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Abstract In this paper, we considerthe problemof analyzingdataflow pro-
gramswith thepropertythatactorproductionandconsumptionratesarenotcon-
stantandfixed, but limited by intervals. Suchinterval rangesmay result from
uncertaintyin thespecificationof anactoror asa designfreedomof themodel.
Major questionssuchasconsistencyandbuffer memoryrequirementsfor single-
processorscheduleswill be analyzedherefor suchspecificationsfor the first
time.

1 Moti vation

The role of dataflow modelsof computationis becomingincreasinglyimportantfor
modelingandsynthesisof digital processingapplications.Our paperis concernedwith
analyzingdataflow graphswhosecomponentdataratesarenot known preciselyin ad-
vance.Suchmodelsareoften given due to imprecisespecificationsor due to uncer-
taintiesin the implementation.Examplesof imprecisespecificationsincludeunknown
executiontimesof tasks,unknown datarates,unknown consumptionandproduction
behavior of modulesandmany more.For example,a speechcompressionsystemmay
haveafixedoverallstructure.However, thesubsystemdataratesaretypically influenced
by thesizeof thespeechsegmentthat is to beprocessed[1]. Here,we will proposea
dataflow modelof computationthatis ableto modelsuchuncertainbehavior.

To understandsuchmodels,it usefulto first review principlesof the synchronous
data flow (SDF) model of computation,whereproductionand consumptionratesof
dataflow actors,representingcomputationalblocks,consumefixed, known amounts
of data(tokens)upon eachinvocation.For suchgraphmodels,often representedby
a graph in which actorsare connectedby directedarcsthat transporttokens,many
interestingresultshave beenshown suchas 1) consistency, 2) memoryboundsand
memoryanalysis, and3) schedulingalgorithms. Consistency, e.g.,is a staticproperty
of anSDF-graphspecificationwhich is necessaryin orderto guaranteetheexistenceof
afinite sequenceof actorfirings,alsocalledaschedule. Typically, anSDFspecification
is compiledby constructingavalid schedule, i.e.,aschedulethatfireseachactorat least
once,doesnot deadlock,andproducesno netchangein thenumberof tokensqueued
on eachedge.For eachactorfiring, a correspondingcodeblock is instantiatedfrom a
library to producemachinecode.

In [5], efficient algorithmsarepresentedto determinewhetheror not a givenSDF
graphis consistentor notandto determinetheminimumnumberof firingsof eachactor�
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in a valid schedule.Typically, a (sequential)schedulemay be representedby a string
of actorfirings suchas

	�

������

�����
for anSDF graphwith 3 actorsnamed

	����
, and�

in Fig. 1. Here,a parameterizedterm

���� � � ��� �!� �#"�� specifies

�
sucessive firings of

thesubschedule
� � � ���!� � ��" , andmaybetranslatedinto a loop in thetargetcode.Each

parenthesizedterm

$��� � � ��� �!� �#"%� is calledscheduleloop. A loopedscheduleis afinite

sequence& � & �'� � � & " , whereeach&)( is eitheranactoror ascheduleloop.
For a givenSDFgraph * , lowerboundsfor theamountof requiredprogrammem-

ory have beenshown to correspondto so-calledsingle-appearanceschedules, where
eachactorappearsexactly oncein the scheduleterm,e.g.,

	+
,���-
�.������
for the graph

shown in Fig. 1.
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Figure1. SimpleSDFgraph

Furthermore,data memory requirements,resulting from implementingeacharc
communicationvia a FIFO, aregivenby the sumof the maximumnumberof tokens,
resultingon eacharcduringtheexecutionof aschedule.

In [2], algorithmssuchasPGAN(pairwisegroupingof adjacentnodes)andacom-
plementaryalgorithmcalledRPMC(recursivepartitioningbyminimumcuts)havebeen
presentedto createscheduleswith thegoal to generatesingle-appearanceschedulesin
thefirst line with thesecondgoalto minimizetheamountof datamemoryneeded.

With resultssuchasthesein mind,we proposea powerful intermediaterepresenta-
tion modelfor a broadclassof non-deterministicdataflow graphs.This model,called
ILDF, standingfor interval-rate, locally-staticdataflow. In ILDF graphs,the produc-
tion andconsumptionrateson graphedgesremainsconstantthroughoutexecutionof
the graph(locally static), but theseconstantvaluesarenot known exactly at compile
time; insteadit is only known whattheirminimumandmaximumvalues(interval-rate)
are.

Locally staticbehavior arisesnaturallyin reconfigurabledataflow graphs,suchas
thosearisingusingparameterizeddataflow semantics[1]. For example,a speechcom-
pressionsystemmay have a fixed overall structurewith subsystemdataratesthat are
influencedby thesizeof thespeechsegmentthatis to beprocessed[1]. Similarly, dur-
ing rapidprototypingof a filter bankapplication[9], onemight parameterizethe data
ratesof variousfilters to explorea rangeof differentmultiratetopologies.

Figure2 shows a compactdiscto digital audiotapesamplerateconversionsystem
that is formulatedasan ILDF graph.Two of the conversionstages,

�
and / , arenot

fully specifiedat compiletime to allow for run-timeexperimentationduringrapidpro-
totyping.UsingILDF parameterizedschedules,differentversionsof thesefilterscanbe
evaluatedwithouthaving to re-scheduleandre-compiletheapplication.
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EDCBA

Figure2. An exampleof a compactdiscto digital audiotapesamplerateconversionsystemthat
is formulatedasanILDF graph.

Reasonableinterval rangesfor the unknown consumptionand productionvalues
are 0 � � 0 �2143 .5�7698 , and : � � : �2143 �;�!<!=�8 . In addition,to achieve thedesiredoverall rate
conversion,thevaluesmustsatisfy


 : � : � ��>;
 0 � 0 � �'?@��=A>%�;<
.



An ILDF representationof suchapplicationswith carefulcompile-timeanalysiscan
helpto streamlinerun-timemanagement(e.g.,schedulingandmemoryallocation)and
verificationof suchapplications.This is themainmotivationfor ourwork on ILDF.

More precisely, in ILDF, the consumptionandproductionrates,denoted0 

BC� and
: 
�BD� in the following for eacharc

B 1FE of a directedgraph * 
 & � E �
with actorset& andarc set E , arenot constantsandnot staticallyfixed. Instead,the only informa-

tion thatwe have is that the numbersrangewithin intervals,e.g., : 
�BD� 1G3 : 

BD�IH�J K � � �
: 
�BD� H�L�M 8+NPO

,3 for eacharc
B 1QE . Similarly, 0 

BD� 1R3 0 

BC� H�J K �!� � 0 
�BD� H�L�M 8�NPO

.
Theuncertaintygivenby the introductionof rateintervalsmaybe the resultof an

unknown or activation-dependentbehavior of an actor, or the freedomof the specifi-
cationto later fix the parameterif possibleor necessaryin orderto guaranteecertain
properties.

For ILDF graphs,we wantto addresssimilar issuesaswith SDFgraphs:

– consistency
– memorybounds
– valid schedule

In Section2, wedefinetheILDF model.In Section3, weassumethatavalid sched-
ule is possibleandgivenby analgorithmsuchasPGAN for which we investigatethe
problemof determiningthe datamemoryrequirements.We deduceexpressionsand
algorithmsto determinethemaximumrequireddatamemoryrequirements.If theexe-
cutiontimeof anactoris alsoboundedby aninterval,wefinally alsoanalyseworst-case
andbest-caseexecutiontimesof agivenschedulein Section4. Experimentalresultsare
givenin Section5. Section6 providesa review of relatedwork.

2 Inter val-rate SDF

Definition 1. An ILDF graph * 
 & � E �
is a locally-static dataflowgraph where the

productionvalue : 
�BD� , consumptionvalue 0 
�BD� , and delay S 
�BD� of each edge
B 1TE

areconstrainedby intervals,i.e.,

– 0 
�BD� 1U3 07V-W �'

BC� � � � 07VYXAZ 
�BD�[8�N\O
,

– : 

BC� 1U3 :]VYW �'
�BD� � �!� :]VQXAZ 

BC�I8+NPO
.

– S 

BD� 1^3 S�V-W �'
�BD� �!� � S�VQX�Z 
�BD�[8_NPO
.

2.1 Consistency

Sincetheproductionandconsumptionvaluesof anILDF grapharenotpreciselyknown
in advance,it is generallynotpossibleto determinewhetheraparticularexecutionof an
ILDF graphwill proceedin a consistentmanner(i.e.,with avoidanceof deadlock,and
with balanceddataproductionandconsumptionalongthegraphedges).We canspeak
of threedifferentlevelsof consistency for ILDF graphs.First,anILDF graphis consis-
tent, or inherentlyconsistent, if for everyvalid settingof production,consumption,and
delay(P-C-D)values(any settingthatconformsto theproduction,consumption,andde-
lay intervalsassociatedwith thegraphedges),thecorrespondingsynchronousdataflow
graphis consistent.Inherentconsistency occurs,for example,in chain-structuredILDF
graphs,suchastheILDF applicationshown in Figure2. Conversely, anILDF graphis
inconsistent, or inherently inconsistent, if for every valid settingof P-C-D values,the
correspondingsynchronousdataflow graphis inconsistent.An ILDF graphthatcontains
a delay-freecycle is an exampleof an inherentlyinconsistentgraph.Third, an ILDF

3 Let N denotethe set of the naturalnumbersin the following and `_a the naturalnumbers
including0.



graphis conditionallyconsistentif it is neitherinherentlyconsistentnor inherentlyin-
consistent.In otherwords,anILDF graphis conditionallyconsistentif thereis at least
onevalid settingof P-C-Dvaluesthatgivesa consistentsynchronousdataflow graph,
andthereis at leastonevalid P-C-Dsettingthat leadsto an inconsistentsynchronous
dataflow graph.In general,the particularform of consistency that an ILDF graphex-
hibitsdependsbothonthetopologyof thegraph,andtheproduction,consumption,and
delayintervals.

3 Memory analysis

In general,for anSDFgraph,thebuffer memorylowerboundof a delaylessarc
B 1bE

is givenby ��cedf�g

BC�'? : 

BC� 0 
�BD�h�i!j 
Ik : 
�BD��� 0 

BC�7lC� (1)

For example,in Fig. 1, we obtain
��cedf�g
�
�	��������m?4�

,
��cedf�g
�

�2�������m?F.

.4 A
valid single-appearanceschedulethatachievesthetotal lowerboundof 5 memoryunits
(sum)is

	�

���-
�.A�����
. In this consistentSDFgraph,actor

	
thusfires1 time, actor

�
two times,andactor

�
6 times.

Let’s seehow thebuffer memorylower boundmaybecomputedfor ILDF graphs.
For example,let’s look at an ILDF graphwith just two actors

	
and

�
andonearcB�?\
�	������

. Let : 
�BD�n?o�
, and 0 
�BD� 1p3 < � �!� .D8 . TheBMLB dependsobviously on the

valueof theconsumptionrate.Correspondingto Eq. (1), we obtain
��cedf�g
�BD�m?G.

in
case0 
�BD�f?q<

,
��cedm�-
�BD�m?G�

if 0 

BC�f?@�
, and

��cedm�-
�BD�m?@�
if 0 
�BD�m?@.

. Hence,if
we donot know theactualrate,wemustreserveat least

��cedm�-
�BD�'? rtsDu
vDwyx{z[| }�wyxIz : 
�BD� 0 

BD�hAi j 
{k : 

BD�7� 0 
�BD��lD� (2)

memoryspacefor arc
B
.

Example:Considerthe ILDF graphin Fig. 3 andthe highlightedarc
B-?~
�	������

.
Undertheimplicit assumptionof consistency, wewouldliketo know theminimalmem-
ory requirementsfor arc

B
if : 

BD� 1q3 < �!� � .�8 and 0 

BD� 1q3 �;��.D8 . Obviously, the lower

boundis obtainedfor the combination: 

BC��?P.5� 0 
�BD��?\�
or for : 
�BD��?P�5� 0 

BD��?�.

with 6 units.
The naturalquestionis how onecancomputethe BMLBs for eacharc efficiently

without having to computeall combinationsof : 
�BD� and 0 
�BD� separately?

Theorem1 (BMLB computation).GivenanILDF graph * 
 & � E �
with a rateinterval

associatedwith each productionnumber: 
�BD� andeach consumptionnumber0 
�BD� . The
maximumin Eq. (2) determining

��cedf�g

BC�
is determinedby the largestproductof

: 
�BD� 0 
�BD� where h�i!j 
 : 

BD�7� 0 
�BD��� reachesits minimalpossiblevalue.

Proof. Let : 1�3 :]VYW �'
�BD� �!� � :)VYXAZ 

BD�[8 and 0 1�3 0�V-W �'
�BD� � �!� 07VQXAZ 

BC�I8 bea combina-
tion, wherehAi j 
 : 
�BD��� 0 

BC��� reachesits minimumvalueandlet : � 0 satisfythecondition
that thereis no distinct pair :)����: , 0 ����0 in the above interval rangeswith larger
product: � 0 � andwith equal h�i j accordingto theassumptionin thetheorem.Let ��VQ�
�
bethecorrespondingvalueof thebuffer memorylowerboundaccordingto Eq.(1). We
will show in thefollowing thatdecreasingeither: or 0 will producelowervaluesof the

4 Notethatthevalue �������+�$� � is givenasthelcm (leastcommonmultiple)of thevalues���$� �
and �!�$� � .
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Figure3. ILDF graph

buffer memorylower boundaccordingto Eq. (1). Hence,the maximumaccordingto
Eq. (1) cannotbedeterminedby suchpairs.Indeed,if we decrease: by � 1 OQ�

or 0
by � 1 Ob�

, we prove thatwe will obtaina BMLB value ��VQ�
� � that is smallerthanor
equalto ��VQ�
� . We have

�7VY�,� � ?

 :t�R� ��
 0���� �hAi j 
 :t�^� � 0���� � (3)

Relating ��VQ�
� and �7VY�,�7� gives

��VY�,�
��VQ�
� �

? 
 :�0 �
 :2�^� � 
 0���� �����
hAi j 
 :t�^� � 0���� �h�i!j 
 : � 0 � (4)

� < � <
(5)

Thefirst fractionis rationalandgreaterorequalto1 as� and� arebothnaturalnumbers.
The sameholds for the secondfraction as we assumedthat the denominatorof the
secondfractionis thesmallestpossiblegcdvalue.This finishestheproof.

The following algorithm allows to efficiently compute
��cedm�g

BD�

accordingto
Eq. (2) dueto theaboveobservation.

Input: :]VYW �'

BD�7� :)VYXAZ 
�BD�7� 07V-W �'

BC��� 07VQXAZ 

BC�
Output:

��cedf�g

BC�
��VY�,� = 1;
for 0 ? 0�VYXAZ 

BD� downto 07VYW �'

BD�

for : ? :]VQXAZ 

BC� downto :)V-W �'

BC�
��VQ�
� � ? ��VQ�
� 
 : � 0 � ;
if ��VQ�
� ��� ��VQ�
���VQ�
� ? ��VQ�
� � ;
if hAi j 
 : � 0 �'?T<

break;
od

od
for : ? :]VQX�Z 
�BD� downto :)V-W �'
�BD�

for 0 ? 07VQX�Z 
�BD� downto 07VYW �'
�BD�



��VQ�
� � ? ��VQ�
� 
 : � 0 � ;
if ��VQ�
� ��� ��VQ�
���VQ�
� ? ��VQ�
� � ;
if hAi j 
 : � 0 �'?T<

break;
od

od
return(bmlb);

Note that the two loopsarenot completelyidentical.Eachloop canbe quit oncewe
obtaina combinationof : and 0 wheretheir h�i!j is 1 as this the maximalgcd value
possible.Thesecondloop,however, is necessary, aswe needa combinationof : and

B
wheretheir productis minimal. Thefirst loop decreases: in the inner loop while the
secondloopdecreases0 in theinnerloop.Thefollowing two examplestry to makethis
procedureclear.

Example:Let : 1F3 <%����8 and 0 1F3 <��� D8 . Startingwith 0 ?� 
and : ?��

, we obtain
immediatelya breakof thefirst nestedloop block for thevalues0 ?q 

, : ?¡�
already

becausetheir gcd is 1. Then, the secondloop nest is executedbut this loop is also
immediatelyexited. Hence,

��cedm�g

BD��?¢ _£+�G?¥¤¦ 
for this example.Although

enumerative, theBMLB computationis quite fastasin mostcases,if the intervalsare
quitelarge,it is likely thatthegcdbecomes1.

Example:Let : 1F3  ;��6C8 and 0 1F3 .]��.�8 . Startingwith 0 ?§.
and : ?�6

, we obtain
alsoa breakimmediately. Notethatalthoughthepair 0 � ?e.

, : � ?¡ 
alsohasthesame

andminimal gcd value,we do not have to carebecause�7VY�,� ?�.�£�6-?\�;<
whereas��VY�,� � ?F.n£� �?¡<9 

. Hence,: and 0 determinethemaximumundthus
��cedf�g

BC�

.

3.1 Schedulingby PGAN
Clustering[2] by pairwisegroupingadjacentnodesis a frequentlyappliedtechnique
in order to obtain single-appearanceschedulesthat minimize datamemoryrequire-
ments.In the original algorithm,a clusterhierarchyis constructedby clusteringex-
actly two adjacentactorsat eachstep.At eachclusteringstep,a pair of adjacentactors
is chosenthat maximizesthe numberof times this clusteredsubgraphmay be exe-
cutedsubsequently. Fig. 3 andFig. 4 show the applicationof PGAN. For fixed val-
ues : 
�
�	+�������U?¨<%� 0 
�
�	+�������R?¢.

, and : 
�
 E � / ���U?¨<!=]� 0 
�
 E � / ���^?©�
, PGAN

clusters
	

and
�

first into cluster ª shown in Fig. 4a), then
�

and ª into a clus-
ter ª�� shown in Fig. 4b), andsoon, until the graphcondensesinto a singlenode.By
traversingtheso-createdhierarchyfrom top to bottom,thesingle-appearanceschedule

�5

.%	��{�g
,�%������

  / � E �

is obtained.Bhattacharyyaprovedthatundercertainconditions
statedin [2], theclusteringleadsto a schedulesatisfyingfor eacharctheBMLB prop-
erty.

2

a) b)

Ω Ω
? ?

? ?

??

?
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?
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[1...2] [8...10][8...10]

Figure4. Clusteringof anILDF graph
In the presenceof unknown datarates,the applicationof PGAN to constructpa-

rameterizedscheduleshasbeenexploredin [1]. In general,a parameterizedschedule



is like a loopedschedule,except that iteration countsof loops can be symbolic ex-
pressionsin termsof oneor moregraphvariables.In ILDF, we adaptthis conceptof
parameterizedscheduleto incorporateintervalsfor iterationcountsthatarenot known
preciselyatcompiletime,but for which lowerandupperboundsareknown. For exam-
ple,

	+
 3 �;��¤�8«�g
 3 <���.D8$�����
specifiesanILDF parameterizedschedulewith a nestedloop,

wheretheouterloop iterationcountrangesfrom 2 to 4 at runtime,while theinnerloop
iterationcountrangesfrom 1 to 3.

Evenif wedonotyetknow themeaningof consistency for ILDF graphs,wewantto
show herehow we areableto computetheminimal datamemoryrequirementsassum-
ing thatavalid scheduleis givenby clustering,i.e.,agivenclusteringorderof adjacent
nodes.

Themajorquestionon which we want to focushereis thereforethedetermination
of intervalsof clusterednodes,seeFig. 4a),b). This problemis addressedin Fig. 5.
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Figure5. Clusteringstep
If we condensetwo nodesinto a clusterasindicatedin Fig. 5, the productionand

consumptionnumbersmustbeupdated.

Theorem2 (Clustered intervals).Givenan ILDF graph * 
 & � E �
andonearc

B 1¬E
which is to beclusteredinto a clusternode ª . Let ­!®D0 
�BD� bethesource, ­ ��¯°
�BD� denote
thetargetnodeof

B
. Let

– ± 1QEo² ­ ��¯#
 ± �'? ­!®D0 
�BD�Q³ ­!®C0 
 ± ��´? ­ ��¯°

BC� ,
– µ 1bE�² ­ ��¯°
 µ �m? ­ ��¯°

BD�Y³ ­!®D0 
 µ ��´? ­ ®D0 

BD� ,
– ¶ 1YE�² ­ ®D0 
 ¶ �m? ­!®C0 
�BD�Q³ ­ ��¯°
 ¶ ��´? ­ ��¯°
�BD� ,
– Z 1QEo² ­ ®D0 
 Z ��? ­ ��¯°

BC�Y³ ­ ��¯°
 Z �·´? ­!®D0 
�BD� .

Thenby clusteringthenodesadjacentto
B

into a singleclusterednode ª , theweights
of arcs ± � µ � ¶ �

and Z arechangedasfollows:

– : � 
 ± �'? : 
 ± �7� 0 � 
 ± �'? }�w¹¸Cz�}�wyxIzº�»I¼Dw¾½IvDwyxIz[| }�wyx{z
¿�z , ­ ��¯°
 ± �'? ª ,

– : � 
 µ �m? : 
 µ �7� 0 � 
 µ �m? }�w¹À7zyvDwyxIzº�»I¼Dw¾½IvDwyxIzI| }�wyxIz
¿�z , ­ ��¯#
 µ �'? ª ,

– :)� 
 ¶ ��? vDw¹Á°z
}�wyxIzº�»I¼Dw¾½IvDwyxIz[| }�w¾xIz
¿�z � 0�� 
 ¶ �m? 0 
 ¶ �
, ­!®D0 
 ¶ �f? ª ,

– : � 
 Z �m? vDw¹Â9zyvDwyxIzº�»I¼Dw¾½IvDwyxIzI| }�wyxIz
¿�z � 0 � 
 Z �f? 0 
 Z � , ­!®D0 
 Z �m? ª .

Therate intervalsof the changedattributesof the arcs of type ± � µ � ¶ , and Z maybe
computedbycomputingtheminimumandthemaximumvaluesover thegivenprevious
intervals.
Proof. The first part is to prove that the clusteringprocessleadsto the above trans-
formedvalues: � 
 ± �7� 0 � 
 ± �7� : � 
 µ �7� �!� � . This part is proven in [2]. The claim of the last
sentenceis anobviousfact.

Example:Considerthe ILDF graphin Fig. 3. Assumewe clusteractors
	

and
�

into a clusterednode ª asshown in Fig. 4a).We have two arcsof category Z andone
arcof category ¶ . Thenew values: � 
 ¶ �

and: � 
 Z � areshown in Fig.6a)for theexample
values: 
�
�	��������m?4.]� 0 
�
�	+�����'?@�

.



3.2 Local consistencyclustering

We may observe that not any arbitrarycombinationof pairs : 

BD� and 0 

BC� leadsto a
consistentbehavior. E.g., let : 
�

	��������Ã?�.

, 0 
�

	���������?��
in Fig. 3. This leadsalso

to thememorylower boundof 6. If we clusternow
	

and
�

into a clusterednode ª ,
thenthetransformedweightsareobtainedasshown in Fig. 6a).Obviously, thesefixed
weightsdo not allow consistency becauseif actor ª firesonce,producing6 tokenson
theupperarc


 ª �����
, and6 tokensalsoon thesecondarc


 ª �����
, whereas

�
consumes

3 tokenson the first and only token on the secondarc, definitely, there is no valid
schedule.

On theotherhand,if we choose: 
�

	���������?T<�� 0 
�
�	��������m?p.
in Fig. 3, weobtain

thetransformedgraphasshown in Fig. 6b).Obviously, theparallelarcsdonot provide
objectionsagainstconsisteny here.

15 5 1

C
3 6

2 1

a) b)

C Ω Ω
3

6 3

6

Figure6. Local consistency violation a)andsatisfactionb)

If we condensetwo nodesinto a clusterasindicatedin Fig. 5, the productionand
consumptionnumbersmustbeupdated.Therefore,in general,if a schedulegenerated
by clusteringis given,also the formula for computingthe databuffer memorylower
boundmayberefinedby restrictingthesearchonly to thosepairsof values,thatdo not
createlocal consistency violationsafterclustering.

4 Execution time analysis

In the following, we assumegiven an ILDF graph * 
 & � E �
with correspondingrate

intervalsanda givenloopedschedule
�

, obtainede.g.,by PGAN. In orderto calculate
theinfluenceof timing uncertainty, we mayaddanotherpropertyto eachactor, theso-
calledlatencyinterval, denoted� 
 µ � 1^3 �$VYW �'
 µ � �y�¹� �$VQXAZ 
 µ �[8ÄN�O

for eachactor µ 1 & ,
seeFig. 7, for instance.

l: [5...7]

p(e) c(e)
e

l: [1...10]
A B

Figure7. Latency intervalsassociatedto actors

Theorem3. Theworst-caseexecutiontime for a givenclusteringof two actors, e.g.,	
and

�
as shownin Fig. 7, and connectedby the arc

B-?~
�
�	��������
, is givenby the

following expression:

Å � E�Æ 
�
�	+�������m? rts�u
vDwyxIz[| }�wyx{z

k �$VQXAZ 
�	�� 0 

BD�hAi j 
Ik : 

BC��� 0 

BD��lC�ÈÇ �$VQX�Z 
���� : 

BD�h�i!j 
Ik : 

BC��� 0 

BD��lC�
l

(6)



Explanations:
– As the numberof firings of eachactor

	
and

�
thatareclusteredtogetherinto a

clusternode ª is uncertaindueto therate-intervalsof theproductionandconsump-
tion numbers,andthesequentialcomputationtime is additive in caseof sequential
execution,we have to calculatethemaximumof thesumof theexecutiontimesof
both.

– If thereis nocorrelationgivenbetweentheexecutiontimeof anactorin dependence
on theproductionandconsumptionnumbers,we gettheworstcaseexecutiontime
if we take the maximumof executiontime �$VQX�Z 
�	��

, and ��VYXAZ 
����
in order to

obtaintheWCET.
– For a givenclustering,theproceduremayberepeatedthenfor thenext clustering

stepby calculatingtheproductionandconsumptionnumbersof theclusteredgraph
asindicatedby Theorem2.

– The bestcaseexecutiontime
��� E�Æ of a two nodeclustermay be obtainedby

replacingthe max by a min and �$VQXAZ by �$VYW � in Eq. (6). This leadsto a new
latency interval � 
 ª � 1q3 ��� E�Æ 
�
�	+������� � �!� Å � E�Æ 
�
�	��������[8

for the clustered
node ª .

The above proceduremight be usedin orderto definea new variantof PGAN as
follows: Insteadof clusteringthosetwo actorstogetherthathave thebiggestcommon
repetitionfactor, wecouldconstructaclusteringsuchto optimizetheWCETinsteador
a combintationthereof.

5 Experiments

In this section,we provide the resultsof experimentsthat show that the algorithm
BMLB in Section3 performswell. For doing this, we have createda test seriesas
follows: Let : 1É3 :)V-W ��� �y�y� :)VYXAZ 8 and 0 1Ê3 07VYW ��� �y�¹� � 07VQXAZ 8 where :)V-W ��� :)VYXAZ �07V-W ��� 07VYXAZ are randomnumbersin a given interval from 1 to Ë 1 O

. Then, for
differentvaluesof Ë , we generatedÌ ?Í<9=%=�=

timestwo randomintervals given by:]VYW ��� :]VQXAZ � 0�V-W ��� 0�VYXAZ andevaluatedthenumberof Î¦0�S evaluationsperformedby
algorithmBMLB with respectto anexhaustivesearchfor themaximumusingany pair
of valuesinsidethe randomintervals.The following tableprovidesthe resultof these
experimentsperformedfor 5 differentvaluesof Ë andfor Ì ?¡<!=�=%=

experimentseach.
The table lists the averagenumber Z of gcd computationsof BMLB over Ì sample
intervals in the given rangeandthe averagenumber Ï of gcd computationsin a total
searchfor the maximumvaluedeterminingthe buffer memorylower boundfor given
two intervals.

Rangeof intervals x yÐÒÑ!ÓÔÓÕÓÕÑ7Ö ��×
1.42 15.50ÐÒÑ!ÓÔÓÕÓÕÑ7Ö �7×
1.53 1167.00ÐÒÑ!ÓÔÓÕÓÕÑ7Ö!Ø ×
1.57

Ñ!Ó Ö!Ù�ÚgÑ�Ö9ÛÐÒÑ!ÓÔÓÕÓÕÑ7Ö!Û ×
1.52

Ñ!ÓÕÑ7Ö�ÚgÑ�ÖCÜÐÒÑ!ÓÔÓÕÓÕÑ7Ö9Ý ×
1.57

Ù%Ó Þ�ÑnÚgÑ�Ö9ß
Table 1. Averagenumberof gcdcomputationsà performedover á§â Ñ7Ö!Ö9Ö

samplesof random
intervals in eachindicatedinterval rangeusingtheBMLB algorithmandaveragenumberof gcd
computationsã whenusingexhaustive interval searchin thesameinterval

Ascanbeseen,theaveragenumberof gcdcomputationsusingtheBMLB algorithm
is 1.5andalmostconstantandindependentontheinterval rangeof theexperiments.The
gainwhenusingtheBMLB algorithmis biggestfor largeintervals.It canthusbeseen
thatbuffer memorycomputationscanbedonequiteefficiently for dataflow graphswith
interval firing rates.



6 Relatedwork

Variousalternative dataflow modelingstrategies with different objectives have been
developedfor moregeneralor moreprecisemodelingof dataflow graphsbeyondsyn-
chronousdataflow; apartialreview of theseapproachesis providedhere.In cyclo-static
dataflow [3], productionandconsumptionratescanbe specifiedastuplesof integers
that correspondto distinct executionphasesof the incident actors.In scalablesyn-
chronousdataflow [8], actor specificationsare augmentedwith vectorizationparam-
etersthat enableschedulersto control the degreeof block processingperformedby
the actors.In synchronouspiggybacked dataflow [7], actorsaccessglobal statesby
passingspecialpointersalongsideregular datatokens.In parameterizeddataflow [1],
dynamicreconfigurationof actorandsubsystemparametersis allowedthroughsepara-
tion of functionalityinto subgraphsthatperformreconfigurationandsubgraphsthatare
periodicallyreconfigured.Boolean[4], boundeddynamic[6], andcyclo-dynamic[10]
dataflow offer dynamicallyvaryingproductionandconsumptionratesby incorporating
variousotherdata-dependentmodelingconstructs.

7 Conclusionsand futur e work

Wehavepresentedaformof dataflow, calledinterval-rate,locally-staticdataflow (ILDF).
In ILDF graphs,the token productionandconsumptionrateson graphedgesremain
constantthroughoutexecutionthegraph,but theseconstantsarenot known exactly at
compiletime.We havemotivatedtheuseof ILDF asanintermediaterepresentationfor
an importantclassof non-deterministicdataflow graphs,andhave describeda number
of applicationexamples.We haveanalyzedworst-casedatamemoryrequirements,and
worst-andbest-caseexecutiontime performanceof schedulesfor ILDF graphs.Many
usefuldirectionsfor further work emerge from this study, including the development
of algorithmsfor constructingefficient uniprocessorandmultiprocessorschedulesfor
ILDF graphs,andintegrationof ILDF conceptsto work with otherdataflow modelsof
computation,particularlythemoredynamicones.
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