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Abstract

Tight data- andtiming constaints are imposeddy com-
municationand multimediaapplications. The architectue
for theembeddegrocessoimply resouceconstaints. In-
steadof random-accessegisters, relativelocation storages
or rotating register files are usedto exploit the available
parallelismof resoucesby meansf reducingtheinitiation
interval in pipelinedschedules.Thelefore, the compileror
synthesisool mustdealwith thedifficult tasksof scheduling
of opetations and location assignmenbf valueswhile re-
spectingall theconstaintsincludingthe storage file capac-
ity. Thispaperpresent& methodhathandlesonstaintsof
relative location storages during schedulingtogetherwith
timing and resouce constrints. The characteristicsof the
coloring of conflict graphs,representingthe relative over
lap of valueinstancesare analyzedn order to identify the
bottlene&sfor locationassignmentvith theaim of serializ-
ing their lifetimes. Thisis donewith pairs of loopinstances
of valuesuntil it canbe guaranteedhatall constaintswill
be satisfied. Experimentshowthat high quality schedules
for kernelsandinnerloopscanbe efficiently obtained.

1. Intr oduction

Theincremenin the complexity of communicatiorand
multimedia applications,and their requirementf better
performance,smaller areaor lower power consumption,
have motivatedembeddedystendesignerso searcHor ar
chitecturalalternatvesor optimizationsn their synthesized
architecture®r embeddegbrocessors.

For architectureswith high levels of parallelism,
pipelined sthedulesare intendedto achieve performance
benefits.Unlike schedulesn which oneiterationof aloop
is executedstrictly after the executionof the previous one,
pipelinedschedulegonsistof multiple overlappingloopit-
erationswith the aim of obtainingpotentially much more
efficient scheduleg7], [5]. Iterationsof aloop body are

periodically initiated, in a period called the initiation in-
terval (11), without having to wait for precedingiterations
to complete.In pipelinedschedulesgonsecutie instances
of eachvalue are generatedevery |1l clock cycles. If val-
ueswould be assignedo random-accesggisters,it hasto
be ensuredhat arny valueinstancehasto be consumede-
fore anotherinstanceof the samevalueis producedin the
next iteration). This meanghatavalue(instanceannotbe
alive longerthanl| clock cycles. It is thereforeunderstood
thatif valueswould be assignedo corventionalrandom-
accesgegistersthe initiation interval is lower boundedby
the longestvalue lifetime. On the other hand, with a de-
fined I1, valuesassignedo random-accessegistershave
lifetimesupperboundedoy theinitiation interval.

In orderto exploit betterthe available parallelismof re-
sourcedy meanf reducingtheinitiation interval, relative
location storagesfor architecturakynthesig11], or rotat-
ing register files in embeddedVLIW processorg9] were
introduced. In suchstoragefiles, locations(registers)are
addressedsinga baseplus offsetmodel. The locationad-
dress,specifiedin aninstruction,is addedto a baseto de-
rive the physicallocationaddressn the file, andthe base
is decrementeeachtime a new iteration starts,therefore
giving eachloopiterationa distinctphysicallocation.

Valuescan be mappedto distributed storagefiles each
with limited capacity (number of locations). Therefore
schedulinghasto be performedrespectingalso the stor
ageconstraints.As a consequencehe following problem
arises:performschedulingandlocationassignmentor rel-
ative location storage=or distributed rotating register files
with a limited capacitysuchthattiming andresouce con-
straintsarealsosatisfied.

Traditional approachesleal with schedulingand loca-
tion assignmenin separaténdependenstagesto reduce
thecompleity of thesetasks[11], [9]. Thisapproachintro-
ducesthe problemof phasecoupling betweenscheduling
andlocationassignmenta decisionmadein onestagemay
leadto aninfeasibleconstraintsetfor theother Relatvelo-
cationassignmentannot be performedbeforescheduling,



sincethe valuelifetimes dependon thetime step(cycle) in

whichoperationgrescheduledandalsobecaus¢hebaseas

alteredevery period. On the otherhand,if locationassign-
mentis performedafter schedulinghe numberof required
locationsmay exceedthe capacityin a certainstoragefile.

Onesolutioncouldbeto spill valuesto backgroundnemory
likein [1]. Whenthelocationassignmentiolatesthefile’'s

capacity somevaluescan be selectedto be storedinto a
backgroundnemory Loadandstoreoperationsreinserted
andall operationsarerescheduledHowever, the additional
memoryaccessesasily causetiming constraintviolations.
Furthermorealthoughthe separatiorof schedulingandlo-

cationassignmentayresultin arun-timeefficientmethod,
this makesmuchmoredifficult to copewith theinteraction
of timing, resourcesandcapacityconstraintsll together

This paperpresentsaa methodto combinerelative loca-
tion assignmentand schedulingthat overcomesthe prob-
lemof phasecouplingandavoidsthedifficultiesof inserting
spill codeduringarchitecturakynthesior codegeneration
of algorithms. The method'alternates’betweenschedul-
ing and location assignmentasksby making a decision
for locationassignmenandsubsequentlanalyzehow that
prunegthesearctspacedor scheduling.

Potentialconflicts betweenpairs of valuesbefore and
during schedulingare analyzed. Using constraintanalysis
technigueessentiainformationis usedto identify the val-
uesthatarebottleneckdor satisfyingthe storagdfile capac-
ity. To reducethe identified bottlenecksthis methodper
formspartialschedulingoy serializingtheirlifetimes. With-
out enforcingary specificlocationassignmentthe method
continuesuntil it canguaranteahatany completionof the
partial schedulewill alsoresultin a feasiblelocation as-
signment. Therefore,it doesnot unnecessarilyeducethe
freedomto alsosatisfyresourceandtiming constraints.

This paperis organizedasfollows. Section2 presents
somebasicdefinitionsand assumptions.In Section3 the
problemstatemenis given,andtheglobalsolutionstrateyy
is proposed. The way conflict graphsare constructecand
usedin this approachis describedn Sections4 and5 re-
spectvely. Lifetime serializationof valuesis describedn
Section6. Finally, Section7 presentssomeexperimental
resultsandSection8 the conclusions.

2. Definitions and assumptions

An algorithmicdescriptioncanbe partitionedinto basic
blocks,eachblock is representetby a dataflow graph[6],
which describeghe primitive operationgperformedandthe
dependencielsetweerthem.

Definiton 1 A data
(V(DFG),E(DFG),W)
andacyclicgraph,wheie:

flow  graph DFG =
is a directed, edge-weighted

e V(DFGQG) is thesetof vertices(operations),

e E(DFG) = Eq UEs is thesetof precedencedgs,

Eq C V x V isthesetof dataedges(values),

Es CV x V isthesetof sequencedges,

e W:E— ZandW = {W(01,02)|(01,02) S E(DF G)}
is a functiondescribingthe timing delay (in clock cy-
cles)associatedvith each precedencedge.

For reason®f simplicity, it is assumedhatall operations
have anexecutiondelayof 1 clock cycle. In [8] it is shavn
how pipelinedand multi-cycle operationscan be modeled
usingprecedenceonstraints.

The taskof schedulingis to assigneachoperationO €
V(DFG) astarttime s(O). Starttimesare constrainedy
the precedencesA precedencedge(0;,0;) € E(DFG)
statesthat s(O;) > s(01) + w(01,02). The interaction
betweenseveral precedenceonstraintshecomesclear by
combiningtheseprecedencedgesnto a path.

A pathof lengthdyzn from operationO; to operationO;
isachainof precedence®; — ... — Oy thatimply s(Oz) >
S(01) + dpan. Thedistanced(O1,0,) is the lengthof the
longestpathfrom operationO; to O,. A pathin the graph
thus representa minimum timing delay The usualway
of administratingthesedelaysis by introducinga distance
matrix that storesthe length of the longestpath between
every pair of operations.The distancematrix is calculated
usingan all-pairslongest-pathalgorithm, an adaptatiorof
theall-pairsshortest-patlalgorithmfrom [2].

A schedulealso hasto satisfythe resourceconstraints.
In thisapproachtheseconstraint@remodeledby introduc-
ing functionalresourcesandassociating certainresource
usagewith eachoperation.Timing constraintsarealsocon-
sidered theinitiation interval |1 for loops,andthe latency
L, i.e. the numberof availableclock cyclesin which DFG
hasto beschedule.

By applyingrulesbasedon the informationin the dis-
tancematrix, valuelifetime conflict graphsare generated,
coloredandevaluatedto find bottlenecksor storagesatis-
faction.

Definition 2 A conflict  graph  CG(RRF) =
(V(CG),E(CG)), for valuesboundto storage file RRF, is
anundirectedgraph,whee V(CG) is its setof verticesand
E(CQG) isits setof edees.

Verticesin V(CG) representthe valuesboundto file
RRF. Thereis an edge(u®,\*) € E(CG), e.g. if lifetimes
of valuesu andv overlap.

Thedeggreeof avertex is the numberof edgesncidentto
it. A cliqueis a subsefof verticesthatinducesa subgraph
of CG in which thoseverticesarecompletelyconnectedo



location|

@) (b)
)

T H T retative| 5
‘ bus-based connection network ‘ 2
l ' l

R
I LI ™=
‘ FUs ‘ FUzJ ‘ Fd S ——
=N

Fig. 1. (a) Ar chitecture template, (b) storagefile

eachotherby edges.The clique numbery(CG) is thenum-
berof verticesof the maximumclique of CG.

\ertex coloring of a graphconsistsof assigninga color
to everyvertex sothatnotwo verticesconnectedy anedge
havethesamecolor. Exactcoloring consistf coloringus-
ing the minimum numberof colors. The chromaticnumber
X(CG) is the smallestpossiblenumberof colorsfor color-
ing CG.

Thesaturation numberof avertex v¢ € V(CG), in acol-
oredgraphCG, is the numberof colorsusedby its neigh-
bors. This numberis anindicationof the numberof colors,
andhencestoragesusedby a valuev® andits neighborsn
CG. With alargersaturatiomumbermorecolors(storages)
areused.

2.1 Storagemodel

The architectureshavn in Figure lais assumedn this
work. This consistson storagdiles, abus-based@onnection
network andfunctionalunits. No assumptionaremadere-
gardingthe numberof readandwrite portsof the storage
files ortheconnectiometwork. Neverthelessportandcon-
nectionconstraintscanbe modeledasresourceconstraints
anddescribedn theinputDF G. It is assumedhatthedelay
for eachdatatransferis fixed.

In Figure 1b the assumedtoragefile is shavn. Theto-
tal numberof locationsof this file is c. Conceptuallythe
locationaddresspecifiedn aninstruction,l (u), (sourceor
target) is addedto the baseto derive the physicallocation
addressn thefile. The physicallocationaddressP(u), is
themodulusof the previousadditionandthe storagecapac-
ity ¢(RRPF), i.e. P(u) = (base+ I (u)) modc(RRF). Oncea
new iterationof theloop starts the baseis decremented.

3. Global approach

Given a binding of valuesto storagefiles, often im-
plied by the assignmenbf operationsto functional units,
theproblemstatements asfollows:

Problem Definition 1 Constained Location Assignment
and Opeiration Sceduling Problem. Given a data flow

graph DF G, resouce constaints, a binding of valuesto
relativelocation storagesor rotating registerfiles, for eath
storage file RRF a capacityc(RRF), an initiation interval
I, anda latencyL. Find an assignmenbf valuesto loca-
tionsanda schedulethat satisfythe precedenceonstaints;
theresouce constaints; the storage capacity;andthetim-
ing constaintsil andL.

Becausealecisionshave to be madethataffectthe search
spacean boththedomainof locationassignmenandthedo-
main of schedulingthe problemis decomposedhto steps
asdepictedin Figure2. Themainpart,the constaint anal-
ysis[8], generateadditionalprecedenceonstraintshatare
implied by the combinationof all constraints.Theseaddi-
tional precedencerefinethe distancematrix thusproviding
a more accurateestimateof the setof feasiblestarttimes.
It consistsof differentanalysismethoddik e the execution
interval analysis[10].

After constraintanalysis for distributed storagefiles, a
storagdfile is selectecandthevaluesboundto it areusedin
the following analysis.For the selectedile, the worstcase
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-caseonflict
graph,andcomparedwith the respectie file’s capacity A
lower boundviolation indicatesaninfeasiblecase.

Whentheworst casestoragerequirementgor eachstor
age file already respectstheir capacity the DFG with
the additionalprecedencess transferredo a corventional
schedulethatcompleteghe scheduleandthenthefinal lo-
cationassignmentHowever, in mostcasesndespeciallyat
the beginning of the processthe mobility of the operations
canberelatively largeresultingin mary potentialconflicts
henceinevitably violating somestoragefile capacitycon-
straint.

The approachin Figure 2 hasto reducethe maximum
numberof conflictsby identifying oneor morepairsof val-
uesthatcanpotentiallyshareanaddresgbottlene& identifi-
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cation) andthenproceedo serializetheir lifetimes (lifetime

serialization). The constraintanalysiscalculateghe effect

of serializationon the schedulefreedomof all operations.
This is necessaryo guidethe procesgo avoid makingde-

cisionsthatarenotpossible.

The upperand lower boundschecking, the bottleneck
identification, the lifetime serialization,and the constraint
analysiskeepon alternatinguntil the capacityconstraintof
eachstoragefile matcheghe worst caserequirementsAn
adwantageof this approachis thatin practiceary corven-
tional schedulecanbeusedto completethe schedule.

4. Constructing conflict graphs

This sectionshovs how potential storageconflicts be-
tween pairs of valuescan be analyzedbeforea complete
schedules known. This analysisusesthe distancematrix
to determinethe worst- andthe best-caseonflicting situa-
tions betweernvalue lifetimes. Potentialconflictsareused
to identify andsolve bottleneckavhensomestoragefile is
in dangerof beingoverloaded.Unlike traditionalmethods,
this methoddoesnot requirethat all operationsare sched-
uledwhenconstructingconflictgraphs.

4.1 Multiple valueinstances

In pipelinedschedulesyaluelifetimescannotonly over-
lap with othersfrom the sameloop iteration,but depending
on the initiation interval, lifetimes of valueinstancedrom
differentloop iterationscanoverlap. Therefore severalin-
stance®f avaluemappedo relative locationsor arotating
registerfile canco-existin someclock cycle (seeFigure4a).

Sincethe locationrequiremenis modeledwith conflict
graphsfor this approachyvalue instancedrom successie
loop iterationsrequirea correspondingvertex representa-
tion in the conflict graphs. The numberof valueinstances
representeth thegraphis relatedto thelateng andtheini-
tiation interval constraints:

numbetinstances= min( (RRF), [L 1-‘ + 1) (1)
A prooffor this expressions presentedh AppendixA.
4.2 Conflict rules

Becausdifetimesarenotfixedyet, threedifferentsitua-
tions may exist betweerntwo valueinstancesa no conflict
aconflict for sureor strong conflict or aweakconflict

The essentialdifferencebetweena strongand a weak
conflictis thatinstancesith a strongconflict canneverre-
sidein the samelocation,but the oneswith a weakconflict

tlme
1 Ul
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Fig. 3. u and v; have (a) no conflict, (b) a strong
conflict. Dashededgesrepresentthe distancesde-
rived from Propositions1 and 2 respectvely

Uj-

U

have lifetimes that canstill be serialized. Lifetime serial-
izationdoesreducescheduldreedom sincethe mobility of
individual operationss affected.Thereforejnstanceso se-
rialize mustbe selecteccarefully, suchthat the numberof
weakconflictsin a potentiallyoverloadedstoragefile is re-
duced,andnot too much scheduldreedomis sacrificedto
obtainthatgoal. For that purposejt is corvenientto have
aclearcriterionfor eachof thethreepossiblesituationsbe-
tweenvalueinstances.

Considery; andv; instanceof valuesu andv in itera-
tionsi and j respectrely. u; andv; areproducedoy oper
ationsP;' andP| andconsumedy C;' andCj respectiely.
For non-foldedcases = j =0
No conflict. Instancesy; andv; have no conflict if their
lifetimesdonotoverlap,i.e. d(C', P{) > 0 or d(C},F}') > 0.
The no conflict situationis depictedin Figure 3a and, be-
causeheinformationfrom thedistancematrixis used(con-
taining distancesdbetweenoperationsdrom the sameitera-
tion 0), thisis formalizedasfollows:

Proposition1 Instancesu; and vj have no conflict if
d(C",P") = (i—j)*Il >0o0rd(C"P!)—(j—i)xll > 0.

Strong conflict. Instancesy; andv; have a strongconflict
if their lifetimes overlap for sure,i.e. d(P',C{) > 1 and
d(PY,CY') > 1. Thisis depictecgraphicallyin Figure3band,
because¢he useof thedistancematrix, this is formalizedas
follows:

Proposition2 Instancesy; andv; havea strong conflictif
d(PY,CY) = (i—j)«Il > 1andd(P',C") — (j —i) Il > 1.

Additionally, two instancedrom the samevaluerequire
different locations, becausethe accessingmechanismof
a relative locationfile assignsdifferentlocationsfor each
valueinstance.

Proposition 3 Instancesu; and u; always havea strong
conflict.
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Fig. 4. (a) DFG. (b) WCCG. Dashededgesrepre-
sentweak conflicts while solid onesstrongconflicts

Weak conflict. Two valueinstancesy; andvj have a weak
conflictif Propositionsl for no conflict,andProposition®
and3 for strongconflicts,areinvalid.

Considerthe precedencgraphof Figure 4a with a la-
teng of 4 andaninitiation interval of 2, e.g. instanced;
andcy, from the sameiteration, have no conflict; instances
a and b have a strongconflict in the clock cycle that the
operationthatconsume$othexecutesandinstances and
a1 have a weak conflict becauset is not yet determined
whethertheir lifetimesoverlapor not.

5. Useof conflict graphs

Two differentconflict graphsare usedin this approach.
Thefirst is theworst-caseconflictgraphWCCG(RRF) that
representthecasewvhenvaluelifetimeshavetheworst-case
conflicting situation. This graphgroupsweak and strong
conflictstogether In Figure4b, a worst-caseconflictgraph
correspondindo the dataflow in Figure4ais shovn. The
numberof instancesonsideregervalueis 3 accordingto
Expressionl. Coloring this graphresultsin a chromatic
numberof 4, while the storagefile capacityis 3, therefore
somédlifetime serializatiorhasto be performed.Thesecond
graphis the best-caseor strong conflict graph SCG(RRF)
andrepresentshe casewhenvalueshave strongconflicts.
In Figure4bthestrongconflictgraphis representednly by
solid edgesandits chromaticnumberis 3.

Both graphsarecoloredexactly usingthe simplifiedcol-
oring algorithm presentedy Coudertin [3]. After color-
ing, the chromaticnumberof WCCG givesanupperbound
whichis checledwith theactualcapacityof thestoragdile,
while thechromaticnumberof SCG givesalower boundof
the amountof locationsrequired. Sincevaluelifetimesare
alteredwith serializationnew strongconflictscanarise and
new lowerboundsareobtained.If theupdatedowerbound
is largerthanthe storagefile capacity aninfeasibility is re-

time¢
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Fig. 5. Lifetime serialization of u; and v;. Distance
d > 0 determinesserialization uj — v;

turnedasresultof thelastdecision.

The choice of the bottlenecksis basedon the largest
satumtion number(see Section?2) of a vertex (value in-
stance)n the coloredWCCG. SincecoloringWCCG gives
a worst-casesituation, verticeswith maximum saturation
representhe most-locationdemandinggroup of valuein-
stancesLifetime serializationof two valueinstancegakes
away oneor moreweakconflicts. Whenthey have themax-
imum saturationtheir serializationcan potentially reduce
the chromaticnumberof WCCG (andhencethe numberof
locationsrequired). Becauseheremight be a lot of value
instancesvith thesamemaximumsaturationthelargestde-
greenumberin WCCG is usedassecondcriterion.

In the exampleof Figure4b, instances, ¢, ai, by, ¢,
ap andb, arecandidatedor lifetime serializationandwere
detectedy their saturatiomumberof 3 whichis thelargest
in the graph. Then,instancea; is chosenfirst becausets
degreenumberof 6, andinstancec becauseét hasa weak
conflictrelationwith a;.

6. Lifetime serialization

Supposéhatthedecisionis madethatlifetimesof u; and
vj areto be serialized. Serializationconsistsof the inser
tion of sequencedgegqwith weight0) betweenconsumers
of onevalueandthe producerof the other, takinginto con-
siderationthe actualdistancesdetweernproducersandcon-
sumersof valuesu andv andthe iteration numbersi and
j-

Therearetwo possibilitiesthat lifetimes can be serial-
ized: with sequenceedgeCj' — P or C{ — P. Often,
thedistanceelationsbetweerproducerandconsumersx-
cludeonepossibility. In Figure5 a distancerom producer
to consumedr(P}', CY) > 0 determinesheonly possibleso-
lution C!! — P, a sequencedgewith weightw(C",P’) =
(i—]) =1l is addedn the dataflow.

After serializationjf the constraintanalysisor thelower
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Fig. 6. Resulting (a) DFG and (b) WCCG graphs
after serializationc — a1

bound checking detectsinfeasibility as a result of this
choice, the other serializationis tried if possible. If both
alternatvesleadto infeasibility, serializationof u; andv;
is discardedand anotherpair of valuesis chosento repeat
the process.After that, the effect on the storagefile pres-
sureis checled usinganupdatedconflict graphwith a new
coloring.

Figure6 shaws theresultfrom lifetime serializationof ¢
anda;. Theupdatedvorse-caseonflict graphin Figure6b
requiresonly 3 colors,which matcheghe capacityof 3.

7. Experimental Results

All experimentsvererunona Pentiumll processoma-
chinerunningat 350 MHz. Instanceof the following ex-
ampleswereused:a fastFouriertransform(fft), aninverse
fast Fourier transformexample generatedby Mistral2 at
Philips(ifft), afinite impulseresponsdilter (fir), aninfinite
impulseresponsdilter (iir), anda loop body of an indus-
trial example(loop). Instanceof theseexamplesdiffer in
the numberof resourcesndtiming constraints.Only one
storagdile is consideredor eachexample.

The main characteristicof the examplesare shavn in
Tablel respectiely: the examplename the numberof ver-
ticesandedges|FU| which is a referenceaboutthe num-
berof functionalunits (resourcesgvailableof eachmodulo
type, the minimum obtainablelateng/ andinitiation inter-
vals with that numberof resourcesavailable, the capacity
requiredcreq asresultfrom a branch-and-boundcheduler
[10] andarelative locationassignmenf11], andthe CPU
timein seconds.

To evaluatethe proposedmethod,it wasappliedto the
instancef Table1. Thebranch-and-boundchedulemwas
usedto completethepartialschedulgesultingfrom thesat-
isfactionprocessesThe mobility is definedasthe average
differencebetweerthe ALAP andASAP starttimesof op-
erations:ﬁ S uev ALAP (u) — ASAP(u) andis agoodindi-
cationof thescheduldreedom.The numberbeforerespec-

DFG | [V|,|Ed| [ [FU[ | LII | 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 72 | 24 | 0.07

Table 1. Examplesand referenceresults

| DFGLi | Creg | ¢(RRF) | time(s)| mobility |
fft134 11 9 0.40 | 3.10— 0.00
fft112 18 17 1.06 | 2.17— 0.00
fire.s 6 6 0.05 | 1.44— 0.48
ifft36’26 13 12 2.46 139+ 4.16
iirg4 9 9 0.18 | 1.59— 0.33
loop;q 4 | 17 16 263. | 4.40— 1.00
|00p7’2 24 15 0.54 | 2.00— 0.60

Table 2. Resultsfor relative storageassignment

tively after the arrov denotethe mobility beforeand after
thesatishctionprocess.

Theresultsfrom Table2 showv theadvantage®f this ap-
proachdealingwith relative location storagesor rotating
registerfiles: By taking the storagefile capacityinto ac-
count, this methodis able to reducethe storagepressure
comparedo anapproactthatperformslocationassignment
a posteriori.For instanceoop; ,, this resultsin areduction
from 24 to 15 (columnscreq andc(RRF) of Table2) in the
total numberof locations.

8. Conclusions

This paper presentsan approachfor relative location
assignmentand schedulingin the context of using rela-
tive location storagesor rotating registerfiles in a synthe-
sizedarchitectureor in anembeddegrocessarStoragdile
constraintsare taken into accountfrom the first phaseof
schedulingwhile thereis enoughfreedomto reducestor
agepressure.

Constraintanalysistechniquesare usedto capturethe
interactionbetweenprecedencetiming and resourcecon-
straints. By constructinga conflict graphthat modelsthe
strongandweak conflictsbetweervalueaccesseghe bot-
tlenecksfor locationassignmenareidentified. Thesebot-
tlenecksare subsequentlyeducedby serializingtheir life-
times. This resultsin a partial schedulethat can be com-
pleted by a corventional schedulerwithout violating the
storagédfile constraints.

The resultsin Section7 show that this methodis able



to satisfy storagefile requirementsindertight timing and

resourceconstraints.The methodprovidesa goodbalance
betweersolutionquality andrun time. Althoughthe prob-

lem of spilling valuesto backgroundmemoryhasnot been
addressedhe proposednethodcanhelpto avoid unneces-
saryspill code.
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A. Number of valueinstancesin conflict graphs

Proof. Consideradataflow graphDF G with alateng L, aniniti-
ationintenval |1, andastoragdile RRFwith capacityc = c(RRF).
Thenumberof valueinstancess alwaysupperboundedy c since
nomorethanc instanceganbestoredin thefile. Whencis larger
enoughatighterupperboundis obtained:[(L — 1) /1174 1, which
is relatedto the maximumnumberof instancef onevaluethat
canbeproduceduringlateny L. Thisis provenby thefollowing
steps:

Accordingto van Meerbegenin [11], given Loy, the lower
bound of locations consideringlifetime overlaps, the required
numberof relative locationsl ¢ satisfiesL;e < Ljgw+ 1 @)

Whenusinga graphCG to calculatethe numberof locations,

its coloringresultsin: X(CG) = Lyg| (b)
For ary graph, the cligue number satisfies([4]): y(CG) <
X(CG) (c)
The numberof instance®f ary valueu, in amaximumclique
of CG, alsosatisfiesnumberinstanceg < y(CG) (d)

From(a), (b), (c), and(d): numberinganceg < Ljgw+1 (€)

Considernow, value u beingproducedby operationP!, con-
sumedby operationC!, andhasa maximumpossiblelifetime of
li fetimg, = d(P!,CY) = L — 1. Thelower boundof thenumberof
locationsrequiredby u is equalto the numberof overlapsamong
its instancdifetimes,i.e. Ljow(u) = ovedaps, = [lifetime, /11 =
[(L—1)/117, andsatisfies:Ljon(U) < Ljow. In @ particularcase,
overlapsof u lifetimes candeterminethe lower boundof required
locations,i.e. Ljow(U) = Ljow. Therefore:[(L—1)/117 = Ljow (f)

From (e) and(f): numberingtanceg < [(L —1)/117+1. Fi-
nally, being conserative, the numberof u instancesequiredin
CGisequalto [(L—1)/117+1 ]



	Main
	ICCAD01
	Front Matter
	Table of Contents
	Author Index




