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ABSTRACT
This paperpresentsan automaticmethodto customizeembedded
application-specificinstructionprocessors (ASIPs)basedon com-
piler analysis. ASIPs,also knownas embeddedsoft cores,allow
certain hardware parameters in the processorto be customized
for a specificapplicationdomain. They offer low designcostas
they usepre-designedandverifiedcomponents.Our designgoal is
choosingparametervaluesfor fastestruntimewithin a givensili-
conareabudget for a particular applicationset.Present-daytech-
nologies for choosingparametervaluesrely on exhaustivesimu-
lation of the application set on all possiblecombinationsof pa-
rametervalues– a time-consumingand non-scalableprocedure.
We proposea compiler-basedmethodthat automaticallyderives
the optimal valuesof parameters without simulatingany configu-
ration. Further, we expandthe spaceof parameters that can be
changedfromthelimitedsettoday, andevaluatetheimportanceof
each. Resultsshowthat for our benchmarks,the runtimesfor dif-
ferentconfigurationsare predictedwith an average error of 2.5%.
In the two area constrained customizationproblemwe evaluate,
our methodis able to recommendthe sameconfiguration that is
recommendedby bruteforceexhaustivesimulation.1
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1. INTRODUCTION
A majorchallengefacingembeddedsystemdesignersis the te-

diousandexpensive designprocessof customchips. Advancesin
hardware-softwareco-designhave yieldedhigh-performancecus-
tom designs,yet thedesignof customchipsremainsexpensive and
time-consuming.Consequently, many systemsusegeneral-purpose
embeddedprocessorsdespitetheir muchinferior performanceand
power characteristics[7].

A recentinnovationareembeddedsoftcores,whichareinterme-
diatebetweencustomandgeneral-purposedesigns.Soft coresare
general-purposeprocessorsthathave parameterizablecomponents
insteadof a fixed design. Sincecustomizationis per application-

1This researchis fundedin part by an NSF CAREER award to
Barua.

set,they arealsocalledapplicationspecificinstructionprocessors
(ASIPs).Examplesincludethosefrom Tensilica[14], ArcCores[1]
andHP[2, 3]. Application-specificconfigurationyieldsbetterper-
formancethangeneralpurposechips,while pre-designedandver-
ified componentsyield lower cost than customchips. The trend
towards implementingembeddedsystemsas a system-on-a-chip
(SOC)hasincreasedthe attractionof soft coresas the SOCfab-
rication is oftendoneon a per-applicationbasisanyway. Soft core
technologyis in its infancy today– tools to help chooseparame-
ter valuesrely on exhaustive search,andthespaceof customizable
parametersremainssmall.

Customizationof soft coreson a per application-setbasismay
yield benefitsbecausenot all applicationsusedifferent CPU re-
sourcesequally. For example,multiply-accumulate(MAC) func-
tionalunitsareprofitableif theapplicationsethasmany incidences
of computationssuchas

�
a � b��� c without the

�
a � b� valuebeing

usedelsewhere.For otherapplicationswhich have few suchcom-
putationsbut (say) many parallel memoryoperations,it may be
profitableto provide dual-portedmemoryinstead. As the silicon
areaavailable may be limited due to cost andpower constraints,
having all possibleenhancementssuchas MAC and dual-ported
memorymay not be possible. In sucha scenario,choosingthe
CPU designon an application-specificbasiswill yield lower run-
time and/orlower costandpower consumption.

Although ASIPsyield many advantagesover hard cores,their
customizationposesseriouschallenges.Existingmethodsusually
require the userto compile and run the target applicationon all
possibleconfigurationof theASIP. This exhaustive searchis time-
consumingbecausethenumberof configurationsis exponentialin
thenumberof parametervalues;furthereachconfigurationrequires
simulationwith potentiallylargedatasets.For parameterssuchas
memorysizethatcantake ona largenumberof values,thenumber
of configurationsgrows very rapidly. A time-consumingsearchis
undesirablefor threereasons.First,alongdesigntimeincreasesthe
time-to-marketandcostfor anew design;aquicktime-to-market is
critical for rapid innovation. Second,for many low-volumechips,
a high customdesigncostforcestheuseof general-purposechips.
Third, a designtime thatexponentiallygrows with the numberof
parametersactsasa disincentive for increasingthenumberof cus-
tomizableparameters– thishasprobablyalreadyhappened,asseen
in thesmallnumberof parametersin commercialdesigns[14,1, 2].
A largernumberof customizableparametersprovidesmoreoppor-
tunities for the designto closelymatchthe ideal requirementsof
the applicationset, thus increasingperformancewithin the same
siliconarea.

In this paper, we presenta methodby which theoptimalvalues
of architecturalparametersfor a givenapplicationsetareautomat-
ically derived;andfurther, morecustomizableparametersarepro-
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Figure1: Methodology for Core Customization

posed.The optimality goal is maximumapplicationperformance
within a givenareabudget.Our methodpredictsthebestconfigu-
rationof theembeddedcorewithout actuallyrunningon any con-
figuration. The methodanalyzesthe applicationusinga compiler
framework that usesstatic and profile information to deducethe
bestconfigurationusinga proposedmathematicalmodel.

Our methodworks as follows. First, to be able to predictper-
formanceof different configurationsof the architectureat com-
pile time, we usea simplified processordescriptionlanguageto
describethe processor. The descriptionlanguageis expressedas
a context-free grammarthat can describemost embeddedVLIW
andsingle-issueprocessors,andthe valuesof the parametersthat
are to be customized.Second,the descriptionis provided to the
instruction-schedulerin our compilerthat derivesa schedule,and
thusa performanceestimate,for the applicationon the described
processor. Third, by predictingperformancefor configurationsthat
have only oneCPU enhancement(parameter)present,we show a
methodby which the performanceof otherconfigurationscanbe
inferred by using statisticaldata on the inter-dependenceof the
givenparameters.

Theapproachaimsto improvesuponthestate-of-the-artin two
ways. First, the optimal configurationis proposedto be derived,
for thefirst time,withoutexhaustivesimulation-basedsearchof the
designspace.Theproposedmathematicalmodelcapturestheinter-
dependencebetweentheimpactof differentparametersonprogram
execution,usingdependenceconstants. Theseconstantspreclude
the needto exhaustively simulateall combinationsof parameter
values.Second,theparametersevaluatedin this researcharenovel
in their nature,asthey have never beenevaluatedin this context.
Overall, this rapid customizationwill allow low-volumechips to
be customized- many of theseareforced to usegeneral-purpose
chipstodayto hold down costs.

In this paper, we implementand evaluateour methodologyto
verify thecorrectnessof its predictions.We useour methodology
to evaluatefour parameters,namely, presenceor absenceof mac
functionalunit, presenceor absenceof anhardwarefloatingpoint
unit, needfor asingle-portedor dual-portedmemoryandthechoice
betweena non-pipelinedanda pipelinedmemoryunit. Thearchi-
tectureplatformusedis thePhilipsTriMediaVLIW processor. Our
methodologypredictsapplicationsperformancewith anaverageer-
ror of under2.5%betweenpredictedandactualperformance.In the
areaconstrainedcustomizationproblemwe evaluate,our method-
ology is able to recommendthe exact sameconfigurationthat is
recommendedby abruteforceexhaustivesimulationmethodology.

2. RELATED WORK
Priorwork in ASIPcustomizationis restrictedto approachesthat

eitherevaluateconfigurationsexhaustively or evaluatecertainpa-
rametersonly in isolation. Further, cost-area-basedanalysisis ab-
sentin mostrelatedwork.

Commercialsoft coresincludethoseby Tensilica[14] andARC
Cores[1] corporations.They offer theusertheability to selectthe
instructionsetmix of theprocessor, its addressingmodesandsizes
of internalmemorybanks.They supplya tool to theclient that,for
eachof theseparameters,estimatesthe impacton areaof varying
thatparameter. Experienceddesignersat theclient decideoptimal
configurationbasedon their experienceor by experimentallyeval-
uatingpossibleconfigurationsusinga simulator.

Gonget. al. [6] evaluatearchitecturalfeaturessuchasmachine
parallelism,numberof busesand their connectivity andmemory
ports using their performanceevaluator. The methodologycom-
putesspeedupsby variousparameters,but doesnot computespee-
dupsdueto combinationof parameters.Ghazalet. al. [5] predicts
runtimesof applicationsthatcantake advantageof advancedpro-
cessorfeaturesandcompileroptimizationssuchasoptimizedspe-
cial operations,memoryaddressingsupport,control-flow support,
andloop-level optimizationsupport.Guptaet. al. [8] analyzetar-
get applicationsto extract its characteristics.The characteristics,
in turn, give an indicationof someof thearchitecturalfeaturesof
suitableprocessor. But themethodologydoesnot quantifythe im-
pactof eachderivedfeature.Moreover, theperformanceestimation
stageof themethodologyrequiresexhaustive simulations.

Work by Kuulusaet. al. [10], Hebertet. al. [9] andShackle-
ford et. al. [13] build softwaretools to do architectureparameter
spaceexplorationby exhaustive search.They alsoevaluateexten-
sionsto instructionsets. The work on Custom-Fit Processors [3,
2] alsousesexhaustive search,but targetsa a VLIW architecture
framework in which severalcharacteristicscanbechanged:mem-
ory sizes,registerssizes,kindsandlatenciesof functionalunitsand
clusteredmachines.speedup/Costgraphsarederivedfor all possi-
blecombinationsyielding paretopoints.

3. APPROACH
Our approachcustomizesan existing baseprocessorwith en-

hancedarchitecturalfeatures(parameters)that are optimized for
agroupof targetapplications.Thedesignflow of themethodology
is shown in figure1. Givenanapplicationcodeandbasearchitec-
tureconfiguration,theperformanceanalyzerestimatestheruntime
of theapplicationwith differentarchitecturalparameters.The re-
sultsof thisstep,areaestimatesof eachparameter, andoverall area
budgetareusedby a architecture-explorationenginethat chooses
optimalparametervalues.Thefollowing sectionsexplain thepro-
cessin detail.
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Figure 2: Example curvesfor MAC unit parameter. (a) shows how performance(Normalized runtime) may vary with the value of the parameter,
which is the number of MAC units, for someapplication. Runtimes are estimatedby profile-augmentedcompiler analysis.(b) shows how the silicon
areavaries with the parameter value. The areasof pre-fabricated blocks is known to the processorvendor.

3.1 Problem formulation
Let n be the numberof customizableparameters.The method

solvesfor p1, . . . , pn, wherepi representsthe numericalvalueof
theith parameter. For example,let theith parameterbethepresence
or absenceof a multiply-accumulate(MAC) unit. A MAC unit
performsa multiply anda dependentaddin the sametime asan
ordinary multiply. The numberof MACs, representedby pi , is
either0 or 1 (it canbemorefor VLIWs). Withoutlossof generality,
assumethebasearchitecturehaspi � basei � 0. Ourgoalis to find
thevaluesof pi thatmaximizeperformancewithin acertainsilicon
area. Our approachhasthreesteps.Steps1 and2 areperformed
for eachof then parameters;step3 combinestheresults.
Step 1: Derive runtime vs. parameter curves In this step,a
performancevs. parameteranalyzeris derived for eachparame-
ter, andusedto plot the predictedperformanceof the application
setasa functionof theparametervalue pi . This is bestexplained
throughanexample.Figure2(a)showshow theruntimevs. param-
etercurvemaylook likefor someapplicationset,for theparameter
trackingthepresenceor absenceof a multiply-accumulate(MAC)
unit. The function thusobtainedis calledRuntime f unction

�
pi � ,

andassumesthat p j = 0 for all j �� i. TheRuntime f unction is a
normalizedfunctionwhich is simply theratio of the runtimewith
parametervalueof pi andbasecaseruntime(whentheparameter
valueis thebasevalueof thatparameter).Theruntimein eachcase
is obtainedby profiling – theprofile-collectedbasicblock frequen-
cies are multiplied by our VLIW-scheduler-predictedruntime of
thatbasicblock2. WhentheMAC unit is present,however, a lower
runtimeis predictedfor basicblocksthatusethe MAC unit. The
lower predictionis obtainedby re-compilingthe applicationwith
thecompilerlooking for multiply-accumulatepatternsin thedata-
flow graph(DFG) of theapplication,andrecomputingtheruntime
with MAC instructions.

Our approachis computationallymore tractablethan existing
methodsas it re-compilesfor every parametervalue, ratherthan
re-runningfor every combinationof parametervalues. For one,
re-compilingtheapplicationis usuallycheaperthanre-runningit,
especiallyfor large datasets. More importantly, the numberof
parametervaluesgrows linearly with itself, while the numberof

2Adding instructionlatenciesyieldsanaccurateruntimefor a ba-
sic block asvirtually all embeddedprocessorsaresingle-issuema-
chinesor VLIWs, not dynamicissuesuperscalars.Further, if there
is more than one applicationto be run on the desiredprocessor,
theirprofiledatais combinedandweightedby their relativeexecu-
tion frequencies.

combinationsof parametervaluesgrows exponentially.
Step 2: Obtain area vs. parameter curves Here we obtain
curves plotting the parametervaluesvs. the additionalareare-
quiredfor thatparametervalue,beyondwhentheparameteris not
used. Figure2(b) shows how the areavs. parametercurve may
look like for theapplicationsetin consideration,for theMAC unit
parameter. The areafor numberof MACs = pi = 0 is, by def-
inition, zero. The areafor numberof MACs = 1 is the areaof
a MAC unit in termsof gateequivalents. The arearequiredfor
pre-fabricatedunits usedas parametersis, of course,known to
the vendorof embeddedsoft core. The function obtainedin this
stepis calledArea f unction

�
pi � . The Runtime f unction

�
pi � and

Area f unction
�
pi � are maintainedas a set of points; thereis no

needto try to curve-fit theminto a symbolicform.
Step 3: Ar chitecture-exploration engine choosesoptimal pa-
rameter values To obtainthebestperformance,thedifferentpa-
rametersaretraded-off to obtainthebestusageof silicon areafor
thatapplication.Findingoptimalparametervaluesis a constrained
optimizationproblem,definedby a setof variables,a setof con-
straintsandan objective function to be minimized. The variables
arethepi (i �	� 1 
 n� ). Theconstraintis thatsumof theareafunctions
for all parametersis within thegivenfixedareabudget:

∑n
i � 1Area f unction

�
pi �� AREA BUDGET (1)

Theobjective function to be minimizedis thepredictedoverall
runtimeof theapplicationsetasa functionof theparametervalues
p1, . . . , pn. Hypothetically, if we wereto make thesimplifying as-
sumptionthattheperformanceimpactof eachparameterwereinde-
pendentof theothers,thentheobjective functionwould besimply
theproductof thenormalizedruntimefunctionsfor eachparameter
(∏ representsseriesproduct):

Pred Runtime f unction � n

∏
i � 1

Runtime f unction
�
pi � (2)

Thedifficulty is thattheparametersarenotall independent,mak-
ing theformulain (2) inaccurate.For example,increasingthevalue
of pi mayeitherincreaseor decreasethegain from increasingan-
otherparameterp j , asthe pair may be synergistic or conflicting,
respectively. This work proposesand investigatesa methodby
which the interdependencebetweenparameterscanbe accounted
for. Themethodincorporatesa heuristicDependenceconstant for



every combinationof parameters,thatadjustsfor thegain for that
combination.� In particular, the objective function in formula 2,
computingpredictedoverallnormalizedruntime,couldbeadjusted
asfollows:

Pred Runtime f unction � ∏n
i � 1 Runtime f unction

�
pi �

Dependenceconstant
�
p1 
������ pn � (3)

TheDependenceconstant is avaluethatadjuststhegainto take
into accountdependencesbetweenparametervalues.For example,
if aparticularcombinationof p1,. . . ,pn is synergistic, theDepend-
enceconstant will begreaterthan1 for thatcombination;andless
than1 if conflicting. To collectvaluesfor this setof constants,the
intuition is thatif theparametersareinterdependentin acertainway
for astandardsetof benchmarks,thenperhapsthey areinterdepen-
dent in a similar way for the applicationsetunderconsideration.
Differentbenchmarksetsmaybeusedfrom differentdomains,such
assignal-processingcode,micro-controllercodeandcommunica-
tion protocolcode,to morecloselymatchthe currentapplication
set. The Dependenceconstant for a given combinationof values
p1 
�������
 pn is a constantvalueobtainedfrom exhaustively simulat-
ing the standardsetof benchmarks,not the given applicationset.
Theconstantvaluesarecollectedone-timeonly by thevendor, not
per design. They arecomputedasfollows: for eachcombination
p1,. . . ,pn, theactualnormalizedruntimeis comparedwith thepre-
dictedruntimein formula2. Theconstantfactoris theratio of the
two. Mathematically,

Dependenceconstant
�
p1 
�������
 pn � ����� ���

1 : i f � i 
 pi � basei
1 : i f � j 
 p j �� basej 
� i �� j 
 pi � basei�

∏n
i � 1 Runtime functioni

�
pi ���

Actual normalized runtime
�
p1 �    !� pn � : otherwise

(4)

This heuristicto take into accountinterdependenceis not exact.
Nevertheless,it hasthe potential to be closeenoughto accurate
to allow the explorationengineto choosea goodcombinationof
parametervalues.

3.2 Evaluated Parameter List
Listedbelow arefour new parameterswehave identifiedthatwe

believehavethepotentialto beprofitablyvariedfor betterapplication-
specificperformance.
Presencevs. absenceof MAC unit This tracks the presence
or absenceof a multiply-accumulate(MAC) unit. A MAC unit
performsa multiply and a dependentadd in the sametime as a
multiply. Its value dependsupon how frequentlythe application
hasMAC computations.
Hardware vs. Software floating point Floatingpointoperations
canbedonein hardwareor simulatedin software.Hardware’s ad-
vantageis speed;but softwaresaveson theoften-expensive areaof
floatingpoint units.
Multiported Memory Multiportedmemoryallowsmultiplemem-
ory operations(loadsandstores)simultaneously. For VLIWs, this
hastheadvantageof speedingup memorycritical applicationsbut
at a highercost.
Pipelined vs. non-pipelined Memory Unit Pipelinedmemory
unitsallow memoryoperationsto issueto a memoryunit beforeit
hascompletedthepreviousmemoryinstructionsissuedto thatunit.

Apartfrom theabovefour parametersthathavebeenevaluatedin
thispaper, awholerangeof new parameterscanalsobeconsidered.
Thesemay includeregisterfile size,numberof architecturalclus-

ters,numberandnatureof functionalunits,presenceof anaddress
generationunit.

4. ARCHITECTURE MODEL
Our approachestimatesthe runtimeof applicationson thebase

architecturewith parameterizedcomponents.To accuratelyesti-
materuntime in a retargetablemanner, the performanceestima-
tor mustmodelthearchitecturein somedescriptionlanguage.We
chooseanarchitecturerepresentationthatcanexpressmostembed-
dedVLIW processors.Basedontheoneusedby Guptaet. al. [8], it
incorporatesthedifferenttypesof functionalunits thatarepresent
in thedatapath,alongwith theirassociatedoperations,correspond-
ing latenciesanddelays.Themodelalsocapturestheconstraintsof
typicalVLIW coresin termsof operationslotsandslotrestrictions.
Finally, onecanspecifythenumberof registersin thecore,num-
berof write buses,numberof portsin thememory, andthedelayof
branchoperations.

Thegenericmodelprovidesthe freedomto configurethearchi-
tecturewith varyinglevelsof parallelismto offer. Also thenature,
kind andnumberof functionalunits canbe alteredto gaugetheir
effect onapplicationbehavior.

5. RETARGETABLE PERFORMANCE ES-
TIMA TOR

To computethe runtime-functionestimateswe needa compiler
basedperformanceestimator. Theestimatorshouldberetargetable
to accountfor any input architecturespecifiedby the architecture
descriptionlanguage.Onceconfiguredfor thearchitecture,thees-
timatorshouldthenreturnanestimateof theruntimefor any given
applicationonthatarchitecture.Theestimatorconsistsof threenew
components:aprofilermodule,adataflow graph(DFG)builderand
a fine-grainscheduler;eachis describedbelow.
Profiler module Theprofilermodulecomputestheexecutionfre-
quenciesof eachbasicblock. To dothis, it declaresonenew global
variable for eachbasicblock that keepscount of the numberof
timesthatblock is executed.Eachvariableis initialized to zeroin
the main function. At the startof eachbasicblock, the variable
associatedwith it is incrementedby oneby a compiler-insertedin-
struction. The executioncountsare available when the program
exits.
Data flow graph builder To scheduletheapplicationcode,adata
flow graphis needed.The dataflow graphbuilder takes a basic
blockasinputandoutputsadirectedacyclic graph(DAG) thatcap-
turesall typesof dependencesbetweentheoperations.Thevertices
in thegraphcorrespondto eachoperationin thebasicblockandan
edgebetweentwo verticesrepresentthedependencebetweenthem.
Fine-grain scheduler Theschedulertakesasinput theDFGsfor
basicblocks,thetargetarchitecturedescriptionasspecifiedin sec-
tion 4, andthe application’s profile data. It scheduleseachbasic
block on thearchitectureto derive theexecutiontime for eachba-
sic block. Next, it combinesthis with the executionfrequency of
eachblock to estimatetheoverall runtimeof theapplicationon the
givenarchitecture.

The scheduleruseslist scheduling[12] to scheduleeachbasic
block. List schedulingis a greedymethodthat choosesthe next
instructionto scheduleamongthosereadyto fire in the DAG in
the order of their priority. The priority for eachinstructionde-
pendson thelengthof thecritical pathfrom that instructionto the
end of the basicblock – the longer the path, the higher the pri-
ority. Choseninstructionsarescheduledin the first availableslot
in the VLIW schedule.The priorities, andhencethe schedule,is
machine-dependentasthe lengthof the critical pathsdependson



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.

thelatenciesof theinstructionson thatarchitecture.
The scheduleralso takes into accountthe specialarchitectural

parametersbeing consideredfor configuring the soft core. The
four parametersevaluatedin this paperare incorporatedinto the
schedulerasfollows. First, themacoperationsaredetectedin the
DFG, andscheduledasinstructionsin architectureconfigurations
that includea MAC unit in hardware. A mac instructionis used
only if the multiply operationhasonly one successor, otherwise
it is not profitable. Second,floating point operationsin 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-
berof memoryportsspecifiedin thearchitecturedescription,usu-
ally specifiedby availableVLIW slotsfor memoryinstructions,the
schedulerincorporatesconstraintson thenumberof memoryports
correctly. Fourth,basedonthepresenceof pipelinedmemoryunits,
theschedulerfreesupthememoryunitsonecycleafterit hasissued
a memoryoperation.

6. CASE ANALYSIS AND RESULTS
Ar chitecture core For our baselineDSParchitecture,we model
aPhilipsTriMediaprocessor. This is a5-wideVLIW designwith a
load/storearchitecture.All logic andarithmeticoperationsareper-
formedthroughthe registerfile. The processorhas27 functional
unitsincludingthosefor floatingpointarithmetic.It alsohasadual
portedmemory. The memoryfunctionalunit hasa 3 cycle delay.
Perfectbranchpredictionis assumedfor thestudies.Experiments
areconductedto evaluatetheeffect of changingparameterson ap-
plicationperformance.
Benchmarks and Applications Programsfrom the UTDSP
benchmarksuite [11] are randomlydivided into two setsof four
’benchmarks’andthree’applications’. The benchmarksareused
to predict the performanceof the applications. The benchmarks
include fir, iir , mult and adpcm. The applicationsare compress,
spectral andfft.

6.1 Computing DependenceConstants
Thedependenceconstantsbetweenarchitecturalparametersare

obtainedby runningexhaustive simulationsover all benchmarks.
Theconstantsarecomputedusingequation4 in section3,whichin-
volvesexhaustive simulationof thebenchmarksonall possiblepa-
rametercombinationsto computethe Actual normalized runtime
for eachcombination.Thereafter, for otherapplications,theaver-
agedependenceconstantsare appliedto predict its performance
for variousconfigurations. Hencethere is no needto carry out
exhaustive simulationsfor the otherapplications.If the predicted
performanceis closeto theactualmeasuredperformance,thenthe
methodologyis verified.
Actual individual parameter effect Figure3 showstheimprove-

Figure 4: Performanceeffect of selectedCOMBINED param-
eters. The figure shows the runtime functions for eachbench-
mark and application for selectedcombinationsof the param-
eters chosen. DPM refers to dual-ported memory and PIPE
refersto pipelined memory

mentin performanceof thebenchmarksfor eachparameterindivid-
ually. Thebarsfor eachbenchmarkshow its cycle countasa per-
centageof thecyclecountonabasearchitecture,i.e. runtime f un-
ctions. It is seenthatagivenparametercanhavevaryingimpacton
differentbenchmarks.

Figure 5: Dependenceconstantsfor selectedcombinedparam-
eters.

Actual Combined Parameter Effect Figure 4 shows the im-
provementin performancefor selectedcombinationsof two ormore
parametersin termsof runtime f unctions. For four parameters,
thereareelevensuchcombinations.
Deriving DependenceConstants Figure5 shows the valuesof
eachdependenceconstantfor thedifferentbenchmarks.They are
derivedfrom thevaluesof actualindividualandcombinedparame-
ter runtime f unctions, usingequation4. Theaveragedependence
constantrangedfrom0.955for (mac,dual-portedmemory, pipelined
memory)to 1.12for (mac,FPU,dual-portedmemory).

It is importantto note that a dependenceconstantthat is close
to onedoesnot imply that thecorrespondingsetof parametersare
independent.Thereasonis thatthesetof parameterstheconstantis
modellingimpactonly a fractionof the instructionsin a program.
As an example,considerthe two parametersdual-portedmemory
andpipelinedmemory, both of which target memoryparallelism.
Ourresultsdid show thatthey arehighly dependent– thegainfrom
both is almostthe same(7.3%)on averageasfrom eachindivid-
ually (6.1%). Thus the dependenceconstantfrom equation4 is
(0.939* 0.939)/(0.927)= 0.95. This is closeto one despitethe
parametersbeinghighly dependent.

6.2 Predicting Performance
Performanceof applicationsis predictedapplying equation2,

usingthe runtime f unctions from figure3 andtheaveragedepen-
denceconstantsin figure 5. For lack of space,althoughwe have
computedpredictedruntimesfor all configurationsfor eachbench-
mark,we presentnumbersfor only onebenchmark,fft, in table 1.
For now, consideronly the first two columnsof numbersin the
tableshowing predictedandactualruntimes.Notethatthepredic-
tion error is small. Thoughfor fft, theerror rangesfrom 0.13%to
11.68%,acrossall applications,theoverall averageerror is small,



Configuration Est. CycleCount Actual CycleCount Ar eaEstimate 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-portedMemory, PipelinedMemory 1.26009E+11 126691E+11 17% Yes
MAC, FPU,Dual-portedMemory 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

BestEstimatedFeasibleConfig.: FPU, PipelinedMemory 3.21419E+10 3.00624E+10 27% Yes
BestActual FeasibleConfig.: FPU, PipelinedMemory 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 Ar eaConstrainedAnalysis
Ourultimategoalis to predicttheconfigurationthatachievesthe

bestperformancewithin a given areabudget. Herewe devise an
experimentto predict the bestconfiguration,andverify that it is
bestthroughexhaustive simulation.Theexperimentis asfollows.
Themaximumallowableincreasein areais fixedat 32%.Thearea
increasefrom theuseof MAC,hardwarefloatingpoint,dual-ported
memoryandpipelinedmemoryis assumedto be6% [4], 20%[4],
10% and 7% respectively over the basearchitecture. For the fft
application,table1 shows thepredictedandactualruntimesfor the
eleven possiblecombinationsof parameters,alongwith their area
estimatesandfeasibility.

From table1, we seethat the bestfeasibleconfigurationfor fft
applicationis (FPU,pipelinedmemory)on the basisof predicted
runtimevalues.This is verifiedto betruewith actualruntimeval-
ues,showing thepredictivepowerof themethod.Next werepeated
theexperimentin table1 for thespectral application(not shown).
We obtainedthe bestpredictedand actual feasibleconfiguration
to be (FPU, Dual-portedmemory). This shows the value of our
methodologyasanapplication-specificmethodology. It is ableto
judge that the bestconfigurationis different for different bench-
marks,basedon compileranalysis.

7. CONCLUSIONS
This paperpresentsan automaticmethodto customizeembed-

ded application-specificinstructionprocessors(ASIPs) basedon
compileranalysis. Present-daytechnologiesfor choosingparam-
etervaluesrely on exhaustive simulationof theapplicationseton
all possiblecombinationsof parametervalues– a time-consuming
andnon-scalableprocedure.We proposea compiler-basedmethod
that automaticallyderives the optimal valuesof parameterswith-
out simulatingany configuration.Resultsshow thatfor our bench-
marks,theruntimesfor differentconfigurationsarepredictedwith
an averageerrorof 2.5%. In the two areaconstrainedcustomiza-
tion problemwe evaluate,our methodis able to recommendthe
sameconfigurationthat is recommendedby bruteforceexhaustive
simulation.
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