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ABSTRACT

This paper presentsan automaticmethodto customizeembedded
application-specifiénstructionprocessos (ASIPs)basedon com-
piler analysis. ASIPs,also knownas embeddedoft cores, allow
certain hardware parametes in the processorto be customized
for a specificapplicationdomain. They offer low designcostas
they usepre-designedndverifiedcomponentsOur designgoalis
choosingparametervaluesfor fastestruntimewithin a givensili-
conareabudget for a particular applicationset. Present-dayec-
nolagies for choosingparametervaluesrely on exhaustivesimu-
lation of the application seton all possiblecombinationsof pa-
rametervalues— a time-consumingand non-scalableprocedue.
We proposea compilerbasedmethodthat automaticallyderives
the optimal valuesof parametes without simulatingany configu-
ration. Further we expandthe spaceof parametes that can be
changed fromthelimited settoday and evaluatetheimportanceof
ead. Resultsshowthat for our bendcimarks,the runtimesfor dif-
ferentconfiguationsare predictedwith an average error of 2.5%.
In the two area constained customizatiorproblemwe evaluate
our methodis able to recommendhe sameconfiguation that is
recommendely bruteforce exhaustivesimulation®

Keywords: customizationembeddedsoftcores ASIP

1. INTRODUCTION

A major challengefacingembeddedystemdesignerss the te-
diousandexpensve designprocesf customchips. Advancesin
hardware-softvare co-designhave yielded high-performanceus-
tom designsyetthedesignof customchipsremainsexpensve and
time-consumingConsequentlymary systemsisegeneral-purpose
embeddegrocessorslespitetheir muchinferior performanceand
power characteristic§7].

A recentinnovationareembeddedoft cores which areinterme-
diate betweerncustomandgeneral-purposdesigns.Soft coresare
general-purposprocessorshat have parameterizableomponents
insteadof a fixed design. Sincecustomizations per application-
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set,they arealsocalledapplicationspecificinstructionprocessors
(ASIPs).Examplesncludethosefrom Tensilica[14], ArcCoreq1]
andHP [2, 3]. Application-specificconfigurationyields betterper
formancethangeneralpurposechips,while pre-designe@ndver-
ified componentsyield lower costthan customchips. The trend
towards implementingembeddedsystemsas a system-on-a-chip
(SOC) hasincreasedhe attractionof soft coresasthe SOCfab-
ricationis oftendoneon a perapplicationbasisaryway. Softcore
technologyis in its infang/ today— tools to help chooseparame-
tervaluesrely on exhaustie searchandthe spaceof customizable
parametersemainssmall.

Customizatiorof soft coreson a per application-sebasismay
yield benefitsbecausenot all applicationsuse different CPU re-
sourcesequally For example, multiply-accumulatg MAC) func-
tional unitsareprofitableif theapplicationsethasmary incidences
of computationsuchas(a x b) +c withoutthe (a x b) valuebeing
usedelsavhere. For otherapplicationswhich have few suchcom-
putationsbut (say) mary parallel memoryoperations,it may be
profitableto provide dual-portedmemoryinstead. As the silicon
areaavailable may be limited dueto costand power constraints,
having all possibleenhancementsuchas MAC and dual-ported
memory may not be possible. In sucha scenario,choosingthe
CPU designon an application-specifibasiswill yield lower run-
time and/orlower costandpower consumption.

Although ASIPsyield mary adwantagesover hard cores,their
customizatiorposesseriouschallenges Existing methodsusually
requirethe userto compile and run the target applicationon all
possibleconfigurationof the ASIP. This exhaustve searchs time-
consumingoecausehe numberof configurationds exponentialin
thenumberof parametevalues furthereachconfiguratiorrequires
simulationwith potentiallylarge datasets.For parametersuchas
memorysizethatcantake on alargenumberof values thenumber
of configurationggrows very rapidly. A time-consumingearchis
undesirabldor threereasonsFirst,alongdesignimeincreaseshe
time-to-marletandcostfor anew design;aquicktime-to-marletis
critical for rapidinnovation. Secondfor mary low-volumechips,
a high customdesigncostforcesthe useof general-purposehips.
Third, a designtime that exponentiallygrowvs with the numberof
parametersctsasadisincentve for increasinghe numberof cus-
tomizableparameters this hasprobablyalreadyhappenedasseen
in thesmallnumberof parametersn commerciablesigng14, 1, 2].
A largernumberof customizablgarameterprovidesmoreoppor
tunities for the designto closely matchthe ideal requirementsf
the applicationset, thus increasingperformancewithin the same
siliconarea.

In this paper we presenta methodby which the optimal values
of architecturaparametergor a given applicationsetareautomat-
ically derived; andfurther, morecustomizablgparametergarepro-
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Figure 1: Methodology for Core Customization

posed. The optimality goal is maximumapplicationperformance
within a givenareabudget. Our methodpredictsthe bestconfigu-
ration of the embeddedorewithout actuallyrunningon ary con-
figuration. The methodanalyzeshe applicationusinga compiler
framework that usesstatic and profile informationto deducethe
bestconfigurationusinga proposednathematicamodel.

Our methodworks asfollows. First, to be ableto predictper
formanceof different configurationsof the architectureat com-
pile time, we usea simplified processorescriptionlanguageto
describethe processor The descriptionlanguages expresseds
a contet-free grammarthat can describemost embeddedVLIW
andsingle-issugprocessorsandthe valuesof the parametershat
areto be customized. Second the descriptionis provided to the
instruction-schedulein our compilerthat derivesa scheduleand
thus a performanceestimate for the applicationon the described
processorThird, by predictingperformancedor configurationghat
have only one CPU enhancemenfparameterpresentwe shov a
methodby which the performanceof other configurationscanbe
inferred by using statisticaldata on the interdependencef the
givenparameters.

The approachaimsto improvesuponthe state-of-the-arin two
ways. First, the optimal configurationis proposedo be derived,
for thefirst time, without exhaustve simulation-basedearctof the
designspace Theproposednathematicanodelcapturesheinter-
dependencbetweertheimpactof differentparametersnprogram
execution,usingdependenceonstants Theseconstantpreclude
the needto exhaustvely simulateall combinationsof parameter
values.Secondthe parametergvaluatedn this researcharenovel
in their nature,asthey have never beenevaluatedin this context.
Overall, this rapid customizationwill allow low-volume chipsto
be customized mary of theseareforcedto usegeneral-purpose
chipstodayto hold down costs.

In this paper we implementand evaluateour methodologyto
verify the correctnessf its predictions.We useour methodology
to evaluatefour parametersnamely presenceor absenceof mac
functionalunit, presencer absencef an hardwarefloating point
unit, needfor asingle-portedr dual-portednemoryandthechoice
betweena non-pipelinedanda pipelinedmemoryunit. The archi-
tectureplatformusedis the Philips TriMedia VLIW processorOur
methodologypredictsapplicationgperformancevith anaverageer-
ror of under2.5%betweerpredictedandactualperformanceln the
areaconstrainectustomizatiorproblemwe evaluate,our method-
ology is ableto recommendhe exact sameconfigurationthat is
recommendeby a bruteforceexhaustve simulationmethodology

2. RELATED WORK

Priorwork in ASIP customizationis restrictedo approachethat

eitherevaluateconfigurationsexhaustiely or evaluatecertainpa-
rametersonly in isolation. Further cost-area-baseahalysisis ab-
sentin mostrelatedwork.

Commerciakoft coresincludethoseby Tensilica[14] andARC
Cores[1] corporationsThey offer the userthe ability to selectthe
instructionsetmix of the processaqrits addressingnodesandsizes
of internalmemorybanks.They supplyatool to the client that, for
eachof theseparametersestimateghe impacton areaof varying
thatparameterExperiencedlesignerst the client decideoptimal
configurationbasedn their experienceor by experimentallyeval-
uatingpossibleconfigurationsisinga simulator

Gonget. al. [6] evaluatearchitecturafeaturessuchasmachine
parallelism,numberof busesand their connectvity and memory
ports using their performanceevaluator The methodologycom-
putesspeedup®y variousparametershut doesnot computespee-
dupsdueto combinationof parametersGhazalet. al. [5] predicts
runtimesof applicationsthat cantake advantageof advancedpro-
cessolfeaturesandcompileroptimizationssuchasoptimizedspe-
cial operationsmemoryaddressingupport,control-flov support,
andloop-level optimizationsupport. Guptaet. al. [8] analyzetar
get applicationsto extractits characteristics.The characteristics,
in turn, give anindicationof someof the architecturafeaturesof
suitableprocessorBut the methodologydoesnot quantify theim-
pactof eachderivedfeature.Moreover, theperformancestimation
stageof the methodologyrequiresexhaustve simulations.

Work by Kuulusaet. al. [10], Hebertet. al. [9] and Shackle-
ford et. al. [13] build softwaretoolsto do architectureparameter
spaceexplorationby exhaustve search.They alsoevaluateexten-
sionsto instructionsets. The work on Custom-k Processas [3,
2] alsousesexhaustve search but tamgetsa a VLIW architecture
framework in which several characteristiceanbe changedmem-
ory sizesyegisterssizes kindsandlatenciesof functionalunitsand
clusteredmachinesspeedup/Cogiraphsarederivedfor all possi-
ble combinationgielding paretopoints.

3. APPROACH

Our approachcustomizesan existing baseprocessomith en-
hancedarchitecturalfeatures(parametersjhat are optimized for
agroupof targetapplications Thedesignflow of themethodology
is shavn in figure 1. Givenanapplicationcodeandbasearchitec-
ture configurationthe performancenalyzerestimategheruntime
of the applicationwith differentarchitecturajparametersThere-
sultsof this step,areaestimate®f eachparameterandoverall area
budgetare usedby a architecture-gplorationenginethat chooses
optimal parameteralues. The following sectionsexplain the pro-
cessn detail.
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Figure 2: Example curvesfor MAC unit parameter. (a) shavs how performance (Normalized runtime) may vary with the value of the parameter,
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3.1 Problemformulation

Let n be the numberof customizableparameters.The method
solvesfor py, ..., pn, Wherep; representshe numericalvalue of
theith parameterFor example let theit" parametebethepresence
or absenceof a multiply-accumulatgMAC) unit. A MAC unit
performsa multiply and a dependenaddin the sametime asan
ordinary multiply. The numberof MACSs, representedy p;, is
either0 or 1 (it canbemorefor VLIWSs). Withoutlossof generality
assumehebasearchitecturéhasp; = base = 0. Ourgoalis to find
thevaluesof p; thatmaximizeperformancavithin a certainsilicon
area. Our approachhasthreesteps. Stepsl and2 are performed
for eachof then parametersstep3 combinegheresults.

Step 1: Derive runtime vs. parameter curves In this step,a
performancevs. parameternalyzeris derived for eachparame-
ter, andusedto plot the predictedperformanceof the application
setasa function of the parametewralue p;. Thisis bestexplained
throughanexample.Figure2(a)shavs how theruntimevs. param-
etercurve maylook like for someapplicationset,for the parameter
trackingthe presencer absencef a multiply-accumulat§ MAC)
unit. The function thus obtainedis called Rurtime_fundion(p;),
andassumeshat pj = 0 for all j #i. The Rurtime.fundion is a
normalizedfunctionwhich is simply the ratio of the runtimewith
parametewralue of p; andbasecaseruntime (whenthe parameter
valueis thebasevalueof thatparameter)Theruntimein eachcase
is obtainedby profiling — the profile-collectecbasicblock frequen-
cies are multiplied by our VLIW -scheduletpredictedruntime of
thatbasicblock?. Whenthe MAC unit is presenthowever, alower
runtimeis predictedfor basicblocksthatusethe MAC unit. The
lower predictionis obtainedby re-compilingthe applicationwith
the compilerlooking for multiply-accumulatgatternsin the data-
flow graph(DFG) of the application,andrecomputinghe runtime
with MAC instructions.

Our approachis computationallymore tractablethan existing
methodsasit re-compilesfor every parametewalue, ratherthan
re-runningfor every combinationof parametewalues. For one,
re-compilingthe applicationis usuallycheapethanre-runningit,
especiallyfor large datasets. More importantly the numberof
parameteraluesgrows linearly with itself, while the numberof

2Adding instructionlatenciesyields an accurateruntimefor a ba-
sic block asvirtually all embeddegbrocessoraresingle-issuena-
chinesor VLIWSs, not dynamicissuesuperscalars-urther if there
is more than one applicationto be run on the desiredprocessaqr
their profile datais combinedandweightedby their relative execu-
tion frequencies.

combination®f parametewraluesgrons exponentially

Step 2: Obtain areavs. parameter curves Here we obtain

cunwes plotting the parametewvaluesvs. the additionalareare-

quiredfor that parameteralue,beyond whenthe parameteis not

used. Figure 2(b) shavs how the areavs. parametercurve may

look like for the applicationsetin considerationfor the MAC unit

parameter The areafor numberof MACs = p; = 0 is, by def-

inition, zero. The areafor numberof MACs = 1 is the areaof

a MAC unit in termsof gateequivalents. The arearequiredfor

pre-fabricatedunits used as parameterss, of course,knowvn to

the vendorof embeddedsoft core. The function obtainedin this

stepis called Area fundion(p;). The Rurtime_fundion(p;) and

Area fundion(p;) are maintainedas a set of points; thereis no

needto try to curve-fit theminto a symbolicform.

Step 3: Architecture-exploration engine choosesoptimal pa-

rameter values To obtainthe bestperformancethe differentpa-

rametersaretraded-of to obtainthe bestusageof silicon areafor

thatapplication.Findingoptimal parametewaluesis a constrained
optimizationproblem, definedby a setof variables,a setof con-

straintsandan objective function to be minimized. The variables
arethep; (i € [1,n]). Theconstrainis thatsumof theareafunctions
for all parameterss within the givenfixedareabudget:

3 i Area fundion(p;) < AREA BUDGET 1)

The objective function to be minimizedis the predictedoverall
runtimeof theapplicationsetasa functionof the parameteralues
p1, ..., pPn. Hypothetically if we wereto malke the simplifying as-
sumptionthattheperformancémpactof eachparametewereinde-
pendenbf the others thenthe objective functionwould be simply
theproductof thenormalizedruntimefunctionsfor eachparameter
([ representseriesproduct):

n
Pred Rurtime_fundion = ”Runimefundion( pi) (2
i=

Thedifficulty is thattheparameterarenotall independentnak-
ing theformulain (2) inaccurate For example increasinghevalue
of pi may eitherincreaseor decreas¢he gainfrom increasingan-
otherparameterp;, asthe pair may be synegistic or conflicting,
respectiely. This work proposesand investigatesa method by
which the interdependencbetweenparameterganbe accounted
for. Themethodincorporates heuristicDependencecongart for



every combinationof parametersthatadjustsfor the gainfor that
combination. In particular the objectve function in formula 2,

computingpredictedoverall normalizedruntime,couldbe adjusted
asfollows:

ML, Rurtime_fundion(p;)

Pred Rurtime_fundion =
Depencdencecongart(py,... pn)

(©)

TheDepencencecongart is avaluethatadjustsghegainto take
into accountdependencesetweerparametewalues.For example,
if aparticularcombinationof p,...,pn is synenistic, the Depend
encecongart will begreaterthanl for thatcombination;andless
thanl if conflicting. To collectvaluesfor this setof constantsthe
intuitionisthatif theparameterareinterdependerit acertainway
for astandardsetof benchmarksthenperhapghey areinterdepen-
dentin a similar way for the applicationsetunderconsideration.
Differentbenchmarlsetsmaybeusedrom differentdomainssuch
assignal-processingode, micro-controllercodeandcommunica-
tion protocol code,to more closely matchthe currentapplication
set. The Depencencecongart for a given combinationof values
p1,---, Pn iS a constantvalue obtainedfrom exhaustvely simulat-
ing the standardsetof benchmarksnot the given applicationset.
The constantaluesarecollectedone-timeonly by the vendor not
per design. They arecomputedasfollows: for eachcombination
p1,-- -,pn, theactualnormalizedruntimeis comparedwith the pre-
dictedruntimein formula 2. The constantfactoris theratio of the
two. Mathematically

Depencencecongart(p,---, pn) =

1 :ifVi,pj =base
1 :if3j,p; # basg,
Vi#j,p=base (4

(ML, Rurtime_fundion;(pi)) - gtherwise

Actual_normalized.runtime(py,---,pn)

This heuristicto take into accountinterdependencis not exact.
Neverthelessjt hasthe potentialto be close enoughto accurate
to allow the exploration engineto choosea good combinationof
parameteralues.

3.2 Evaluated Parameter List
Listedbelav arefour new parametersve have identifiedthatwe

believe have thepotentialto beprofitablyvariedfor betterapplication-

specificperformance.
Presencevs. absenceof MAC unit This tracksthe presence
or absenceof a multiply-accumulatgMAC) unit. A MAC unit
performsa multiply and a dependentidd in the sametime asa
multiply. Its value dependaupon how frequentlythe application
hasMAC computations.
Hardware vs. Software floating point Floatingpointoperations
canbedonein hardwareor simulatedin software. Hardwares ad-
vantagds speedbut softwaresazeson the often-expensve areaof
floating point units.
Multiported Memory Multiportedmemoryallows multiple mem-
ory operationgloadsandstores)simultaneouslyFor VLIWS, this
hasthe advantageof speedingup memorycritical applicationsbut
atahighercost.
Pipelined vs. non-pipelined Memory Unit Pipelinedmemory
unitsallow memoryoperationgo issueto a memoryunit beforeit
hascompletedhepreviousmemoryinstructiongssuedo thatunit.
Apartfrom theabove four parameterthathave beenevaluatedn
this paperawholerangeof new parametersanalsobeconsidered.
Thesemay includeregisterfile size,numberof architecturaklus-

ters,numberandnatureof functionalunits, presence®f anaddress
generatiorunit.

4. ARCHITECTURE MODEL

Our approactestimateghe runtime of applicationson the base
architecturewith parameterizedomponents.To accuratelyesti-
mate runtime in a retagetablemanneyr the performanceestima-
tor mustmodelthe architecturan somedescriptionlanguage We
chooseanarchitecturagepresentatiothatcanexpressnostembed-
dedVLIW processorsBasedntheoneusedby Guptaet. al.[8], it
incorporateghe differenttypesof functionalunitsthatarepresent
in thedatapathalongwith theirassociate@perationscorrespond-
ing latenciesanddelays.Themodelalsocapturegheconstraintof
typical VLIW coresin termsof operatiorslotsandslotrestrictions.
Finally, one canspecifythe numberof registersin the core,num-
berof write busesnumberof portsin thememory andthedelayof
branchoperations.

The genericmodelprovidesthe freedomto configurethe archi-
tecturewith varyinglevels of parallelismto offer. Also the nature,
kind and numberof functional units canbe alteredto gaugetheir
effecton applicationbehaior.

5. RETARGETABLE PERFORMANCE ES-
TIMATOR

To computethe runtime-functionestimatesve needa compiler
basedberformancestimator The estimatorshouldberetagetable
to accountfor ary input architecturespecifiedby the architecture
descriptionlanguage Onceconfiguredfor the architecturethe es-
timator shouldthenreturnanestimateof the runtimefor ary given
applicationonthatarchitecture Theestimatoiconsistof threenew
components:grofilermodule,adataflow graph(DFG) builderand
afine-grainschedulerpachis describedelow.

Profiler module Theprofilermodulecomputegheexecutionfre-

quencief eachbasicblock. To dothis, it declareonenew global
variablefor eachbasicblock that keepscount of the numberof

timesthatblock is executed.Eachvariableis initialized to zeroin

the main function. At the startof eachbasicblock, the variable
associateavith it is incrementedy oneby a compilerinsertedn-

struction. The executioncountsare available whenthe program
exits.

Data flow graph builder To scheduleéheapplicationcode,adata
flow graphis needed. The dataflow graphbuilder takes a basic
block asinputandoutputsadirectedagyclic graph(DAG) thatcap-
turesall typesof dependencdsetweertheoperationsThevertices
in thegraphcorrespondo eachoperationin the basicblock andan
edgebetweenwo verticesrepresenthedependencbetweerthem.
Fine-grain scheduler Thescheduletakesasinputthe DFGsfor

basicblocks,thetargetarchitecturedescriptionasspecifiedn sec-
tion 4, andthe applications profile data. It schedulesachbasic
block on the architectureto derive the executiontime for eachba-
sic block. Next, it combinesthis with the executionfrequenyg of

eachblock to estimatethe overall runtimeof the applicationon the
givenarchitecture.

The scheduleuseslist scheduling[12] to scheduleeachbasic
block. List schedulingis a greedymethodthat chooseghe next
instructionto scheduleamongthosereadyto fire in the DAG in
the order of their priority. The priority for eachinstructionde-
pendson thelengthof the critical pathfrom thatinstructionto the
end of the basicblock — the longerthe path, the higher the pri-
ority. Choseninstructionsare scheduledn the first available slot
in the VLIW schedule.The priorities, and hencethe schedulejs
machine-dependemsthe length of the critical pathsdependon
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Figure 3: Performance effect of INDIVIDU AL parameters.
The figure shows the runtime _functions for each benchmark
and application for each of the parameters chosen, namely,
mac, FPU, dual-ported memory and pipelined memory.

thelatencieof theinstructionson thatarchitecture.

The scheduleralso takes into accountthe specialarchitectural
parameterdeing consideredfor configuringthe soft core. The
four parametersvaluatedin this paperare incorporatednto the
schedulelasfollows. First, the macoperationsaredetectedn the
DFG, andscheduledasinstructionsin architectureconfigurations
thatincludea MAC unit in hardware. A macinstructionis used
only if the multiply operationhasonly one successgrotherwise
it is not profitable. Second floating point operationsn the DFG
are scheduledas instructionsif hardware floating point is avail-
able; otherwisecalls to equivalent software routinesare inserted
for eachfloating point operation. Third, dependingon the num-
ber of memoryportsspecifiedin the architecturedescription,usu-
ally specifiedoy availableVLIW slotsfor memoryinstructionsthe
scheduleincorporatesonstrainton the numberof memoryports
correctly Fourth,basednthepresencef pipelinedmemoryunits,
theschedulefreesupthememoryunitsonecycle afterit hasissued
amemoryoperation.

6. CASE ANALYSIS AND RESULTS

Ar chitecture core For our baselineDSP architectureyve model
aPhilipsTriMediaprocessorThisis a5-wideVLIW designwith a
load/storearchitectureAll logic andarithmeticoperationsareper
formedthroughthe registerfile. The processohas27 functional
unitsincludingthosefor floating pointarithmetic.It alsohasadual
portedmemory The memoryfunctionalunit hasa 3 cycle delay
Perfectbranchpredictionis assumedor the studies.Experiments
areconductedo evaluatethe effect of changingparametersn ap-
plication performance.

Benchmarks and Applications Programsfrom the UTDSP
benchmarksuite [11] are randomlydivided into two setsof four
'benchmarks’andthree’applications’. The benchmarksre used
to predictthe performanceof the applications. The benchmarks
includefir, iir, mult andadpcm The applicationsare compess
spectal andfft.

6.1 Computing DependenceConstants

The dependenceonstantdetweerarchitecturaparametersire
obtainedby running exhaustve simulationsover all benchmarks.
Theconstantarecomputedisingequatiord in section3, whichin-
volvesexhaustve simulationof thebenchmark®n all possiblepa-
rametercombinationgo computethe Acdual_normalized.rurtime
for eachcombination.Thereafterfor otherapplicationsthe aver-
age dependenceonstantsare appliedto predictits performance
for various configurations. Hencethereis no needto carry out
exhaustve simulationsfor the otherapplications.If the predicted
performances closeto the actualmeasuregberformancethenthe
methodologyis verified.

Actual individual parameter effect Figure3 shavstheimprove-
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Figure 4: Performance effect of selectedCOMBINED param-
eters. The figure shows the runtime _functions for eachbench-
mark and application for selectedcombinations of the param-
eters chosen. DPM refers to dual-ported memory and PIPE
refersto pipelined memory

mentin performancef thebenchmark$or eachparameteindivid-
ually. Thebarsfor eachbenchmarkshaw its cycle countasa per
centageof thecycle countonabasearchitecturei.e. runtime_fun-
ctions It is seerthata givenparametecanhave varyingimpacton
differentbenchmarks.
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Figure 5: Dependenceconstantsfor selectedcombined param-
eters.

Actual Combined Parameter Effect Figure 4 shaws the im-
provementn performancéor selectedcombination®f two or more
parametersn termsof rurntime.fundions For four parameters,
thereareelevensuchcombinations.

Deriving DependenceConstants Figure5 shaws the valuesof
eachdependenceonstantfor the differentbenchmarksThey are
derivedfrom thevaluesof actualindividualandcombinedparame-
terruntime_fundions, usingequatiord. The averagedependence
constantangedrom 0.955for (mac,dual-portednemory pipelined
memory)to 1.12for (mac,FPU, dual-portednemory).

It is importantto notethat a dependenceonstantthatis close
to onedoesnotimply thatthe correspondingetof parametersire
independentThereasoris thatthesetof parametertheconstants
modellingimpactonly a fraction of the instructionsin a program.
As an example,considerthe two parametersiual-portedmemory
and pipelinedmemory both of which target memoryparallelism.
Ourresultsdid shav thatthey arehighly dependentthegainfrom
both is almostthe same(7.3%) on averageasfrom eachindivid-
ually (6.1%). Thusthe dependenceonstantfrom equation4 is
(0.939* 0.939)/(0.927)= 0.95. This is closeto one despitethe
parameterbeinghighly dependent.

6.2 Predicting Performance

Performanceof applicationsis predictedapplying equation2,
usingtheruntime_fundions from figure 3 andthe averagedepen-
denceconstantsn figure 5. For lack of space althoughwe have
computedoredictedruntimesfor all configurationdor eachbench-
mark, we presennumbersfor only onebenchmarkfft, in table 1.
For now, consideronly the first two columnsof numbersin the
tableshaving predictedandactualruntimes.Note thatthe predic-
tion erroris small. Thoughfor fft, the errorrangesfrom 0.13%to
11.68%,acrossall applicationsthe overall averageerroris small,



Configuration Est. Cycle Count | Actual Cycle Count | AreaEstimate | Feasible?
MAC, FPU 3.51156E+10 3.54307E+10 26% Yes
MAC, Dual-portedMemory 1.29708E+11 1.29912E+11 16% Yes
MAC, PipelinedMemory 1.27599E+11 1.27765E+11 13% Yes
FPU,Dual-portedMemory 3.25175E+10 3.22097E+10 30% Yes
FPU,PipelinedMemory 3.21419E+10 3.00624E+10 27% Yes
Dual-portedviemory, PipelinedMemory 1.26009E+11 126691E+11 17% Yes
MAC, FPU,Dual-portedViemory 3.06623E+10 2.79151E+10 36% No
MAC, FPU, PipelinedMemory 3.06787E+10 2.79151E+10 33% No
FPU,Dual-portedMemory, PipelinedMemory 3.13236E+10 2.89887E+10 37% No
MAC, Dual-portedMemory, PipelinedMemory 1.2475E+11 1.26691E+10 23% Yes
All four 3.01452E+10 2.68414E+10 43% No
BestEstimated FeasibleConfig.: FPU, Pipelined Memory 3.21419E+10 3.00624E+10 27% Yes
BestActual FeasibleConfig.: FPU, Pipelined Memory 3.21419E+10 3.00624E+10 23% Yes

Table 1: FFT benchmark: Evaluation of parameter combinations

rangingfrom 0.5%for combination(mac,dual-portedmemory)to
5.16%for thecombination(mac,FPU,pipelinedmemory).

6.3 AreaConstrained Analysis

Our ultimategoalis to predictthe configuratiorthatachievesthe
bestperformancewithin a given areabudget. Here we devise an
experimentto predictthe bestconfiguration,and verify thatit is
bestthroughexhaustve simulation. The experimentis asfollows.
Themaximumallowableincreasen areais fixedat 32%. Thearea
increasdrom theuseof MAC, hardwarefloatingpoint,dual-ported
memoryandpipelinedmemoryis assumedo be 6% [4], 20%[4],
10% and 7% respectiely over the basearchitecture. For the fft
application tablel shawvs the predictedandactualruntimesfor the
eleven possiblecombinationsf parametersalongwith their area
estimatesandfeasibility.

Fromtable 1, we seethatthe bestfeasibleconfigurationfor fft
applicationis (FPU, pipelinedmemory)on the basisof predicted
runtimevalues.This is verifiedto be true with actualruntimeval-
ues,shaving thepredictive powver of themethod.Next we repeated
the experimentin table 1 for the spectal application(not shavn).
We obtainedthe bestpredictedand actualfeasibleconfiguration
to be (FPU, Dual-portedmemory). This shavs the value of our
methodologyasan application-specifienethodology It is ableto
judge that the bestconfigurationis different for differentbench-
marks,basedn compileranalysis.

7. CONCLUSIONS

This paperpresentsan automaticmethodto customizeembed-
ded application-specifidnstruction processorgASIPs) basedon
compileranalysis. Present-dayechnologiedor choosingparam-
etervaluesrely on exhaustve simulationof the applicationseton
all possiblecombinationsof parameteralues— atime-consuming
andnon-scalablerocedure We proposea compilerbasedmethod
that automaticallyderives the optimal valuesof parametersvith-
out simulatingary configuration.Resultsshav thatfor our bench-
marks,the runtimesfor differentconfigurationsarepredictedwith
an averageerrorof 2.5%. In thetwo areaconstraineccustomiza-
tion problemwe evaluate,our methodis ableto recommendhe
sameconfigurationthatis recommendedy bruteforce exhaustve
simulation.
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