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Abstract

Tight data-andtiming constraintsare imposedby com-
municationandmultimediaapplications.Thearchitecture
for theembeddedprocessorimply resourceconstraints. In-
steadof random-accessregisters,relativelocationstorages
or rotating register files are usedto exploit the available
parallelismof resourcesbymeansof reducingtheinitiation
interval in pipelinedschedules.Therefore, thecompileror
synthesistool mustdealwith thedifficult tasksof scheduling
of operationsand location assignmentof valueswhile re-
spectingall theconstraintsincludingthestoragefile capac-
ity. Thispaperpresentsamethodthathandlesconstraintsof
relative location storagesduring schedulingtogetherwith
timing andresourceconstraints. Thecharacteristicsof the
coloring of conflict graphs,representingthe relativeover-
lap of valueinstances,are analyzedin order to identify the
bottlenecksfor locationassignmentwith theaimof serializ-
ing their lifetimes.Thisis donewith pairsof loop instances
of valuesuntil it canbeguaranteedthatall constraintswill
besatisfied.Experimentsshowthat high quality schedules
for kernelsandinner loopscanbeefficientlyobtained.

1. Intr oduction

Theincrementon thecomplexity of communicationand
multimediaapplications,and their requirementsof better
performance,smaller areaor lower power consumption,
havemotivatedembeddedsystemdesignersto searchfor ar-
chitecturalalternativesor optimizationsin theirsynthesized
architecturesor embeddedprocessors.

For architectures with high levels of parallelism,
pipelined schedulesare intendedto achieve performance
benefits.Unlike schedulesin which oneiterationof a loop
is executedstrictly after theexecutionof thepreviousone,
pipelinedschedulesconsistof multipleoverlappingloop it-
erationswith the aim of obtainingpotentiallymuch more
efficient schedules[7], [5]. Iterationsof a loop body are

periodically initiated, in a period called the initiation in-
terval (I I ), without having to wait for precedingiterations
to complete.In pipelinedschedules,consecutive instances
of eachvaluearegeneratedevery I I clock cycles. If val-
ueswould beassignedto random-accessregisters,it hasto
beensuredthatany valueinstancehasto beconsumedbe-
fore anotherinstanceof thesamevalueis produced(in the
next iteration).Thismeansthatavalue(instance)cannotbe
alive longerthanI I clock cycles. It is thereforeunderstood
that if valueswould be assignedto conventionalrandom-
accessregistersthe initiation interval is lower boundedby
the longestvalue lifetime. On the other hand,with a de-
fined I I , valuesassignedto random-accessregistershave
lifetimesupperboundedby theinitiation interval.

In orderto exploit bettertheavailableparallelismof re-
sourcesby meansof reducingtheinitiation interval, relative
location storages for architecturalsynthesis[11], or rotat-
ing register files in embeddedVLIW processors[9] were
introduced. In suchstoragefiles, locations(registers)are
addressedusinga baseplusoffsetmodel. The locationad-
dress,specifiedin an instruction,is addedto a baseto de-
rive the physicallocationaddressin the file, andthe base
is decrementedeachtime a new iteration starts,therefore
giving eachloop iterationa distinctphysicallocation.

Valuescan be mappedto distributedstoragefiles each
with limited capacity (number of locations). Therefore
schedulinghas to be performedrespectingalso the stor-
ageconstraints.As a consequence,the following problem
arises:performschedulingandlocationassignmentfor rel-
ative locationstoragesor distributedrotatingregisterfiles
with a limited capacitysuchthat timing andresourcecon-
straintsarealsosatisfied.

Traditional approachesdeal with schedulingand loca-
tion assignmentin separateindependentstagesto reduce
thecomplexity of thesetasks[11], [9]. Thisapproachintro-
ducesthe problemof phasecoupling betweenscheduling
andlocationassignment:a decisionmadein onestagemay
leadto aninfeasibleconstraintsetfor theother. Relative lo-
cationassignmentcannot beperformedbeforescheduling,



sincethevaluelifetimesdependon thetime step(cycle) in
whichoperationsarescheduled,andalsobecausethebaseis
alteredevery period. On theotherhand,if locationassign-
mentis performedafterschedulingthenumberof required
locationsmayexceedthe capacityin a certainstoragefile.
Onesolutioncouldbeto spill valuesto backgroundmemory
like in [1]. Whenthelocationassignmentviolatesthefile’s
capacity, somevaluescan be selectedto be storedinto a
backgroundmemory. Loadandstoreoperationsareinserted
andall operationsarerescheduled.However, theadditional
memoryaccesseseasilycausetiming constraintviolations.
Furthermore,althoughtheseparationof schedulingandlo-
cationassignmentmayresultin arun-timeefficientmethod,
this makesmuchmoredifficult to copewith theinteraction
of timing, resources,andcapacityconstraintsall together.

This paperpresentsa methodto combinerelative loca-
tion assignmentand schedulingthat overcomesthe prob-
lemof phasecouplingandavoidsthedifficultiesof inserting
spill codeduringarchitecturalsynthesisor codegeneration
of algorithms. The method‘alternates’betweenschedul-
ing and location assignmenttasksby making a decision
for locationassignmentandsubsequentlyanalyzehow that
prunesthesearchspacefor scheduling.

Potentialconflicts betweenpairs of valuesbeforeand
during schedulingareanalyzed.Using constraintanalysis
techniquesessentialinformationis usedto identify theval-
uesthatarebottlenecksfor satisfyingthestoragefile capac-
ity. To reducethe identifiedbottlenecks,this methodper-
formspartialschedulingbyserializingtheirlifetimes.With-
out enforcingany specificlocationassignment,themethod
continuesuntil it canguaranteethatany completionof the
partial schedulewill also result in a feasiblelocation as-
signment. Therefore,it doesnot unnecessarilyreducethe
freedomto alsosatisfyresourceandtiming constraints.

This paperis organizedas follows. Section2 presents
somebasicdefinitionsandassumptions.In Section3 the
problemstatementis given,andtheglobalsolutionstrategy
is proposed.The way conflict graphsareconstructedand
usedin this approachis describedin Sections4 and5 re-
spectively. Lifetime serializationof valuesis describedin
Section6. Finally, Section7 presentssomeexperimental
resultsandSection8 theconclusions.

2. Definitions and assumptions

An algorithmicdescriptioncanbepartitionedinto basic
blocks,eachblock is representedby a dataflow graph[6],
whichdescribestheprimitiveoperationsperformedandthe
dependenciesbetweenthem.

Definition 1 A data flow graph DFG ��
V

�
DFG��� E �

DFG��� W � is a directed, edge-weighted
andacyclicgraph,where:

� V
�
DFG� is thesetof vertices(operations),� E

�
DFG� � Ed � Es is thesetof precedenceedges,� Ed � V � V is thesetof dataedges(values),� Es � V � V is thesetof sequenceedges,� W : E 	�
 andW �
� w �

O1 � O2 ��� � O1 � O2 ��� E
�
DFG���

is a functiondescribingthe timing delay(in clock cy-
cles)associatedwith each precedenceedge.

For reasonsof simplicity, it is assumedthatall operations
have anexecutiondelayof 1 clock cycle. In [8] it is shown
how pipelinedandmulti-cycle operationscanbe modeled
usingprecedenceconstraints.

The taskof schedulingis to assigneachoperationO �
V

�
DFG� a start time s

�
O� . Starttimesareconstrainedby

the precedences.A precedenceedge
�
O1 � O2 ��� E

�
DFG�

statesthat s
�
O2 ��� s

�
O1 ��� w

�
O1 � O2 � . The interaction

betweenseveral precedenceconstraintsbecomesclear by
combiningtheseprecedenceedgesinto a path.

A pathof lengthdpath from operationO1 to operationO2

is achainof precedencesO1 	�������	 O2 thatimply s
�
O2 ���

s
�
O1 ��� dpath. The distanced

�
O1 � O2 � is the lengthof the

longestpathfrom operationO1 to O2. A pathin thegraph
thus representsa minimum timing delay. The usualway
of administratingthesedelaysis by introducinga distance
matrix that storesthe length of the longestpath between
every pair of operations.Thedistancematrix is calculated
usingan all-pairs longest-pathalgorithm,an adaptationof
theall-pairsshortest-pathalgorithmfrom [2].

A schedulealsohasto satisfy the resourceconstraints.
In thisapproach,theseconstraintsaremodeledby introduc-
ing functionalresourcesandassociatinga certainresource
usagewith eachoperation.Timing constraintsarealsocon-
sidered,the initiation interval I I for loops,andthe latency
L, i.e. thenumberof availableclock cyclesin which DFG
hasto beschedule.

By applying rulesbasedon the information in the dis-
tancematrix, valuelifetime conflict graphsaregenerated,
coloredandevaluatedto find bottlenecksfor storagesatis-
faction.

Definition 2 A conflict graph CG
�
RRF� ��

V
�
CG��� E �

CG� � , for valuesboundto storage file RRF, is
anundirectedgraph,where V

�
CG� is its setof verticesand

E
�
CG� is its setof edges.

Vertices in V
�
CG� representthe valuesbound to file

RRF. Thereis an edge
�
uc � vc �!� E

�
CG� , e.g. if lifetimes

of valuesu andv overlap.
Thedegreeof avertex is thenumberof edgesincidentto

it. A clique is a subsetof verticesthat inducesa subgraph
of CG in which thoseverticesarecompletelyconnectedto
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Fig. 1. (a) Ar chitecture template,(b) storagefile

eachotherby edges.Thecliquenumberγ
�
CG� is thenum-

berof verticesof themaximumcliqueof CG.
Vertex coloring of a graphconsistsof assigninga color

to everyvertex sothatnotwo verticesconnectedby anedge
havethesamecolor. Exactcoloringconsistsof coloringus-
ing theminimumnumberof colors.Thechromaticnumber
χ
�
CG� is the smallestpossiblenumberof colorsfor color-

ingCG.
Thesaturationnumberof a vertex vc � V

�
CG� , in acol-

oredgraphCG, is the numberof colorsusedby its neigh-
bors.This numberis anindicationof thenumberof colors,
andhencestorages,usedby a valuevc andits neighborsin
CG. With alargersaturationnumber, morecolors(storages)
areused.

2.1. Storagemodel

The architectureshown in Figure1a is assumedin this
work. Thisconsistsonstoragefiles,abus-basedconnection
network andfunctionalunits.No assumptionsaremadere-
gardingthe numberof readandwrite portsof the storage
filesor theconnectionnetwork. Nevertheless,portandcon-
nectionconstraintscanbemodeledasresourceconstraints
anddescribedin theinputDFG. It is assumedthatthedelay
for eachdatatransferis fixed.

In Figure1b theassumedstoragefile is shown. Theto-
tal numberof locationsof this file is c. Conceptually, the
locationaddressspecifiedin aninstruction,I

�
u� , (sourceor

target) is addedto the baseto derive the physicallocation
addressin the file. The physicallocationaddress,P

�
u� , is

themodulusof thepreviousadditionandthestoragecapac-
ity c

�
RRF� , i.e. P

�
u� � �

base� I
�
u�"� modc

�
RRF� . Oncea

new iterationof theloop starts,thebaseis decremented.

3. Global approach

Given a binding of values to storagefiles, often im-
plied by the assignmentof operationsto functional units,
theproblemstatementis asfollows:

ProblemDefinition 1 Constrained Location Assignment
and Operation Scheduling Problem. Given a data flow

graph DFG, resource constraints, a binding of valuesto
relativelocationstoragesor rotatingregisterfiles,for each
storage file RRF a capacityc

�
RRF� , an initiation interval

I I , anda latencyL. Find an assignmentof valuesto loca-
tionsanda schedulethatsatisfytheprecedenceconstraints;
theresourceconstraints; thestorage capacity;andthetim-
ing constraintsI I andL.

Becausedecisionshaveto bemadethataffect thesearch
spacein boththedomainof locationassignmentandthedo-
main of scheduling,the problemis decomposedinto steps
asdepictedin Figure2. Themainpart,theconstraint anal-
ysis[8], generatesadditionalprecedenceconstraintsthatare
implied by thecombinationof all constraints.Theseaddi-
tionalprecedencesrefinethedistancematrix thusproviding
a moreaccurateestimateof the setof feasiblestart times.
It consistsof differentanalysismethodslike the execution
intervalanalysis[10].

After constraintanalysis,for distributedstoragefiles, a
storagefile is selectedandthevaluesboundto it areusedin
thefollowing analysis.For theselectedfile, theworstcase
or upperboundof requiredlocationsis computed. This,
by meansof usinga worst-caseconflict graphandits exact
coloring. Also, a lower boundof the numberof locations
is determinedthroughthe coloring of a best-caseconflict
graph,andcomparedwith the respective file’s capacity. A
lowerboundviolation indicatesaninfeasiblecase.

Whentheworstcasestoragerequirementsfor eachstor-
age file already respectstheir capacity, the DFG with
the additionalprecedencesis transferredto a conventional
schedulerthatcompletesthescheduleandthenthefinal lo-
cationassignment.However, in mostcasesandespeciallyat
thebeginningof theprocess,themobility of theoperations
canberelatively largeresultingin many potentialconflicts,
henceinevitably violating somestoragefile capacitycon-
straint.

The approachin Figure 2 hasto reducethe maximum
numberof conflictsby identifyingoneor morepairsof val-
uesthatcanpotentiallyshareanaddress(bottleneck identifi-
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cation) andthenproceedto serializetheir lifetimes(lifetime
serialization). The constraintanalysiscalculatestheeffect
of serializationon the schedulefreedomof all operations.
This is necessaryto guidetheprocessto avoid makingde-
cisionsthatarenot possible.

The upperand lower boundschecking,the bottleneck
identification,the lifetime serialization,andthe constraint
analysiskeepon alternatinguntil thecapacityconstraintof
eachstoragefile matchesthe worst caserequirements.An
advantageof this approachis that in practiceany conven-
tionalschedulercanbeusedto completetheschedule.

4. Constructing conflict graphs

This sectionshows how potentialstorageconflicts be-
tweenpairs of valuescan be analyzedbeforea complete
scheduleis known. This analysisusesthe distancematrix
to determinetheworst-andthebest-caseconflictingsitua-
tions betweenvaluelifetimes. Potentialconflictsareused
to identify andsolve bottleneckswhensomestoragefile is
in dangerof beingoverloaded.Unlike traditionalmethods,
this methoddoesnot requirethat all operationsaresched-
uledwhenconstructingconflict graphs.

4.1. Multiple value instances

In pipelinedschedules,valuelifetimescannotonly over-
lapwith othersfrom thesameloop iteration,but depending
on the initiation interval, lifetimes of valueinstancesfrom
differentloop iterationscanoverlap.Therefore,several in-
stancesof a valuemappedto relative locationsor a rotating
registerfile canco-exist in someclockcycle(seeFigure4a).

Sincethe locationrequirementis modeledwith conflict
graphsfor this approach,value instancesfrom successive
loop iterationsrequirea correspondingvertex representa-
tion in the conflict graphs.The numberof valueinstances
representedin thegraphis relatedto thelatency andtheini-
tiation interval constraints:

numberinstances� min

#
c
�
RRF���%$ L & 1

I I ' � 1( (1)

A proof for this expressionis presentedin AppendixA.

4.2. Conflict rules

Becauselifetimesarenot fixedyet, threedifferentsitua-
tionsmayexist betweentwo valueinstances:a no conflict,
aconflict for sureor strongconflict, or aweakconflict.

The essentialdifferencebetweena strongand a weak
conflict is thatinstanceswith a strongconflict canneverre-
sidein thesamelocation,but theoneswith a weakconflict
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Fig. 3. ui and v j have (a) no conflict, (b) a strong
conflict. Dashededgesrepresentthe distancesde-
ri ved fr om Propositions1 and 2 respectively

have lifetimes that canstill be serialized. Lifetime serial-
izationdoesreduceschedulefreedom,sincethemobility of
individualoperationsis affected.Therefore,instancesto se-
rialize mustbe selectedcarefully, suchthat the numberof
weakconflictsin a potentiallyoverloadedstoragefile is re-
duced,andnot too muchschedulefreedomis sacrificedto
obtainthatgoal. For thatpurpose,it is convenientto have
aclearcriterionfor eachof thethreepossiblesituationsbe-
tweenvalueinstances.

Considerui andv j instancesof valuesu andv in itera-
tions i and j respectively. ui andv j areproducedby oper-
ationsPu

i andPv
j andconsumedby Cu

i andCv
j respectively.

For non-foldedcasesi � j � 0.
No conflict. Instancesui and v j have no conflict if their
lifetimesdonotoverlap,i.e. d

�
Cu

i � Pv
j ��� 0 or d

�
Cv

j � Pu
i ��� 0.

The no conflict situationis depictedin Figure3a and,be-
causetheinformationfrom thedistancematrix is used(con-
taining distancesbetweenoperationsfrom the sameitera-
tion 0), this is formalizedasfollows:

Proposition1 Instancesui and v j have no conflict if
d
�
Cu � Pv �)& �

i & j �+* I I � 0 or d
�
Cv � Pu �)& �

j & i �+* I I � 0.

Strong conflict. Instancesui andv j have a strongconflict
if their lifetimes overlap for sure, i.e. d

�
Pu

i � Cv
j �,� 1 and

d
�
Pv

j � Cu
i �)� 1. Thisis depictedgraphicallyin Figure3band,

becausetheuseof thedistancematrix, this is formalizedas
follows:

Proposition2 Instancesui andv j havea strongconflict if
d
�
Pu � Cv ��& �

i & j �%* I I � 1 andd
�
Pv � Cu �-& �

j & i �.* I I � 1.

Additionally, two instancesfrom thesamevaluerequire
different locations, becausethe accessingmechanismof
a relative location file assignsdifferent locationsfor each
valueinstance.

Proposition3 Instancesui and u j alwayshave a strong
conflict.
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Weak conflict. Two valueinstancesui andv j have a weak
conflict if Propositions1 for no conflict,andPropositions2
and3 for strongconflicts,areinvalid.

Considerthe precedencegraphof Figure4a with a la-
tency of 4 andan initiation interval of 2, e.g. instancesb1

andc1, from thesameiteration,have no conflict; instances
a and b have a strongconflict in the clock cycle that the
operationthatconsumesbothexecutes;andinstancesc and
a1 have a weak conflict becauseit is not yet determined
whethertheir lifetimesoverlapor not.

5. Useof conflict graphs

Two differentconflict graphsareusedin this approach.
Thefirst is theworst-caseconflictgraphWCCG

�
RRF� that

representsthecasewhenvaluelifetimeshavetheworst-case
conflicting situation. This graphgroupsweak and strong
conflictstogether. In Figure4b,a worst-caseconflict graph
correspondingto the dataflow in Figure4a is shown. The
numberof instancesconsideredpervalueis 3 accordingto
Expression1. Coloring this graphresultsin a chromatic
numberof 4, while the storagefile capacityis 3, therefore
somelifetime serializationhasto beperformed.Thesecond
graphis the best-caseor strong conflict graph SCG

�
RRF�

andrepresentsthe casewhenvalueshave strongconflicts.
In Figure4bthestrongconflictgraphis representedonly by
solidedgesandits chromaticnumberis 3.

Bothgraphsarecoloredexactlyusingthesimplifiedcol-
oring algorithmpresentedby Coudertin [3]. After color-
ing, thechromaticnumberof WCCG givesanupperbound
whichis checkedwith theactualcapacityof thestoragefile,
while thechromaticnumberof SCG givesa lowerboundof
theamountof locationsrequired.Sincevaluelifetimesare
alteredwith serialization,new strongconflictscanarise,and
new lowerboundsareobtained.If theupdatedlowerbound
is largerthanthestoragefile capacity, aninfeasibility is re-
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turnedasresultof thelastdecision.
The choice of the bottlenecksis basedon the largest

saturation number(seeSection2) of a vertex (value in-
stance)in thecoloredWCCG. SincecoloringWCCG gives
a worst-casesituation,verticeswith maximumsaturation
representthe most-locationdemandinggroupof value in-
stances.Lifetime serializationof two valueinstancestakes
awayoneor moreweakconflicts.Whenthey havethemax-
imum saturationtheir serializationcan potentially reduce
thechromaticnumberof WCCG (andhencethenumberof
locationsrequired). Becausetheremight be a lot of value
instanceswith thesamemaximumsaturation,thelargestde-
greenumberin WCCG is usedassecondcriterion.

In the exampleof Figure4b, instancesa, c, a1, b1, c1,
a2 andb2 arecandidatesfor lifetime serializationandwere
detectedby theirsaturationnumberof 3 which is thelargest
in the graph. Then, instancea1 is chosenfirst becauseits
degreenumberof 6, and instancec becauseit hasa weak
conflict relationwith a1.

6. Lifetime serialization

Supposethatthedecisionis madethatlifetimesof ui and
v j are to be serialized. Serializationconsistsof the inser-
tion of sequenceedges(with weight0) betweenconsumers
of onevalueandtheproducerof theother, takinginto con-
siderationtheactualdistancesbetweenproducersandcon-
sumersof valuesu andv and the iteration numbersi and
j.

Thereare two possibilitiesthat lifetimes canbe serial-
ized: with sequenceedgeCu

i 	 Pv
j or Cv

j 	 Pu
i . Often,

thedistancerelationsbetweenproducersandconsumersex-
cludeonepossibility. In Figure5 a distancefrom producer
to consumerd

�
Pu

i � Cv
j �0/ 0 determinestheonly possibleso-

lution Cu
i 	 Pv

j , a sequenceedgewith weight w
�
Cu � Pv � ��

i & j �%* I I is addedin thedataflow.
After serialization,if theconstraintanalysisor thelower
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bound checking detectsinfeasibility as a result of this
choice,the otherserializationis tried if possible. If both
alternatives lead to infeasibility, serializationof ui and v j

is discardedandanotherpair of valuesis chosento repeat
the process.After that, the effect on the storagefile pres-
sureis checkedusinganupdatedconflict graphwith a new
coloring.

Figure6 shows theresultfrom lifetime serializationof c
anda1. Theupdatedworse-caseconflict graphin Figure6b
requiresonly 3 colors,whichmatchesthecapacityof 3.

7. Experimental Results

All experimentswererunon a PentiumII processorma-
chinerunningat 350MHz. Instancesof the following ex-
ampleswereused:a fastFourier transform(fft), aninverse
fast Fourier transformexample generatedby Mistral2 at
Philips(if ft), afinite impulseresponsefilter (fir), aninfinite
impulseresponsefilter (iir), anda loop body of an indus-
trial example(loop). Instancesof theseexamplesdiffer in
the numberof resourcesandtiming constraints.Only one
storagefile is consideredfor eachexample.

The main characteristicsof the examplesareshown in
Table1 respectively: theexamplename,thenumberof ver-
ticesandedges,� FU � which is a referenceaboutthe num-
berof functionalunits(resources)availableof eachmodulo
type, the minimum obtainablelatency andinitiation inter-
vals with that numberof resourcesavailable, the capacity
requiredcreq asresult from a branch-and-boundscheduler
[10] anda relative locationassignment[11], andthe CPU
time in seconds.

To evaluatethe proposedmethod,it wasappliedto the
instancesof Table1. Thebranch-and-boundschedulerwas
usedto completethepartialscheduleresultingfrom thesat-
isfactionprocesses.Themobility is definedastheaverage
differencebetweentheALAP andASAP starttimesof op-
erations: 11

V
1 ∑u 2 V ALAP

�
u��& ASAP

�
u� andis agoodindi-

cationof theschedulefreedom.Thenumberbeforerespec-

DFG �V �3�4� Ed � � FU � L,I I creq time(s)

fft 30,43 1 13,4 11 0.09
2 11,2 18 0.09

fir 16,11 1 6,3 6 0.01
ifft 73,82 2 36,26 13 1.73
iir 27,21 1 9,4 9 0.05
loop 30,34 1 11,4 17 0.07

2 7,2 24 0.07

Table 1. Examplesand referenceresults

DFGL 5 I I creq c
�
RRF� time(s) mobility

fft135 4 11 9 0.40 3 � 10 	 0 � 00
fft115 2 18 17 1.06 2 � 17 	 0 � 00
fir6 5 3 6 6 0.05 1 � 44 	 0 � 48
ifft365 26 13 12 2.46 13� 9 	 4 � 16
iir9 5 4 9 9 0.18 1 � 59 	 0 � 33
loop115 4 17 16 263. 4 � 40 	 1 � 00
loop7 5 2 24 15 0.54 2 � 00 	 0 � 60

Table 2. Resultsfor relativestorageassignment

tively after the arrow denotethe mobility beforeandafter
thesatisfactionprocess.

Theresultsfrom Table2 show theadvantagesof this ap-
proachdealingwith relative location storagesor rotating
register files: By taking the storagefile capacityinto ac-
count, this methodis able to reducethe storagepressure
comparedto anapproachthatperformslocationassignment
a posteriori.For instanceloop7 5 2, this resultsin a reduction
from 24 to 15 (columnscreq andc

�
RRF� of Table2) in the

totalnumberof locations.

8. Conclusions

This paperpresentsan approachfor relative location
assignmentand schedulingin the context of using rela-
tive locationstoragesor rotatingregisterfiles in a synthe-
sizedarchitectureor in anembeddedprocessor. Storagefile
constraintsare taken into accountfrom the first phaseof
scheduling,while thereis enoughfreedomto reducestor-
agepressure.

Constraintanalysistechniquesare usedto capturethe
interactionbetweenprecedence,timing andresourcecon-
straints. By constructinga conflict graphthat modelsthe
strongandweakconflictsbetweenvalueaccesses,thebot-
tlenecksfor locationassignmentareidentified. Thesebot-
tlenecksaresubsequentlyreducedby serializingtheir life-
times. This resultsin a partial schedulethat canbe com-
pleted by a conventional schedulerwithout violating the
storagefile constraints.

The resultsin Section7 show that this methodis able



to satisfystoragefile requirementsundertight timing and
resourceconstraints.Themethodprovidesa goodbalance
betweensolutionquality andrun time. Althoughtheprob-
lem of spilling valuesto backgroundmemoryhasnot been
addressed,theproposedmethodcanhelpto avoid unneces-
saryspill code.
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A. Number of valueinstancesin conflict graphs

Proof. Consideradataflow graphDFG with a latency L, aniniti-
ationinterval I I , andastoragefile RRFwith capacityc 6 c 7 RRF8 .
Thenumberof valueinstancesis alwaysupperboundedby c since
nomorethanc instancescanbestoredin thefile. Whenc is larger
enough,atighterupperboundis obtained: 9:7 L ; 18=< I I >.? 1,which
is relatedto the maximumnumberof instancesof onevaluethat
canbeproducedduringlatency L. This is provenby thefollowing
steps:

According to van Meerbergen in [11], given Llow, the lower
bound of locations consideringlifetime overlaps, the required
numberof relative locationsLrel satisfies:Lrel @ Llow ? 1 (a)

Whenusinga graphCG to calculatethe numberof locations,
its coloringresultsin: χ 7 CG8%6 Lrel (b)

For any graph, the clique numbersatisfies([4]): γ 7 CG8 @
χ 7 CG8 (c)

Thenumberof instancesof any valueu, in a maximumclique
of CG, alsosatisfies:numberinstancesu @ γ 7 CG8 (d)

From(a), (b), (c), and(d): numberinstancesu @ Llow ? 1 (e)
Considernow, valueu beingproducedby operationPu, con-

sumedby operationCu, andhasa maximumpossiblelifetime of
l i f etimeu 6 d 7 Pu A Cu 8%6 L ; 1. Thelowerboundof thenumberof
locationsrequiredby u is equalto thenumberof overlapsamong
its instancelifetimes,i.e. Llow 7 u8B6 overlapsu 6C9 l i f etimeu < I I >+69:7 L ; 18=< I I > , andsatisfies:Llow 7 u8 @ Llow. In a particularcase,
overlapsof u lifetimescandeterminethelower boundof required
locations,i.e. Llow 7 u8D6 Llow. Therefore: 9:7 L ; 18=< I I >�6 Llow (f)

From (e) and(f): numberinstancesu @ 9E7 L ; 18F< I I >-? 1. Fi-
nally, beingconservative, the numberof u instancesrequiredin
CG is equalto 9E7 L ; 18F< I I >%? 1
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