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Abstract—Schedulingis oneof the main problemsthat needto besolved
by high-level hardware and software compilers. Existing heuristics are of-
ten incapable of finding feasiblesolutions for practical examples,because
the tight time and resourceconstraintsmake the feasible-solutionsubspace
very small compared to the sizeof the full search space. For that reason,
constraint-analysistechniquesthat help theschedulerfind feasiblesolutions
are nowadaysa subject of research. In this paper, the effect of constraint
analysison heuristic schedulersis experimentally quantified to investigate
to which extentconstraint analysisimprovesthe quality of suchschedulers,
and alsoto seewhich heuristics complementit well. The resultsshow that,
for most experiments, constraint analysis helps to improve the obtained
schedulesin terms of the latency of the schedule.It combinesparticularly
well with the fr eeing-countheuristic.

Keywords—high-level synthesis;scheduling;heuristics; constraint analy-
sis; topological permutation scheduling

I . INTRODUCTION�
CHEDULING is one of the importantproblemsfor high-
level hardwareandsoftwarecompilers.High-level synthe-

sis [1] is an importantstagein thedesignof digital signalpro-
cessorsfor embeddedsystems.Given the behavioral descrip-
tion of the systemto be designedanda processorarchitecture
description,computer-aideddesigntools have to scheduleop-
erationsandmapthemonto the available resources.Unfortu-
nately, theschedulingproblemsin high-level synthesisarevery
hard to solve. The difficulty of schedulingstemsfrom the re-
quirementthat a schedulemust satisfy certainrestrictions,or
constraints, on performanceas well as resourceusage. It is
relatively easyto achieve only goodperformanceor only low
resourceusage,but whenbotharerequired,it is oftenverydiffi-
cult to find a solution;furthermore,thecomplexity grows dras-
tically with the sizeof the probleminstance.In this paper, the
latency-minimizationproblemundersomegivensetof resource
constraintsis addressed.The problemstatementis definedin
moredetail in SectionII.

Becausemostpracticalinstancesof the schedulingproblem
aretoo largeto besolvedefficiently by exactmethods,it is nec-
essaryto employ heuristicalgorithms. Extensive researchhas
beenperformedin this areaduring the last two decades;many
heuristicschedulershave beendeveloped,e.g., force-directed
schedulers[5], topologicalpermutationschedulers[4] and list
schedulers[3], to namea few. Lately, researchhasalsobeen
focusedonconstraint-analysistechniques.Thesetechniquesde-
creasetheapparentschedulingfreedom,without removing any
feasibleschedules. This meansthat the searchspaceof the
scheduleris reduced,while thesolutionspaceis left unaltered.

Constraintanalysisconstitutesthe basisof the schedulingre-
searchtool FACTS [2].

The objective of this work is to quantify the impactof con-
straintanalysison heuristicschedulingmethods.In particular,
thispaperconsidersthecombinationof topologicalpermutation
scheduling introducedin [4] and the constraint-analysistech-
niquesof FACTS. The advantagesof topologicalpermutation
schedulingare its simplicity and the greatdegreeof freedom
it leaves for choosingthe particular heuristic for scheduling.
Furthermore,it hasbeenshown in [4] that, for the above men-
tioned latency-minimizationproblem,topologicalpermutation
schedulingdoesnot restrictthefeasiblesolutionspaceandusu-
ally givesreasonablygoodresults.SectionIII introducestopo-
logical permutationschedulingin somemore detail, whereas
SectionIV discussesconstraint-analysistechniques.

Topologicalpermutationschedulinglifts theschedulingprob-
lem to a higherlevel of abstraction,namelythelevel of priority
functions.Thechoiceof a priority functiondeterminesthepar-
ticular schedulingheuristic.In SectionV, we presenta number
of well-known priority functionsthatoften leadto goodsched-
ules.They weretestedon a setof relevantbenchmarks.Thein-
fluenceof constraintanalysisis quantifiedto investigatewhich
heuristicscomplementconstraintanalysiswell. Theresultsare
reportedin SectionVI.

Thepaperis completedwith brief conclusionsontheschedul-
ing heuristicsdiscussedin this paperandon the impactof con-
straintanalysison theseheuristics.

I I . SCHEDULING

Schedulingcanbedefinedasacombinatorialoptimizationor
decisionproblem. In this paper, an instanceof the scheduling
problemis calledamodel. It containsthebehavioral description
of thesystemto bedesignedandthedescriptionof theresources
being used. The systembehavior is specifiedby a data flow
graph; note that althoughthis behavioral descriptionspecifies
the algorithm to be executedby the system,in this paper, the
word ‘algorithm’ is only usedto referto schedulingalgorithms.
Theresourcesaredescribedby asetof moduletypes. Constraint
information is containedin the graphas well as in the set of
moduletypes.

A moduletype modelsa functionalunit suchasan adder, a
multiplier, anALU, or somefilter section.Eachmoduletypeis
characterizedby thenumberof availablemodules,theinstances,
and the numberof clock cyclesbeforenew input datacan be



consumedafter the lastconsumptionof input data,thedata in-
troductioninterval.

A dataflow graph(DFG) is a graphwherethesetof vertices
or nodes� modelstheoperationsthathave to becarriedout by
thehardware.Eachoperationhasa moduletype,specifyingthe
functionalunit thatcanperformthatoperation.Eachoperation
hasadelaythatspecifiesthenumberof clockcyclesrequiredby
theassignedmoduletypeto completetheoperation.Thesetof
edges� of aDFGspecifiesthedatadependenciesin themodel.
An edge 	�

��������� indicatesthat operation� consumesthe
resultof operation
 .

WeassumethatDFGsarepolar. ThismeansthataDFGmust
have two specialnodesnamelya source������������� anda sink �����  �!
suchthatevery nodelies on a pathfrom thesourceto thesink.
Thesourceandsinkhavezerodelayby definition. In thispaper,
we alsoconsideronly acyclic DFGs.

A scheduleof a DFG is a function "�#$�&%(' IN thatassigns
to eachoperationa startingclock cycle. We assumethatclock
cycle0 is assignedto thesourcenode: ")	�� ���*�+����� �-,/. .

�����*�+�����
0 1

0

0

2
0

1 2

2

�����  +!

. 3
4
5
6
7
8
9
:

�<;
�<= �<>

�<?
�<@��A

�<B

�DC �<E

Fig. 1. A scheduledDFG.

Figure1 showsascheduledDFG.Everyvertex (exceptfor the
sourceandsink) is markedwith oneof threemoduletypes:ad-
dition, multiplication,andsquareroot. Clock cyclesareshown
on the left. The dashedlines separatenodesscheduledin the
sameclockcycle.

Not everypossiblescheduleis avalid solutionto theschedul-
ing problem; it hasto satisfy all the precedenceand resource
constraintsdefinedby themodel.A schedulethatsatisfiesthese
constraintsis called feasible. Precedenceconstraints require
thatno operationstartbeforeall its input datais available.If an
operationusesaresultof someotheroperation,calleda (direct)
predecessor, it cannotstartbeforethepredecessorproducesits
result. Recallthat theedgesin a DFG modelthesedatadepen-
dencies. Furthermore,recall that for every operationthe exe-

cutiondelayis known. Theprecedenceconstraintscanthusbe
expressedasfollows:F 	�

�����-�G�IH ")	��$�KJ/"
	�
L� 2NM 	�
O�P� (1)

where
M 	�
L� denotesthedelayof operation
 .

Fromtheprecedenceconstraints,it follows thatno operation
canstartbeforethe sourcestarts,andthat the sink startswhen
all otheroperationsarecompleted.So,thetotal scheduledelay
in clock cyclesis thedifferencebetweenthestarttimesof sink
andsource.Thisdelayis calledthe latencyof theschedule.

ConsideragainFigure 1. Assumethat the delay of an ad-
dition, a multiplication, anda squareroot is 1, 2, and3 clock
cycles, respectively. The scheduleshown in Figure1 satisfies
all precedenceconstraints,becauseevery dataedgecrossesat
leastasmany clock-cycle bordersasthedelayof theoperation
it originatesfrom. Theschedulehaslatency 8.

Resource constraints model the limitation on the resources
availableon a chip. A schedulecannotusemoremodulesof a
certaintypethanthenumberof instancesdefinedin themodel.

ConsideragainFigure1. Assumethat only oneinstanceof
every moduletype is availableandthatdataintroductioninter-
vals aresuchthat no modulecanstarta new operationbefore
it completesthepreviousone. Taking into accountonly prece-
denceconstraints,square-rootoperation� A couldhavestartedin
clock cycle 2, but square-rootoperation�<E hasnot yet finished
in clock cycle 2. That is why operation��A hasto bepostponed
until clock cycle3.

An additionalconstraintthat is often imposedon a feasible
scheduleis theso-calledlatencyconstraint which requiresthat
the latency of thescheduleis at mostsomeupperbound QLRTS�U .
The latency-constrainedschedulingdecisionproblemcanthen
be definedas follows: Given a model, find a feasiblesched-
ule thatsatisfiesthelatency constraint.Thelatency-constrained
decisionproblemis closelyrelatedto the latency-minimization
problem, whereonehasto find afeasibleschedulewith minimal
latency.

The latency-constrainedschedulingproblemis known to be
NP-complete([7]). This fact provides a strongreasonto be-
lieve that no polynomial-time algorithms exists to solve ei-
ther the latency-constraineddecisionproblem or the latency-
minimization problem. All known exact algorithms for the
schedulingproblemhave exponentialrunning times. For that
reason,researchhasbeenconcentratedon heuristicalgorithms,
which can find solutionsfor practicalexamplesin acceptable
times.

For simplicity reasons,we do not considersequenceedges
andsoftwarepipeliningin this paper(see[2], for moredetails).

I I I . TOPOLOGICAL PERMUTATION SCHEDULING

In thispaper, aclassof heuristicschedulingalgorithms,called
topologicalpermutationschedulers,is used.A topologicalper-
mutationschedulerschedulesoperationsoneby one. When,at
somepoint, thestarttime of anoperationis fixed,theoperation
is saidto bescheduled; schedulingdecisionsareneverreconsid-
ered.Theorderin which theoperationsarescheduledis deter-
minedby a topologically sortedpermutationof the operations
in � .



Let usexplain whatthis means.Recallthatwe assumethata
DFGis acyclic. Thus,it inducesa(strict)partialorder V , where
WVX� ( 
)�Y�Z�[�\� if andonly if the DFG hasa (non-empty)
pathfrom 
 to � ; if 
]V^� , then 
 is calleda predecessorof �
and � a successorof 
 . A permutationis topologicallysortedif
it is consistentwith thepartialorderinducedby thegraph;that
is, if 
_VZ� , thennode 
 mustprecede� in thepermutation.In
otherwords,thepermutationrespectsthedatadependenciesin
theDFG.TherequirementthataDFGbeacyclic guaranteesthat
therealwaysexist topologically-sortedpermutations.

Consideragainthe DFG of Figure 1. Permutation�����*�+�����`��DC<�$�<Ba�$��Ab�$�<Ea�$�<;D�$�<@D�$�<=a�$�<?D�$�<>a�$�����  �! is topologicallysorted.
Permutation� ���*�+����� �c� @ �c� E �d� ? �c� > �c� C �c� A �d� B �c� ; �c� = �(� ���  +! is
not,because�<@ goesbefore�<E whichis notconsistentwith edge	��<ED�Y�<@`� .

As mentioned,a topologicalpermutationschedulerschedules
nodesof aDFGoneby one.At any point, thenodeswhosepre-
decessorshave all beenscheduledarecalledreadynodes.Con-
sider, for example,Figure2. Thefigureshows theDFG of Fig-
ure1 in a statewherethefour graynodeshave beenscheduled.
For now, the intervals,theedgeannotations,andthedashedar-
row canbe ignored.Thereadynodesarenodes�<B , ��A , and �<? .
In eachstep,a topologicalpermutationschedulerselectsoneof
thereadynodesasthenodeto beschedulednext. It is clearthat
suchaschedulingorderis a topologically-sortedpermutationof
thenodesof theDFG.

In whichparticulartopologicalorderthenodesarescheduled
dependsupontheselectionschemeusedto choosein everystep
a nodefrom thesetof readynodes.Therearetwo basicselec-
tion schemes:staticanddynamicpriority functions.A priority
functionassigns(integer)valuesto thenodesof a DFG wherea
smallervalueindicatesa higherpriority. A staticpriority func-
tion is apriority functionthatcanbecomputedbeforetheactual
schedulingstarts;adynamicpriority functionis a priority func-
tion that is computedduring scheduling.An arbitrarypermuta-
tion of the nodesin a DFG is a typical staticpriority function,
wherethe priority of a nodeis the positionin the permutation.
In SectionV, we givesomeexamplesof dynamicpriority func-
tions.

In ourimplementationof topologicalpermutationscheduling,
a selectednodeis scheduledin theearliestclock cycle thatsat-
isfiesprecedence,latency, andresourceconstraints.To seehow
the precedenceconstraintsaresatisfied,considerall the paths
from the sourceto the selectednode. We definethe lengthof
sucha pathas the sumof the delaysof all nodeson the path
exceptfor the lastone,which is alwaystheselectednode.The
precedenceconstraintsimply that the selectednodecannotbe
scheduledin a clock cycle smallerthanthe lengthof any path
from thesourceto thenode(seeEquation1). Therefore,to sat-
isfy all precedenceconstraints,the selectedclock cycle cannot
be smallerthanthe lengthof the longestpath from the source
to thenode.Thatlengthis calledtheasap(assoonaspossible)
valueof thenode. In Figure2, theedgeweightscorrespondto
operationdelays,which makesit easyto computeasapvalues;
thelowerboundsof theintervalsshown in thefigurearetheasap
valuesof thecorrespondingnodes.

To seehow a latency constraintQ RTSYU is taken into account,
considerall the pathsfrom the selectednode to the sink of
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Fig. 2. Topologicalpermutationschedulingin action.

the DFG. The latency constraintmeansthat the sink cannotbe
scheduledin a clock cycle greaterthan Q RTSYU . Thus,Equation1
impliesthattheselectednodecannotbescheduledin aclockcy-
clegreaterthanQLRTSYU minusthelengthof any pathfrom thenode
to thesink. In otherwords,thenodecannotbescheduledlater
than Q RTS�U minusthelengthof thelongestpathfrom thenodeto
thesink. Thatupperboundis calledthealap(aslateaspossible)
valueof thenode. In Figure2, assumingQLRTS�Up, :

, the upper
boundsof theintervalsarethealapvaluesof thecorresponding
nodes.

To satisfythe resourceconstraints,the schedulingalgorithm
mustknow what moduletype the selectednodehas. Suppose,
for example, that it has type “multiplier” and that the model
specifiesthatthereare3 multipliersavailable.In orderto avoid
resourceoveruse,theschedulermustfind theearliestclock cy-
cle within the asap/alapinterval at which at most2 multipliers
arebusyexecutingthepreviouslyscheduledoperations;further-
more,thismultiplier mustbeavailablefor anumberof clockcy-
clesat leastequalto its dataintroductioninterval. It is straight-
forwardto keeptrackof resourceusageduringscheduling.

Theaboveconsiderationsyield thefollowing pseudocodefor
our topologicalpermutationscheduler.

TPS(DFG, ModTypes)
1: { int n, t;
2: ready_node_set = source;
3: for (int i=1; i<=|V|; i++)
4: { n = SelectReadyNode();
5: t = SelectCycle(n);
6: if (t > alap(n)) Exit(fail);
7: Schedule(n, t);
8: UpdateResourceUsage(n, t);
9: UpdateAsap(n, t);

10: UpdateReadySet(n);
11: }
12: }

In line 2, thesetof readynodesis initialized to containa sin-



gle element,thesource.Themain loop of thealgorithmhasas
many iterationsastherearenodesin theDFG.Duringeveryiter-
ation,first, a readynodeis selectedusingsomepriority function
(line 4). Second,the earliestclock cycle at leastequalto the
asapvalueof thenodeandsatisfyingtheresourceconstraintsis
determined(line 5). If this clock cycle is largerthanthenode’s
alapvalue,thentheselectedclock cycle cannotbeusedandthe
schedulingalgorithmfails to find a feasiblesolutionandexits
(line 6). Third, if the algorithmdoesnot exit, the decisionis
taken to schedulethe nodein the selectedclock cycle (line 7).
Fourth,thedatastructurekeepingtrackof resourceusageis up-
datedto rememberthatanextra moduleis used(line 8). Fifth,
theasapvaluesof successorsof theschedulednodeareupdated
(line 9). Consider, for example,Figure2. Assumethatselected
node � A is scheduledin clock cycle 3; then, the asapvalueof
all successorsof ��A mustbeupdatedasif theextra dashededge
with weight3 is presentin thegraph. In theexample,theasap
valuesof nodes�<; , �<= , and �����  �! areincrementedby one. This
updateis essentialto guaranteethatsubsequentschedulingdeci-
sionssatisfytheprecedenceconstraints.Suchanupdateis only
necessaryif a nodeis scheduledlater thanits asapvalue. Note
that alapvaluesneednot be adapted.Finally, the setof ready
nodesis updatedto take into accountthat theselectednodehas
beenscheduled(line 10).

In [4], it hasbeenshown that, for any latency-constrained
model that hasa feasibleschedule,thereexists a permutation
of theDFG nodessuchthat thetopologicalpermutationsched-
uler instantiatedwith the correspondingstatic priority func-
tion yieldsa schedulewith minimal latency. This resultmeans
thatthetransitionfrom thelatency-minimizationproblemto the
levelof priority functionsdoesnotexcludeall optimalsolutions,
which is oneof themain reasonsfor choosingtopologicalper-
mutationschedulingasthebasisfor our experiments.

IV. CONSTRAINT ANALYSIS

Thetotal numberof schedulesfor a modelcanbeextremely
high; it is boundedby QOqsrPtcu vwu . This meansthat a scheduler
canhaveanenormoussearchspaceof schedulesin which it has
to find a feasibleone. Becausein mostpracticalcases,only a
small fraction of the schedulesis feasible,it would be useful
for a schedulerto be ableto excludelarge partsof this search
spacethatcertainlydo not containa solutionto thescheduling
problem. Determiningsucha reducedsearch spaceis exactly
theproblemaddressedby constraint analysis. Becausefinding
all infeasibleschedulesis clearlyat leastasdifficult assolving
theschedulingproblem,practicalconstraint-analysistechniques
arethemselvesheuristicalgorithms. In this section,we briefly
discusshow the reducedsearchspaceis representedin FACTS

andexplain oneof its analysistechniquesto illustratethebasic
ideabehindconstraintanalysis.More detailedinformationcan
befoundin [2] and[6].

In FACTS, thereducedsearchspaceis representedby thedis-
tancematrix. This matrixadministratestheminimumandmax-
imum differencebetweenthestarttimesof eachpair of opera-
tions in a DFG. It forms the commonrepresentationon which
all constraint-analysistechniquesoperate. All techniquescan
usetherelativetiming informationstoredin thematrix,andalso
storetheir resultsin it. The effectsof theseresultson the re-

ducedsearchspacearecomputedby updatingthedistancema-
trix, i.e., incrementingthe minimum distanceor decrementing
themaximumdistancebetweentwo operations.

We have already seena simple example of a constraint-
analysistechnique,namelythecalculationof theasapandalap
valuesasdiscussedin theprevioussection.Becauseit caneas-
ily be proven that schedulingan operationoutsidethe interval
guardedby its asapandalapvaluescannotresult in a feasible
schedule,many schedulescanbeexcluded.Note thatasapand
alapvaluesaremaintainedin thedistancematrix: for eachoper-
ation � , thesevaluescorrespondto theminimumandmaximum
distanceof thesourcenodeto � , respectively.

Standardasap-alapanalysisonly considersthe datadepen-
denciesin a DFG. More advancedtechniquesalsotake the re-
sourceconstraintsin amodelinto account.As anexample,con-
sidertheDFG of Figure2; assumethatonly a singlemultiplier
is available.Thus,operations�<B , �<? , and �<= needto beexecuted
onasingleresource.Sinceamultiplicationhasadelayof 2 and
sincetheasapvalueof � B equals2, it canbeconcludedthat the
earlieststarttime of operation� ���  +! is cycle 8, whereasit hasa
currentasapvalueof 7. This examplecanbegeneralizedto the
following generaltechnique:Given an operation� andthe set
of all its predecessors,eachwith an earliestpossiblestarttime
(asapvalue),determinealowerboundonthenumberof cyclesit
takesto executetheseoperationson theavailablemoduletypes;
this givesa lower boundon theearliestpossiblestarttime of �
thatcanbeusedto updatetheasapvaluein thedistancematrix.
A similar techniquecan be formulatedfor the latestpossible
starttimes(alapvalues)of operations.

Theintegrationof constraintanalysisinto thealgorithmof the
previoussectionis straightforward.Beforeselectingthenodeto
be scheduled,constraintanalysiscanbe appliedwhich means
that moreaccurateasapandalapvaluescanbe obtainedfrom
thedistancematrix.

V. HEURISTICS

Theliteraturecontainsa numberof schedulingheuristicsthat
areinterestingin thecontext of this paper. In our experiments,
weusedthefollowing four priority functions,eachonebasedon
a meaningfulheuristicfor obtaininggoodschedules.Note,that
the lower valuesof priority function correspondto the higher
priorities.x

Global fr eedom. Theglobal freedomof a nodeis thediffer-
encebetweenits alapvalueand its asapvalue. This heuristic
givesoperationswith little global freedoma high priority, be-
causetheir rangeof possiblestarttimesis small.x

Alap. Nodeswith a low alapvaluearegivena high priority,
resultingin anearliest-deadline-firstheuristic.x

Asap. Nodeswith a low asapvaluearescheduledfirst, giving
anapproachsimilar to list scheduling.x

Freeingcount. Prioritiesaredefinedby the numberof suc-
cessorsthat would becomereadyif the nodewould be sched-
uled. Thepriority of a nodeincreaseswith its freeingcount,to
try to maximizethenumberof readynodes.

Becausetheasapvalues(andalsothealapvaluesif constraint
analysisis applied)canchangeduringscheduling,thefirst three
priority functionsaredynamicones.



To illustrate the priority functions,consideragainFigure2.
As alreadymentioned,thereadynodesare� B , � A , and � ? . Nodes� A and � ? have the lowest global freedom(which meansthat
they have thehighestpriority accordingto this heuristic).Node��A hasthe smallestalapvalueamongthe readynodes. Nodes� B and � A havethesmallestasapvalue.Node � ? hasthehighest
priority accordingto freeingcount,becauseits freengcountis 1
whereasnodes�<B and ��A have freeingcount0.

VI . EXPERIMENTAL RESULTS

We have implementedtopologicalpermutationschedulingin
FACTS andperformedexperimentson severalbenchmarks.Ev-
erybenchmarkcontainsasingleDFGandseveralversionsof the
setof moduletypes,which differ only in the numberof mod-
ule instances,e.g.,oneversionof benchmarkfdct block (fast-
discrete-cosine-transformblock) has4 addersand8 multipliers
while anotheronehasonly 1 adderand1 multiplier. Severalver-
sionsof thesetof moduletypescombinedwith the sameDFG
produceseveralmodels.For everymodel,theminimumlatency
is known.

For all modelscontainedin every benchmark,experiments
areperformedusingfivepriority functions,namelythefour pri-
ority functionsof theprevioussectionplusthepriority function
wherethe(static)priority of anodeis determinedby arandomly
generatedpermutationof thenodes.For every modelandevery
priority function, 100 experimentshave beenperformed. Ev-
ery experimentusesa single randomly-generatedpermutation
of the operations. The randompriority function simply uses
this permutationasa staticpriority function. The otherprior-
ity functionsusethis randompermutationto breaktiesbetween
two or morereadynodeswith thehighestpriority. Theexperi-
mentswith therandompriority functionareusedasa reference
to quantifythequality of theotherfour priority functions.

Every experimentconsistsof several runsof our topological
permutationscheduler. In thefirst run, the latency constraintis
fixedto theknown minimumlatency of themodel. If thealgo-
rithm fails,thelatency constraintis increasedbyoneandanother
run is performed. This is repeateduntil a feasiblescheduleis
found. Thedifferencebetweenthelatency of this scheduleand
the minimum latency is registeredas the result of the experi-
ment.

To quantifytheimpactof constraintanalysis,in every exper-
iment actually two setsof runs are performed,one with con-
straint analysisdisabledand one with constraintanalysisen-
abled. Our aim is to seeif the useof constraintanalysisal-
lows the schedulingalgorithm to solve problemswith tighter
latency constraint.For every setof 100 experimentsthe mini-
mal, theaverage,andthemaximalresultis calculatedwith and
without constraintanalysis.For every benchmark,thesevalues
areaveragedover themodelscontainedin thebenchmark.The
resultsareshown in TablesI throughIV. In thesetables,pri-
ority function randomis abbreviatedas ‘rnd’, global freedom
is abbreviatedas‘gfrd’, andfreeingcountis abbreviatedas‘fr -
cnt’. Table I containsresultsfor the wave-digital-filter block
(wdelf block),TableII for aninverse-discrete-cosine-transform
block (loef io), Table III for the fast-discrete-cosine-transform
block(fdct block),andTableIV for thethreefold-expandedfdct
block (fdct3s expand).

TABLE I

EXPERIMENTAL RESULTS FOR WDELF BLOCK (4 MODELS).

cadisabled caenabled
min avg max min avg max

rnd 0.00 1.06 2.25 0.00 0.41 1.50
gfrd 0.50 0.60 0.75 0.00 0.03 0.25
alap 0.25 0.48 0.50 0.25 0.25 0.25
asap 0.25 0.79 1.00 0.00 0.26 1.25
frcnt 0.50 0.85 1.50 0.25 0.51 1.00

TABLE II

EXPERIMENTAL RESULTS FOR LOEF IO (7 MODELS).

cadisabled caenabled
min avg max min avg max

rnd 1.71 3.80 6.00 0.14 2.39 4.86
gfrd 1.86 2.75 4.14 0.29 1.28 2.71
alap 0.71 1.61 2.71 0.43 1.22 2.43
asap 1.43 3.68 5.86 0.00 2.04 4.57
frcnt 0.43 1.09 2.29 0.14 0.36 1.43

TABLE III

EXPERIMENTAL RESULTS FOR FDCT BLOCK (8 MODELS).

cadisabled caenabled
min avg max min avg max

rnd 0.38 2.45 5.00 0.25 1.43 3.88
gfrd 0.50 1.66 2.75 1.25 1.85 2.50
alap 2.00 2.70 3.75 2.00 2.26 3.25
asap 1.25 1.82 2.62 0.25 1.25 3.50
frcnt 0.12 1.03 2.75 0.12 0.65 2.12

TABLE IV

EXPERIMENTAL RESULTS FOR FDCT3S EXPAND (2 MODELS).

cadisabled caenabled
min avg max min avg max

rnd 4.00 7.29 12.00 1.50 6.30 11.50
gfrd 2.50 6.30 8.50 2.50 5.39 9.50
alap 3.50 4.83 6.50 3.00 4.84 7.50
asap 2.50 5.25 9.00 0.50 5.21 10.50
frcnt 1.00 4.58 9.50 0.00 3.06 8.00

Fromthetables,it canbeobservedthatconstraintanalysisim-
provesthe quality of the schedulersignificantly in mostcases.
However, therearealsocaseswheretheresultsof theasap,alap
andglobal-freedomheuristicsgetworse,in particularin Tables
III andIV. This holds for the bestaswell as the averageand
worstschedulesfound. This somewhatsurprisingeffect canbe
explainedby thefact that thepriority functionsof theseheuris-
tics dependon theasapandalapvaluesandthereforetheseac-
tually changedueto constraintanalysis.In theothertwo cases,
constraintanalysishasno effect on priorities; it only influences
the selectionof the cycle in which an operationis scheduled,
excludingdecisionsthatwould resultin aninfeasibleschedule.

When comparingthe heuristics, the freeing-countpriority



functiongivesthebestoverall results.However, theresultsalso
show thaty onehasto be careful to decidewhich heuristicper-
forms the best,becausetheir relative performanceis not con-
sistentover the four benchmarks.In fact, althoughall of them
typically performbetterthantherandompermutations,thereare
alsoa few caseswherethis is not true.

VI I . CONCLUSIONS

In this work, we have quantified the effect of constraint
analysison the quality of heuristicschedulersfor the latency-
constrainedschedulingproblem.Thesynthesistool FACTS has
beenusedasthe platform for our experiments.Four different
priority functionshave beenusedwith a topologicalpermuta-
tion scheduler. Theresultsshow that, in mostcases,theresults
of theschedulerclearlyimprovewith constraintanalysis.How-
ever, if thepriority functiondependson theasapor alapvalues
of operations,it canalsohappenthat theresultsdeterioratedue
to constraintanalysis.

The resultsshow that eachheuristicusuallyperformsbetter
thanjust selectingrandompermutations.Thefreeing-countpri-
ority function gives often the best resultsand combineswell
with constraintanalysis. However, therearealwaysa few ex-
ceptions,makingit difficult to pick the ‘best’ heuristic. Based
ontheresults,wefeel thatagoodheuristicschedulershouldap-
ply someamountof backtrackingto traversea largerpartof the
searchspaceandthusbecomerobust.

Software pipelining hasnot beenconsideredhere,because
in that caseit canno longer be guaranteedthat thereexists a
permutationsuchthattopologicalpermutationschedulinggives
a schedulewith minimum latency [4]. The constraint-analysis
techniquesin FACTS canhandlesoftwarepipelining without a
problem.In fact,we expectconstraintanalysisto have aneven
strongerimpact on the resultsof heuristic schedulersin that
case.
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