000 samplef random
intervalsin eachindicatedinterval rangeusingthe BMLB algorithmandaveragenumberof gcd
computationg; whenusingexhaustve interval searchn the sameintenal

As canbeseentheaveragenumberof gcdcomputationsisingtheBLMB algorithm
is 1.5andalmostconstanindindependenbntheinterval rangeof theexperimentsThe
gainwhenusingthe BLMB algorithmis biggestfor largeintervals.It canthusbe seen
thatbuffer memorycomputationganbe donequite efficiently for dataflav graphawith
interval firing rates.



6 Relatedwork

Various alternative dataflav modeling stratgies with different objectves have been
developedfor moregeneralor more precisemodelingof dataflav graphsbeyond syn-
chronoudataflav; a partialreview of theseapproacheis providedhere.In cyclo-static
dataflav [3], productionand consumptiorratescanbe specifiedastuplesof integers
that correspondo distinct execution phasesof the incident actors.In scalablesyn-
chronousdataflav [8], actor specificationsare augmentedvith vectorizationparam-
etersthat enableschedulergo control the degree of block processingperformedby
the actors.In synchronouspiggybacled dataflav [7], actorsaccesgylobal statesby
passingspecialpointersalongsideregular datatokens.In parameterizedataflav [1],
dynamicreconfiguratiorof actorandsubsystenparameterss allowedthroughsepara-
tion of functionalityinto subgraphshatperformreconfiguratiorandsubgraphshatare
periodicallyreconfiguredBoolean[4], boundeddynamic[6], andcyclo-dynamic[10]
dataflav offer dynamicallyvarying productionandconsumptiorratesby incorporating
variousotherdata-dependemhodelingconstructs.

7 Conclusionsand futur e work

Wehave presenteéform of dataflav, calledinterval-rate Jocally-staticdataflav (ILDF).
In ILDF graphs,the token productionand consumptiorrateson graphedgesremain
constanthroughoutexecutionthe graph,but theseconstantsare not known exactly at
compiletime. We have motivatedthe useof ILDF asanintermediateepresentatiofor
animportantclassof non-deterministidataflav graphs,andhave describeda number
of applicationexamples We have analyzedvorst-casalatamemoryrequirementsand
worst-andbest-casexecutiontime performancef scheduledor ILDF graphsMany
usefuldirectionsfor further work emege from this study including the development
of algorithmsfor constructingefficient uniprocessoand multiprocessoschedulegor
ILDF graphsandintegrationof ILDF conceptgo work with otherdataflav modelsof
computationparticularlythe moredynamicones.
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