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Abstract—Schedulingis one of the main problemsthat needto be solved
by high-level hardware and software compilers. Existing heuristics are of-
ten incapable of finding feasible solutions for practical examples,because
the tight time and resource constraints make the feasible-solutionsubspace
very small compared to the size of the full searcch space. For that reason,
constraint-analysistechniquesthat help the schedulerfind feasiblesolutions
are nowadaysa subject of reseach. In this paper, the effect of constraint
analysison heuristic schedulersis experimentally quantified to investigate
to which extentconstraint analysisimpr ovesthe quality of suchschedulers,
and alsoto seewhich heuristics complementit well. The resultsshaow that,
for most experiments, constraint analysis helps to improve the obtained
schedulesin terms of the latency of the schedule.It combinesparticularly
well with the freeing-countheuristic.

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

|. INTRODUCTION

CHEDULING is one of the importantproblemsfor high-

level hardwareand software compilers. High-level synthe-
sis[1] is animportantstagein the designof digital signalpro-
cessordor embeddedsystems. Given the behaioral descrip-
tion of the systemto be designedand a processomarchitecture
description,computeraideddesigntools have to scheduleop-
erationsand map them onto the available resources.Unfortu-
nately the schedulingproblemsin high-level synthesisarevery
hardto solve. The difficulty of schedulingstemsfrom the re-
guirementthat a schedulemust satisfy certainrestrictions,or
constaints, on performanceas well asresourceusage. It is
relatively easyto achieve only good performanceor only low
resourcaisageput whenbotharerequiredit is oftenvery diffi-
cult to find a solution;furthermore the complexity grows dras-
tically with the size of the probleminstance.In this paper the
lateng/-minimizationproblemundersomegivensetof resource
constraintsis addressed.The problemstatemenis definedin
moredetailin Sectionll.

Becausemost practicalinstancesof the schedulingproblem
aretoo largeto be solvedefficiently by exactmethodsit is nec-
essaryto employ heuristicalgorithms. Extensve researcthas
beenperformedin this areaduring the lasttwo decadesmary
heuristic schedulershave beendeveloped,e.g., force-directed
schedulerg5], topologicalpermutationschedulerg4] and list
schedulerg3], to namea few. Lately, researcthasalsobeen
focusedon constraint-analysitechniquesThesetechniquesle-
creasehe apparenschedulingreedom,without removing ary
feasible schedules. This meansthat the searchspaceof the
scheduleiis reducedwhile the solutionspaces left unaltered.

Constraintanalysisconstitutesthe basisof the schedulingre-
searchool FACTS [2].

The objective of this work is to quantify the impactof con-
straintanalysison heuristicschedulingmethods.In particular
this paperconsiderghe combinatiorof topolaogical permutation
schedulingintroducedin [4] and the constraint-analysisech-
niguesof FACTS. The advantagesf topological permutation
schedulingare its simplicity and the greatdegree of freedom
it leaves for choosingthe particular heuristicfor scheduling.
Furthermorejt hasbeenshown in [4] that, for the above men-
tioned lateng/-minimization problem, topological permutation
schedulingdoesnotrestrictthe feasiblesolutionspaceandusu-
ally givesreasonablygoodresults.Sectionlll introducegopo-
logical permutationschedulingin somemore detail, whereas
SectionlV discussesonstraint-analysitechniques.

Topologicalpermutatiorschedulindifts theschedulingprob-
lemto ahigherlevel of abstractionpnamelythelevel of priority
functions. The choiceof a priority functiondetermineghe par
ticular schedulingheuristic.In SectionV, we presenta number
of well-known priority functionsthatoftenleadto goodsched-
ules. They weretestedon a setof relevantbenchmarksThein-
fluenceof constraintanalysisis quantifiedto investigatewhich
heuristicscomplementonstraintanalysiswell. Theresultsare
reportedn SectionVI.

Thepaperis completedwith brief conclusion®ntheschedul-
ing heuristicsdiscussedn this paperandon theimpactof con-
straintanalysisontheseheuristics.

Il. SCHEDULING

Schedulingcanbe definedasa combinatorialoptimizationor
decisionproblem. In this paper an instanceof the scheduling
problemis calledamodel It containghebehavioal description
of thesystento bedesignedindthedescriptiorof theresouces
being used. The systembehavior is specifiedby a data flow
graph; notethat althoughthis behaioral descriptionspecifies
the algorithm to be executedby the system,in this paper the
word ‘algorithm’ is only usedto referto schedulingalgorithms.
Theresourcesiredescribedy asetof moduletypes Constraint
informationis containedin the graphaswell asin the set of
moduletypes.

A moduletype modelsa functionalunit suchasan adder a
multiplier, an ALU, or somefilter section.Eachmoduletypeis
characterizethy thenumberof availablemodulestheinstances
andthe numberof clock cyclesbeforenew input datacanbe



consumedafterthe lastconsumptiorof input data,the datain-
troductioninterval.

A dataflow graph(DFG) is a graphwherethe setof vertices
or nodesl’ modelsthe operationghathave to be carriedout by
thehardware.Eachoperationhasa moduletype, specifyingthe
functionalunit that canperformthat operation.Eachoperation
hasa delaythatspecifieshe numberof clock cyclesrequiredoy
the assignednoduletypeto completethe operation.The setof
edgesF of aDFG specifieghe datadependencieim themodel.
An edge(u,v) € E indicatesthat operationv consumeghe
resultof operationu.

We assumehatDFGsarepolar. This meanghata DFG must
have two specialnodesnamelya sourcevsoyurce @anda Sink vgini
suchthatevery nodelies on a pathfrom the sourceto the sink.
The sourceandsink have zerodelayby definition. In this paper
we alsoconsidemnly agyclic DFGs.

A scheduleof aDFGis afunctiong : V. — IN thatassigns
to eachoperationa startingclock cycle. We assumehat clock
cycle 0 is assignedo the sourcenode: ¢(vsource) = 0.

Fig.1. A scheduledFG.

Figurel shavsascheduledFG. Everyvertex (exceptfor the
sourceandsink) is markedwith oneof threemoduletypes:ad-
dition, multiplication,andsquareroot. Clock cyclesareshavn
on the left. The dashedines separatenodesscheduledn the
sameclock cycle.

Not every possibleschedulés a valid solutionto the schedul-
ing problem;it hasto satisfyall the precedenceand resouce
constraintglefinedby themodel. A scheduléhatsatisfieghese
constraintsis called feasible Precedenceonstaints require
thatno operationstartbeforeall its input datais available.If an
operationusesaresultof someotheroperationcalleda (direct)
predecessqiit cannotstartbeforethe predecessoproducests
result. Recallthatthe edgesn a DFG modelthesedatadepen-
dencies. Furthermore recall that for every operationthe exe-

cutiondelayis known. The precedenceonstraintsanthusbe
expresseasfollows:

Y(u,0) €E = ¢(v) > d(u) + d(u), ()
whered(u) denoteghedelayof operationu.

Fromthe precedenceonstraintsijt follows thatno operation
canstartbeforethe sourcestarts,andthat the sink startswhen
all otheroperationsarecompleted.So, the total scheduledelay
in clock cyclesis the differencebetweerthe starttimesof sink
andsource.This delayis calledthelatencyof the schedule.

ConsideragainFigure 1. Assumethat the delay of an ad-
dition, a multiplication, and a squareroot is 1, 2, and 3 clock
cycles, respectiely. The scheduleshavn in Figure 1 satisfies
all precedenceonstraintsbecauseevery dataedgecrossesat
leastasmary clock-cycle bordersasthe delayof the operation
it originatesfrom. The schedulénaslateng 8.

Resouce constaints model the limitation on the resources
availableon a chip. A schedulecannotusemore modulesof a
certaintypethanthe numberof instanceglefinedin themodel.

ConsideragainFigure 1. Assumethatonly oneinstanceof
every moduletypeis availableandthat dataintroductioninter
vals are suchthat no modulecan starta new operationbefore
it completeghe previous one. Takinginto accountonly prece-
denceconstraintssquare-roobperationv, couldhave startedn
clock cycle 2, but square-roobperationvs hasnot yet finished
in clock cycle 2. Thatis why operationv, hasto be postponed
until clock cycle 3.

An additionalconstraintthat is oftenimposedon a feasible
schedulés the so-calledatencyconstaint which requiresthat
thelateng of the schedulds at mostsomeupperboundT .-
The latency-constinedsdedulingdecisionproblemcanthen
be definedas follows: Given a model, find a feasiblesched-
ule thatsatisfieghelateng constraint.The lateng/-constrained
decisionproblemis closelyrelatedto the latency-minimization
problem whereonehasto find afeasibleschedulevith minimal
lateng.

The lateng/-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 lateng/-constraineddecisionproblem or the latengy-
minimization problem. All known exact algorithmsfor the
schedulingproblemhave exponentialrunningtimes. For that
reasonfesearcthasbeenconcentrateadn heuristicalgorithms,
which canfind solutionsfor practical examplesin acceptable
times.

For simplicity reasonswe do not considersequencesdges
andsoftwarepipeliningin this paper(see[2], for moredetails).

II1. TOPOLOGICAL PERMUTATION SCHEDULING

In this paperaclassof heuristicschedulingalgorithms called
topologicalpermutatiorschedulersis used.A topologicalper
mutationscheduleschedule®perationsoneby one. When,at
somepoint, the starttime of anoperationis fixed,the operation
is saidto bescheduled schedulingdecisionsarenever reconsid-
ered. The orderin which the operationsarescheduleds deter
mined by a topologically sortedpermutationof the operations
inV.



Let usexplain whatthis means Recallthatwe assumehata
DFGis agyclic. Thus,it inducesa (strict) partialorder<, where
u < v (u,v € V) if andonly if the DFG hasa (non-empty)
pathfrom u to v; if u < v, thenwu is calleda predecessoof v
andv asuccessopf u. A permutatioris topologicallysortedif
it is consistentvith the partial orderinducedby the graph;that
is, if u < v, thennodeu mustprecedev in the permutation.In
otherwords, the permutatiorrespectghe datadependenciems
theDFG. Therequirementhata DFG beagyclic guaranteethat
therealwaysexist topologically-sorteghermutations.

Consideragainthe DFG of Figure1. Permutationusoyrce,
v1, U3, Vg, U2, U7, Us, Us, Vg, Vg, Usink IS topologically sorted.
Permutationvsource, Vs, U2, Ve, Vg, V1, V4, U3, U7, U8, Usink IS
not, because; goesbeforev, whichis notconsistentvith edge
(v2,v5).

As mentionedatopologicalpermutatiorscheduleschedules
nodesof a DFG oneby one.At ary point, the nodesvhosepre-
decessorbave all beenscheduledirecalledreadynodes.Con-
sider, for example,Figure2. Thefigure shovs the DFG of Fig-
urel in a statewherethe four gray nodeshave beenscheduled.
For now, theintervals, the edgeannotationsandthe dashedar-
row canbeignored. Thereadynodesarenodesvs, v4, andws.
In eachstep,atopologicalpermutatiorscheduleselectsoneof
thereadynodesasthe nodeto be scheduledhext. It is clearthat
suchaschedulingorderis atopologically-sorteghermutatiorof
thenodesof the DFG.

In which particulartopologicalorderthenodesarescheduled
dependsipontheselectionschemeausedto choosdn every step
anodefrom the setof readynodes. Therearetwo basicselec-
tion schemesstaticanddynamicpriority functions. A priority
functionassignginteger)valuesto the nodesof a DFG wherea
smallervalueindicatesa higherpriority. A staticpriority func-
tion is a priority functionthatcanbecomputedeforetheactual
schedulingstarts;a dynamicpriority functionis a priority func-
tion thatis 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 give someexamplesof dynamicpriority func-
tions.

In ourimplementatiorof topologicalpermutatiorscheduling,
a selectechodeis scheduledn the earliestclock cycle that sat-
isfiesprecedencdateng, andresourceconstraints.To seehow
the precedenceonstraintsare satisfied,considerall the paths
from the sourceto the selectedhode. We definethe length of
sucha pathasthe sumof the delaysof all nodeson the path
exceptfor the lastone,which is alwaysthe selectechode. The
precedenceonstraintamply thatthe selectednode cannotbe
scheduledn a clock cycle smallerthanthe length of arny path
from the sourceto the node(seeEquationl). Thereforeto sat-
isfy all precedenceonstraintsthe selectecclock cycle cannot
be smallerthanthe length of the longestpath from the source
to thenode. Thatlengthis calledthe asap(assoonaspossible)
valueof thenode. In Figure 2, the edgeweightscorrespondo
operationdelays,which makesit easyto computeasapvalues;
thelowerboundf theintervalsshavnin thefigurearetheasap
valuesof thecorrespondingnodes.

To seehow a lateng constraintT,,,, is takeninto account,
considerall the pathsfrom the selectednode to the sink of

Usource

Fig. 2. Topologicalpermutatiorschedulingn action.

the DFG. The lateng constraintmeansthatthe sink cannotbe
scheduledn aclock cycle greaterthanT .. Thus,Equationl
impliesthattheselectechodecannotbe scheduledn aclockcy-
clegreatethanT},., minusthelengthof ary pathfromthenode
to the sink. In otherwords,the nodecannotbe scheduledater
thanT,.x Minusthelengthof thelongestpathfrom thenodeto
thesink. Thatupperboundis calledthealap (aslateaspossible)
valueof thenode. In Figure2, assumindlm.x = 8, the upper
boundsof theintervalsarethe alapvaluesof the corresponding
nodes.

To satisfythe resourceconstraintsthe schedulingalgorithm
mustknow what moduletype the selectechodehas. Suppose,
for example, that it hastype “multiplier” and that the model
specifieghatthereare3 multipliersavailable. In orderto avoid
resourceoveruse the schedulemustfind the earliestclock cy-
cle within the asap/alapnterval at which at most2 multipliers
arebusyexecutingthe previously scheduleaperationsfurther
more,this multiplier mustbeavailablefor anumberof clock cy-
clesatleastequalto its dataintroductioninterval. It is straight-
forwardto keeptrackof resourcaisageduring scheduling.

Theabove considerationyield the following pseudocodéor
ourtopologicalpermutatiorscheduler

TPS(DFG, MdTypes)
{ int n, t;
ready_node_set = source;
for (int i=1; i<=s|V]; i++)
{ n = Sel ect ReadyNode();
t = Sel ect Cycl e(n);
if (t > alap(n)) Exit(fail);
Schedul e(n, t);
Updat eResour ceUsage(n,
Updat eAsap(n, t);
Updat eReadySet (n);

t);

NI RWNE

12: }
In line 2, thesetof readynodesis initialized to containa sin-



gle elementthe source.The mainloop of the algorithmhasas
mary iterationsastherearenodesn theDFG. During everyiter-
ation,first, areadynodeis selectedisingsomepriority function
(line 4). Secondthe earliestclock cycle at leastequalto the
asapvalueof the nodeandsatisfyingthe resourceconstraintss
determinedline 5). If this clock cycleis largerthanthe node’s
alapvalue,thenthe selectedtlock cycle cannotbe usedandthe
schedulingalgorithmfails to find a feasiblesolution and exits
(line 6). Third, if the algorithm doesnot exit, the decisionis
takento schedulghe nodein the selectedtlock cycle (line 7).
Fourth,the datastructurekeepingtrackof resourcausages up-
datedto remembethatan extra moduleis used(line 8). Fifth,
theasapvaluesof successorsf the scheduledhodeareupdated
(line 9). Consideyfor example,Figure2. Assumethatselected
nodew, is scheduledn clock cycle 3; then,the asapvalue of
all successorsf v4 mustbe updatedasif theextradashecdedge
with weight 3 is presentin the graph. In the example,the asap
valuesof nodesvr, vg, anduvg,y areincrementedy one. This
updatds essentiato guarante¢hatsubsequergchedulingleci-
sionssatisfythe precedenceonstraints Suchanupdateis only
necessaryf anodeis scheduledaterthanits asapvalue. Note
that alap valuesneednot be adapted.Finally, the setof ready
nodesis updatedo take into accounthatthe selectechodehas
beenscheduledline 10).

In [4], it hasbeenshawn that, for ary lateng/-constrained
modelthat hasa feasibleschedule there exists a permutation
of the DFG nodessuchthatthe topologicalpermutatiorsched-
uler instantiatedwith the correspondingstatic priority func-
tion yields a schedulewith minimal lateng. This resultmeans
thatthetransitionfrom thelateng/-minimizationproblemto the
level of priority functionsdoesnotexcludeall optimalsolutions,
which is oneof the mainreasondor choosingtopologicalper
mutationschedulingasthe basisfor our experiments.

IV. CONSTRAINT ANALYSIS

Thetotal numberof scheduledor a modelcanbe extremely
high; it is boundedby Tyne.'V!. This meansthat a scheduler
canhave anenormousearchspaceof schedulesn whichit has
to find a feasibleone. Becausdn mostpracticalcasespnly a
small fraction of the scheduleds feasible,it would be useful
for a scheduletto be ableto exclude large partsof this search
spacethat certainly do not containa solutionto the scheduling
problem. Determiningsucha reducedseach spaceis exactly
the problemaddressedy constaint analysis Becausdinding
all infeasiblescheduless clearly at leastasdifficult assolving
theschedulingproblem,practicalconstraint-analysigechniques
arethemselesheuristicalgorithms. In this section,we briefly
discusshow the reducedsearchspaceis representedn FACTS
andexplain oneof its analysistechniquego illustratethe basic
ideabehindconstraintanalysis.More detailedinformationcan
befoundin [2] and[6].

In FACTS, thereducedsearctspacds representetly thedis-
tancematrix. This matrixadministrateshe minimumandmax-
imum differencebetweenthe starttimesof eachpair of opera-
tionsin a DFG. It forms the commonrepresentatiomn which
all constraint-analysisechniquesoperate. All techniquescan
usetherelative timing informationstoredin the matrix, andalso
storetheir resultsin it. The effectsof theseresultson the re-

ducedsearchspacearecomputedby updatingthe distancema-
trix, i.e., incrementingthe minimum distanceor decrementing
the maximumdistancebetweertwo operations.

We have already seena simple example of a constraint-
analysistechnique namelythe calculationof the asapandalap
valuesasdiscussedn the previous section.Becauset caneas-
ily be proventhat schedulingan operationoutsidethe intenval
guardedby its asapandalapvaluescannotresultin a feasible
schedulemary schedulesanbe excluded. Note thatasapand
alapvaluesaremaintainedn the distancematrix: for eachoper
ationw, thesevaluescorrespondo the minimumandmaximum
distanceof the sourcenodeto v, respectiely.

Standardasap-alapnalysisonly considersthe datadepen-
denciesin a DFG. More advancedtechniquesalsotake the re-
sourceconstraintsn amodelinto account. As anexample,con-
siderthe DFG of Figure2; assumeahatonly a singlemultiplier
is available. Thus,operationz, vg, andvg needto beexecuted
onasingleresource Sincea multiplicationhasa delayof 2 and
sincethe asapvalueof v3 equals2, it canbe concludedhatthe
earlieststarttime of operationug,i is cycle 8, whereast hasa
currentasapvalueof 7. This examplecanbe generalizedo the
following generaltechnique:Given an operationv andthe set
of all its predecessorgachwith an earliestpossiblestarttime
(asapvalue),determinealowerboundonthenumberof cyclesit
takesto executetheseoperationon the availablemoduletypes;
this givesa lower boundon the earliestpossiblestarttime of v
thatcanbe usedto updatethe asapvaluein the distancematrix.
A similar techniquecan be formulatedfor the latestpossible
starttimes(alapvalues)of operations.

Theintegrationof constraintanalysisnto thealgorithmof the
previoussectionis straightforvard. Beforeselectinghenodeto
be scheduledconstraintanalysiscan be appliedwhich means
that more accurateasapand alap valuescan be obtainedfrom
the distancematrix.

V. HEURISTICS

Theliteraturecontainsa numberof schedulingheuristicsthat
areinterestingin the context of this paper In our experiments,
we usedthefollowing four priority functions,eachonebasedn
ameaningfulheuristicfor obtaininggoodschedulesNote, that
the lower valuesof priority function correspondo the higher
priorities.

« Global freedom Theglobalfreedomof a nodeis the differ-

encebetweenits alap value andits asapvalue. This heuristic
givesoperationswith little global freedoma high priority, be-
causeheir rangeof possiblestarttimesis small.

« Alap. Nodeswith alow alapvaluearegivena high priority,

resultingin anearliest-deadline-firdteuristic.

« Asap. Nodeswith alow asapvaluearescheduledirst, giving

anapproaclhsimilarto list scheduling.

« Freeingcount. Prioritiesaredefinedby the numberof suc-
cessorghat would becomereadyif the nodewould be sched-
uled. The priority of a nodeincreasewith its freeingcount,to

try to maximizethe numberof readynodes.

Because¢heasapvalues(andalsothealapvaluesf constraint
analysigs applied)canchangeduringschedulingthefirst three
priority functionsaredynamicones.



To illustrate the priority functions,consideragainFigure 2.
As alreadymentionedthereadynodesarevs, v4, andvg. Nodes
vs andwvg have the lowest global freedom (which meansthat
they have the highestpriority accordingto this heuristic).Node
v4 hasthe smallestalap value amongthe readynodes. Nodes
vz andvy havethesmallestasapvalue.Nodewvs hasthe highest
priority accordingo freeingcount,becauséts freengcountis 1
whereasiodesv; andvg have freeingcountO.

V1.

We have implementedopologicalpermutatiorschedulingn
FacTs andperformedexperimenton severalbenchmarksEv-
erybenchmarlcontainsasingleDFG andseveralversionf the
setof moduletypes,which differ only in the numberof mod-
ule instancesg.g., oneversionof benchmarkfdct block (fast-
discrete-cosine-transforisiock) has4 addersand8 multipliers
while anotheronehasonly 1 adderand1 multiplier. Severalver-
sionsof the setof moduletypescombinedwith the sameDFG
produceseveralmodels.For every model,the minimumlateng
is known.

For all modelscontainedin every benchmark,experiments
areperformedusingfive priority functions,namelythefour pri-
ority functionsof the previoussectionplusthe priority function
wherethe (static)priority of anodeis determinedy arandomly
generateghermutatiorof the nodes.For every modelandevery
priority function, 100 experimentshave beenperformed. Ev-
ery experimentusesa single randomly-generatedermutation
of the operations. The randompriority function simply uses
this permutationas a static priority function. The other prior-
ity functionsusethis randompermutatiorto breaktiesbetween
two or morereadynodeswith the highestpriority. The experi-
mentswith therandompriority functionareusedasareference
to quantifythe quality of the otherfour priority functions.

Every experimentconsistsof several runsof our topological
permutationschedulerIn thefirst run, the lateng constraintis
fixedto the known minimum lateng of the model. If the algo-
rithm fails, thelateng constrainis increasedby oneandanother
run is performed. This is repeateduntil a feasibleschedules
found. Thedifferencebetweerthelateng of this scheduleand
the minimum lateng is registeredas the result of the experi-
ment.

To quantifytheimpactof constraintanalysisjn 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
lateng/ constraint. For every setof 100 experimentsthe mini-
mal, the average andthe maximalresultis calculatedwith and
without constraintanalysis.For every benchmarkthesevalues
areaveragedover the modelscontainedn the benchmark.The
resultsare shavn in Tablesl throughlV. In thesetables,pri-
ority function randomis abbreviatedas ‘rnd’, global freedom
is abbreviatedas'‘gfrd’, andfreeingcountis abbreviatedas'fr -
cnt’. Tablel containsresultsfor the wave-digital-filter block

EXPERIMENTAL RESULTS

TABLE |
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
frent || 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
ofrd || 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
frent || 0.43| 1.09 | 2.29|| 0.14| 0.36| 1.43

TABLE Il

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
frent || 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 | ag | 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
frent || 1.00 | 4.58| 9.50 || 0.00 | 3.06| 8.00

Fromthetablesjt canbeobsenedthatconstraineinalysism-
provesthe quality of the schedulessignificantlyin mostcases.
However, therearealsocasesvheretheresultsof theasapalap
andglobal-freedomheuristicsgetworse,in particularin Tables
Il andIV. This holdsfor the bestaswell asthe averageand
worstschedulegound. This someavhatsurprisingeffect canbe
explainedby thefactthatthe priority functionsof theseheuris-
tics dependon the asapandalapvaluesandthereforetheseac-
tually changedueto constraintanalysis.In the othertwo cases,

(wdelf_block), Tablell for aninverse-discrete-cosine-transforngonstraintanalysishasno effect on priorities; it only influences
block (loef.io), Tablelll for the fast-discrete-cosine-transformthe selectionof the cycle in which an operationis scheduled,

block (fdct_block),andTablelV for thethreefold-expandeddct
block (fdct3s expand).

excludingdecisionghatwould resultin aninfeasibleschedule.
When comparingthe heuristics, the freeing-countpriority



functiongivesthebestoverallresults.However, theresultsalso
shav that one hasto be carefulto decidewhich heuristicper
forms the best, becauseheir relative performances not con-
sistentover the four benchmarksin fact, althoughall of them
typically performbetterthantherandompermutationsthereare
alsoafew casesherethisis nottrue.

VIlI. CONCLUSIONS

In this work, we have quantifiedthe effect of constraint
analysison the quality of heuristicschedulerdor the latengy/-
constrainedschedulingproblem. The synthesigool FACTS has
beenusedasthe platform for our experiments. Four different
priority functionshave beenusedwith a topologicalpermuta-
tion scheduler Theresultsshaw that,in mostcasestheresults
of thescheduleclearlyimprove with constraintanalysis.How-
ever, if the priority functiondepend®n the asapor alapvalues
of operationsijt canalsohapperthattheresultsdeterioratedue
to constraintanalysis.

The resultsshowv that eachheuristicusually performsbetter
thanjust selectingrandompermutationsThefreeing-counpri-
ority function gives often the bestresultsand combineswell
with constraintanalysis. However, thereare alwaysa few ex-
ceptions,makingit difficult to pick the ‘best’ heuristic. Based
ontheresultswe feelthatagoodheuristicscheduleshouldap-
ply someamountof backtrackingo traversea largerpartof the
searctspaceandthusbecomeobust.

Software pipelining has not beenconsideredchere, because
in that caseit canno longer be guaranteedhat there exists a
permutatiorsuchthattopologicalpermutatiorschedulinggives
a schedulewith minimum lateng/ [4]. The constraint-analysis
techniquesn FACTS canhandlesoftware pipelining without a
problem. In fact, we expectconstraintanalysisto have aneven
strongerimpact on the resultsof heuristic schedulersn that
case.
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