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Abstract

Applicationspecificprocessorsffer the potentialof rapidly designedogic specificallyconstructedo meetthe
performanceand areademand®f the taskat hand. Recently therehave beenseveral major projectsthat attempt
to automatethe processof transforminga predeterminegrocessorconfigurationinto a low level descriptionfor
fabrication. Theseprojectseitherleave the specificatiorof the processoto the designerwhich canbe a significant
engineerindurden,or handleit in afully automatedashionwhich completelyremoresthedesignerfrom theloop.

In this papemweintroduceatechnigueor guidingthedesignandoptimizationof applicationspecificprocessors.
Thegoalof the Sherpadesignframevork is to automatecertaindesigntasksandprovide earlyfeedbacko helpthe
designenavigatetheirwaythroughthearchitecturaelesignspace Ourapproaclis to decompos¢heoverallproblem
of choosinganoptimalarchitecturento a setof sub-problemshatare,to thefirst order independentFor eachsub-
problem,we createa modelthat relatesperformancedo area. Fromthis, we build a constraintsystemthat canbe
solved usingintegerlinear programmingechniquesandarrive at anideal parameteselectionfor all architectural
componentsOur approachonly takesa few minutesto explore the designspaceallowing the designeror compiler
to seethe potentialbenefitsof optimizationsrapidly We shav that the expectedperformanceausing our model
correlatestronglyto detailedpipelinesimulationsandpresentesultsshaving designtradeofs for severaldifferent
benchmarks.

1 Intr oduction

The continuingexpansionof the embeddednarket hascreateda significantdemandor low-costhigh-performance
computingsolutionsthatcanberealizedwith aminimumof engineeringffort. While die areaandpowerconsump-
tion is aconcernvhendevelopinga desktop-processan theembeddedesignworld thesegactorshave asignificant
impacton the cost-pointand ultimate functionality of a product. Application specificprocessorsllow a designer

to meetthesegoalsby specializinghe featureof the processoto a particularembedde@pplication.Architectural



choicessuchascachesizes,issuewidth, andfunctionalunit mix canbe tradedoff in the cost-enagy-perfomane
spaceon a perapplicationbasis. Customizationrmay alsoinclude extensionsin the form of customaccelerators,
for instancethe inclusionof encryptioninstructiong[32]. Building embeddegbrocessorsunedto a specificappli-
cationenablesa designthat minimizesareaandpower while still meetingperformanceequirementsAt the same
time, becaus¢he designis basedn a carefullytestedtemplatethe designtime is reducedandreliability increased
significantlyover a pure ASIC basedapproach.

In the desktopprocessingealmone might take an “everythingandthe kitchensink” approachfocusingonly
on bottom-lineperformanceBut in thefiercelycompetitve embeddedlomainsystemcost(area)is the dominating
factor Smallerprocessorsneangnoreintegrationresultingin lesspackagingcost,andlessareameananorechips
perdie andlessdefectgperchip.

In thisspaceit is vital to determinenow to effectively divide yourareabetweertheinstructioncachedatacache,
branchpredictor additionalfunctionalunits,andothercomponentsThisis becauseostis thesinglemostimportant
attribute for embeddedpplications Whendesigninga customprocessothe designemeeddo find the lowestcost
implementatiorthat meetsthe tamget performanceconstraintsandthis problemby it's very naturerequiresthatall
optimizationsbe viewedin concertwith all otherpartsof the processorFacedwith this extremelyimportantgoal
of minimizing areaandpower, anda combinatoriahumberof designoptions,how shouldanembeddegbrocessor
engineeproceed?

Thegoalof this paperis to introducea techniquehatassistghis processoengineelor automateadtompiler)in
the navigation of the vastapplicationspecificprocessodesignspace.lt is not practicalto evaluateevery possible
alternatve throughdetailedsimulation.But by building a setof estimatorsaandsolversavery goodcharacterization
of the designspacecan be built and explored. We presenthe Sherpaframevork asa guidefor this application
specificprocessoexploration. Sherpaefficiently exploresthe custom-processatesignspacebecausewhile the
spaces non-linearandfull of localminimait is, to first order decomposable Customprocessorarecurrentlybuilt
from in-orderprocessingores[13, 26, 4, 1], andthe designfeaturesof these aswe will shav in Section5, canbe
brokenapartandmodeledasindependentptimizationproblems.

Sherpas aframework for exploring thesesub-problemsndrecombiningghemto find ideal parametersor the

usualprocessofeaturessuchascachesandbranchpredictors. It is fully generalhowever, andcanalsoexplore



whetheror notto usecustominstructionacceleratorsor variationson functionalunit type, for instancewhetherto
useaslow or fastmultiplier, or no hardwaremultiplier atall. More significantly it optimizestheseselectionsgainst
all of theotherdesignpossibilities.

The Sherpaframevork begins with an applicationand canes up the entire processodesignspaceinto a set
of looselyindependentegions. Eachregion represents logical architecturacomponentsuchasthe data-cache
hierarchybranchpredictor customacceleratgretc. Theseregionsarethentreatedasseparatsub-problemsndare
exploredusingdata-dwenanalyticalmodelsor high-level simulation. Theresultof theseéndependergxplorationss
asetof characterizindunctionsthatarecombinedo form amodelof theentiredesignspacesuitablefor constrained
minimization. Thisglobalmodelis thenoptimizedthroughstandardntegerlinearprogrammingechniqueso arrive
atdesirableparameteselectiongor eacharchitecturacomponent.

While integerlinear programminghasbeenwidely usedin the ASIC designcommunityto automatedataflav
graphpatrtitioning,to our knowledgewe arethefirst to applythis powverful optimizationtechniqueo total-processor
designspaceaxploration. The significantresearcladwancewe contrilutein this paperis the characterizationf the
processodesignspacento componentodelstheconstrainformalismto combinghem,andthevalidationof these
techniquesn this ervironment.Theresearclin this paperbridgesthe gapbetweeroptimizingsmall ASIC dataflav
graphs,and completeprocessodesigns;it lays the foundationfor optimizationof more comple architectures.

Additional contritutionsof this paperare:

¢ An automatediesignspacesuneyor for embeddedh-ordercustom-processors.

¢ A methodologyto approximatevariousdesignoptionsfor processofeatureswith piece-wisdinearfunctions

relatingareato performance.

¢ An integerlinear programmingormulationfor combiningthesesub-problemsisingthesepiece-wisdinear

functions.This providesanapproacHor rapidly finding idealparameterfor the processoarchitecture.

¢ An in-depthanalysisof tradingoff performancendareaagainsteachother Thisleadsto theresultthatwhen
holistically designinga processqrinsteadof focusingonly on a single componentareaand performance

optimizationscanbe usedto the sameeffect.



e A demonstratiomf usingSherpao decidewhetherto usea custominstructionacceleratorfFor our purposes
weillustratethis with thedesignchoiceof whetheror notto usea hardwaremultiplier, however, thetechnique
generalize$o ary custominstructiononeis trying to decidewhetheror notto includein adesign.andseveral

differentalternatvescanbeevaluatedatthe sametime.

e A demonstratiorof how to useSherpao quickly evaluatethe potentialbenefitof anarchitecturabptimiza-
tion. As a casestudywe examinethe useof applicationspecificfinite statemachinepredictorsfor branch

prediction[25].

2 DesignNavigation

Thereare currently several commercialventuresthat offer customizableRISC processor$l3, 26, 4] suchasthe
XTensgorocessofrom Tensilica[13]. Tensilicaprovidessupportfor XTensan termsof compilation,synthesisand
verification[21]. Embeddediesignersisethesetools by providing a high level specificatiorfor a processocore.
Producedrom themis a componenteadyfor integrationontoa systems-on-a-chifSOC)product. While thisis a
significantadvancementor customizedgrocessorshe designeiis still for the mostpartunassistedh determining
the optimal processospecificatiorfor their embeddedpplication. This is whereour researchs focusedwith the
Sherpdramework.

In thissectionwediscusghetypical designflow usedvhengeneratingacustomizegrocessonWethenillustrate

whereSherpantegratesinto this workflow to provide rapidfeedbaclkanddesignoptimization.

2.1 Procesd-low for Creating an Application SpecificProcessor

We will discussthe workflow usedto createan applicationspecificprocessqrandthenhow Sherpaenhancest.
For concretenessur discussiorwill focuson the processusedfor systemssimilar to the XTensaprocessofrom
Tensilica,however, Sherpacanalsobe usedby moreautomatedool-chainssuchasthoseproposedor the PICO[1,
2] customprocessofdiscussedurtherin Section6). Thecurrentdesignprocessasfollows, involvesseveraliterated

stepgo find anoptimizedprocessoconfiguration:
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Figurel: TheApplicationSpecificProcessodesignflow with the Sherpadesignguide. Sherpaminimizesthenum-
berof timesthe designmustbeiteratedon. This allows the designeito spendtheir time optimizingthe algorithms
usedor theway they arecodedinsteadof having to iterateover thedesignspace.
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Figure2: Overview of the SherpadesignguideimplementationThe systemstartswith theinput binaryandthe set
of requirementsThebinaryis profiled andthe differentsub-problemsreanalyzed.In the datalinearizationstage
a setof piecavise linear functionsarebuilt for eachsub-problem.These alongwith anautomaticallyconstructed
performancemodel, are convertedinto a constraintsystemwhich is solved usingintegerlinear programming. A
setof differentconstraintscanthenbe iteratedover. The outputof the solver canthenbe visualizedfor human
examinationandcorvertedinto a setof processospecificationgor useby synthesis.

1. The embeddedpplicationis providedin a high-level sourcelanguagesuchasC or Java. The designteam

determineperformancdargets,e.g. pagerendergerminute,or framespersecond.

2. Theapplicationis compiledto a binary or in somecaseseveral differentbinariesdependingiponthe archi-

tecturaloptions(availableregisters,nstructionsgtc).

3. Profilesof the applicationon the taget platform are generatedrom simulation. Theseprofiles focusthe
designteamseffort on applicationand architecturalbottlenecks. Architecturalchangesnvolve a lengthy
manualenumeratiorof the potentialoptionssuchascacheandbranchtablesizesin anattemptto find anideal

configuration.

4. Thedesignteamthencreatesa new binary compiledto the potentialarchitecturatchoicesfrom the previous

step. The processospecifications passedhroughthe baclendtoolset,which generatean RTL description



of the customprocessor

5. The binary is thenre-simulatedon the new customprocessoiand the entire processis iteratedto further

optimizethe configuration.

The above processwhendonemanually canbe tediousandtime consuming. It leavesto the designerthe
choiceof whatarchitecturabptionsto modify by guessinghe possibleoutcomeprior to executinga lengthytool-
chainandsimulationstep. Unfortunately the entire spaceof designoptionsfor a configurablecoreis vastin both
performanceandcost. Furthermorethis searctspacss filled with local optimasrequiringsomethingmoreclever

thana straightforvard greedyapproach.

2.2 Using Shemato Guide Design

While engineerganperformthe abore processdy hand they needto first spendsignificanttime becomingfamiliar
with thetamgetapplication andthenmustquantifythebehaior of the programthroughexhaustve experimentation
andanalysis.We insteadprovide Sherpaasan automatedystemto examineprogrambehaior andsuggesnear
optimal (which are often optimal) designdecisionsallowing the designerto make informed decisionsearly and
experimentwith different optimizations. In addition, Sherpaalso allows the designerto more easily deal with
processodesigntradeofs resultingfrom late changego the application.

Figurel shavs the applicationspecificdesignflow whenusingthe Sherpadesignguide. The goal of the Sherpa
designnavigator is to allow its userto make designtradeofs early in the exploration phaseand quickly narrav
in on the bottleneckof a system.Sherpaanalyzeghe applicationcodefrom the existing customprocessodesign
workflow andquickly searchetheentirearchitecturatiesignspacdor globaloptima. Theembeddegroductdesign
teamthenusesthis informationto narrav in onthefinal customprocessoarchitecture.

Figure2 shavs theinternalprocesf the SherpaDesignGuide(the graybox) shawvn in Figurel. Sherpaakes
the input application,andprofilesit to generatea setof representate traces. Next, Sherpadecomposethe vast
customprocessodesignspacento a setof independensub-problemge.g.,datacache pbranchpredictor etc). The
applicationtraceis thenusedto initiate thesemodels.Finally, Sherpacombineghe modelsusinganintegerlinear

program(ILP) solwer to locatea globally ideal customprocessomarchitectureconfiguration. This configuration,



alongwith thedesigntradeofs Sherpamade,is thenpassedackto thedesignerfor examination.The designeican

thenfocusattentionon the significantarchitecturacomponentandapplicationsections.

3 Implementation

We now describethe implementatiorof a DesignNavigator Sherpabeginning with a descriptionof our overall
approachand a descriptionof the taget architecture and finishing with a detailedevaluationof the algorithms
used.We usethe designnavigatorto find ideal sizingsfor instructionanddatacache pranchpredictionlogic, and

multiplier settings.

3.1 Overall Approach

Our initial implementatioris basedon a constraintsystemthat expresseshe entirerangeof architecturabptions.
The constraintsystemis structuredso that a integerlinear solver will find an optimal solutionfrom the possible
designoptionswhile maintaininghardconstraintssuchasperformancaeedshut at the sametime optimizing for
designgoals(suchasarea).

Ourapproachnitially treatseachcustomizableomponenseparatelyFor eachcomponentanarea-performance
modelis developedby simulatingavariety of componentonfigurationsvith arepresentate instructiontrace.This
collectionof area-performanamodelss thencombinedwith integerlinearprogrammingandsolvedto yield anideal
overall processoconfiguration.Beforediscussinghe detailsof this processve wish to describethe customizable
processowe aretargetingin moredetail.

This paperoptimizesa customizablearchitecturesimilarto thein-orderXTensaProcessofl13]. Thereasorthat
we have chosento usethis processomodelis thatthe work doneby Tensilicais matureenoughthatthey have a
workabledesignpathfrom processospecificatiorall theway down to silicon. They areableto do this becausé¢hey
work with the CAD tool designgurtherdowvn thedesignchainto insurethatthe parameterizegrocessorghey build
will beableto besynthesizednto anefficientform. The Sherpaguidecanbe usedasanautomatedront endto the
XTensadesignprocesso guidethe selectiorof idealparametersf thedifferentcomponents.

The parameterizeghrocessomwe modelis a singleissuein-order 32-bit RISC corewith parameterizabléeata
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cache,nstructioncache branchprediction,an optionalfastinteger multiplier andcore. Thereis a basiccoresize
which containgthe primaryfunctionality of the chip suchasthe executionbox, instructionhandling,bus controller
and memorymanagementinit. We assumehat the areaof this coreis unchangingandleave its optimizationto

futurework. The parameterizablpartsof the processqraremoreauxiliary componentsisedto reducedelay

3.2 SimpleLinear Constraint System

Supposeave wish to customizeonly a singlearchitecturgparameterfor examplethe instructioncachesize. Then
we could simply modelthe performanceof the processomith variouscachesizesand pick the smallestone that
still metour performanceequirementHowever, supposensteadthatwe wereasledto chooseheidealinstruction
and datacachesizesthat togethermadea systemthat met the performanceequirement. In our casewe define
“ideal” astheconfiguratiorwith thelowestarea.A naive approachs to enumerat¢hroughandsimulateall possible
instructionanddatacachesizecombination@andchoosdgheoptimalone. Thisexhaustve searctwill findtheoptimal
configuratiorbut is neitherfastnor scalable.

Our approachis to divide this designspaceinto two sub-problemginstructioncacheareaversusdelay and

datacacheareaversusdelay),andto explore eachsub-problenindependently The modelpresentedn this paper



approximateshe performancegenaltyfrom a sub-problemasa fixedlengthprocessostall, wherethis stall affects
the entirepipeline. For example,a cachemisscanberepresentedsa fixed 50 cycle processostall, anda branch
mispredictionasa 6 cycle stall. Eventhoughall of the sub-problemsve examinearenot completelyindependent
(e.g.,branchpredictionandinstructioncachedelays)the probability of thesedelaysoverlappingfor anin-order
processors smallfor the programswe examined. We measuredhe amountof dependenceetweerthe different
subproblemsisingdetailedcycle accuratesimulationandfoundit to be negligible. Thisissueis discussedurtherin
Sectionb.

By allowing oursehesthe simplifying assumptiorthattheseareindependensub-problemsve canexpressthe

overall performancef our exampletwo parameteprocessoby Equationl.:

T7otat = TBase + TDataStatl + TrnstrStail (1)

whereTr.q IS the total executiontime of the program,T'g,;. iS the time to executethe programassuming
a perfectmemory and the stalls for both the datacacheand instructioncacheare addedfor the corresponding
configurationdeingconsidered.

In orderto comparethe differentconfigurationswe needto createa functionthatrelatesareato performance.
Figure3 shavs the performancerersusareafor two cacheconfigurationshoserfor the datacache.For purpose®f
illustration,we assumehis is a simplelinearfunction;the next sectionintroducesmorerealisticmodels.Giventhe
two pointsin Figure3, thecontrilutionto processostallfrom thecachecanbeexpressedn termsof its structurevia
theequationTs;,; = k x Area, wherek is a constantPerformingthis operationon bothsub-problemsreategwo
independentinearfunctionsthatrelateperformanceo areathatmustbe combinedo find theidealbalancebetween

thetwo. Rewriting Equationl we get:

TTotal = TBase + (kData X AreaData) + (kInstr X ATeaInstr) (2)

Usingthis equationwe seta performanceonstraintlri,; < Tiaz, @andsolve for thetwo unknavns: Area patq

9



and Arear,s-. Thegoalis to maintainthis performanceconstraintwhile minimizing the area,which is expressed

as:

Minimize : Areatoiq = Areapate + Arearnsir 3)

Theresultof thisformulationis a systenof linearequationandanoptimizationcriteria. This canbeeffectively
solved usinglinear programmingtools. Commercialsolversfrom CPLEX are available, but we found the freely

availablelpsolvetool to be sufiicient [6].

3.3 Data Linearization

The previous exampleof finding the ideal balancebetweena setof instructionand datacacheconfigurationsre-
lied uponthe assumptiorthatthereis a strict linear equationto representacheareato performance Clearly this
assumptioris simplisticandwe mustsupporta morecomplex area-performanceodel.

For this we turn to a piece-wisdinear approximationof the actualfunction. To form this approximationwe
begin by identifying Pareto-optimablesignpoints. A pointp is saidto be Pareto-optimalon the axisin Figure4)
if thereis no pointp’ suchthatp’ requireslessareaandincurslessstall time. Intuitively, if a pointis not Pareto-
optimal thenthereis anotherdesignpoint thatwill achieve asgoodor betterperformancewith lessarea. We use
thesePareto-optimapointsto helpform a piece-wisdinearapproximatiorof the area-performanckinction.

Startingfrom the Pareto-optimablesignpointswe greedilyconstructstraightline sgments.A pointis addedo
aline sgmentif thecorrelationbetweerthatline segmentandall the pointsthatapproximatét doesnotdropbelow
athreshold. The correlationcoeficient, r, providesthe extentto which the boundingPareto-optimabointsbeing
consideredie on astraightline. For theresultswe presentin this papemwe insurethatr is alwaysgreatethan0.98.
Whenthe correlationcoeficient dropsbelawv this threshold,a new line sgmentis started. To insurethat the line
segmentsalwaysintersectthelastdatapointincludedin a givensegmentis alsoincludedin the next sggment.

Theresultof piecavise linearizationcanbe seenin Figure4. The pointsthatare Pareto-optimabreconnected

by line sggmentshatcaptureheoverall area-performancdeend. In this examplethreeline sgmentsRk,, R, andR,
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malke up the entirepiece-wisdinearapproximation Our goalnow is goingto beto modify the constraintsystemo

usethesefar moreprecisesub-problemmodels which we describenext.

3.4 Final Constraint System

A mixedintegerlinear programis similar to a linear programexceptthatsomevariablesareoptionally constrained
to be whole numbers.Solving a mixed integerlinear programasopposedo a linear programis a straightforvard
processWerefertheinterestedeaderto [17] for detailson theinternalsof this algorithm.

To createour mixedintegerlinearconstrainsystemthefirst stepis to includeeachpiece-wisdinearfunctionfor
eachsub-probleminto the constraintsystem.This is performedby breakingup eachline-sggmentof the piece-wise
linear approximationsnto separateomponentsTheseline sgmentsarethentranslatedo have a uniform length
andstartingpointalongthe horizontalaxis. Figure5 depictsthe samepiece-wisdinearfunctionfrom Figure4 after
translationis performed.For eachpiece,we generatehe functionsfor delayandareawherethe functionfor area
anddelayhasbeennormalizedbetweerzeroandone.

Thelinearfunctionfor areais calculatedas
Area, = BaseArea, + SlopeArea, * R,, andthefunctionfor delayis calculatedasTime, = BaseTime, +
SlopeTime, x R;. In bothof theseequationsR,, is adesignpointwith avaluebetweerzeroandone. BaseArea,
andBaseT'ime, arethestartareaandtime for eachlinearpiecein Figure4.

Oncedistilledinto separatdine-sggmentswe construcia mixedintegerlinear programwhereonly asingleline-
segment(from the piece-wisdinear function)is selectedor eachsub-problem.The singleline-sggmentis chosen
usinginteger programming. To illustrate, Figure 6 depictsa new constraintsystemwith theseconstraints. This
constraintsystemworks by choosinga tuple (:R;, R;) with Equation4. iR, is aninteger value of either zero
or one. R, is alinearvaluebetweernzeroandone. This tuple selectswhich line sggmentto usewith the integer
variable: R, andthedesignpointwithin thatline-sgmentto examineusingthevariableR,. Equation4 cannotbe
implementedlirectly, andwe describenext how to construciit usingintegerandlinearconstraints.

Equationss and6 performa line segmentselectiorfor the sub-problenby ensuringhatonly oneline segment
is selectedsinceeachiR, canonly have avalueof 0 or 1. Equation5 insuresthatonly oneiR, will be equalto

one,andall therestwill be equalto zero. Sincewe normalizedthelinearfunctionsto representhe areaanddelay

11



(iR, R;) = ChooseOne ({(iR1,R1) , (iR2, R3) , ..., (iRn, Ry)}) 4)

iRy +iRs+...+iR, =1 (5)

iR, >0, iRy >0, ... , iRy >0 (6)

0< R <iRy (7)

0< Ry <iRy ®)

0< R, <iR, 9)

0 S Timerequired - Timeperfect (10)

— (BaseTimey * iRy + SlopeT'ime; x Ry)
(BaseTimey x iRy + SlopeT'imes x Ry)

— (BaseTimen * iR, + SlopeTime, * R;,)

Minimize : (BaseArea; x iRy + SlopeArea; x Ry) (12)
+ (BaseAreas x iRy + SlopeAreas * Ry)
+
+ (BaseArea, * iR, + SlopeArea, * R)

Figure6: Constrainsystenfor a piece-wisdinearsub-subproblermodel.

usingavariablebetweerD and1, we areableto reusethevariablei R, to subtlyconstrainthe selectiorof thedesign
point R,. Thisis shavn in Equations’ - 9, wherethe designpointsalongthe choserline sggmentareexamined.

Oncea giventuple is selectedthe translatedBasegyeq,time aNd Slopegreq time Valuesare usedto determine
performancémpactandareacostof the choice. The modifiedperformancdoundis illustratedin Equation10 and
thenew minimizationgoalis shavn in Equationl1.

Figure 6 shavs only the constraintsystemfor one sub-problem. To generatethe overall constraintsystem
to examinethe trade-ofs betweenmultiple sub-problemseachsub-problemhasits own constraint¢o choosean
iR, and R, particularto that sub-problemusing equationssimilar to thoseshavn in Equations5 - 9. Thetime
delayfor eachsub-problemnis subtractedrom Equation10, andthe areadelayfor eachsub-problenis addedinto

Equation1l1. Thenthe overall systemis run throughthe constraintsolver to minimize the area,while meetingthe

12



specifiedl'ime,eqyired-

4 Sub-problem Characterization

In the previous sectionswe presentedur generalmethodologyof partitioningthe completeapplicationspecific
processodesignspacento a setof looselyindependensub-problemsln this sectionwe discusghe sub-problems
we exploredandhowv we modeledthem. The sub-problem®f the designspacethatwe choseto explorein depth
aretheinstructionanddatacachesthebranchpredictorconfigurationandwhetheror notto includeafasthardware
multiplier. Thegeneramethodologyor constructingeachof thesemodelsis to exploreasamplingof pointsthrough
directsimulationandthenconstructpiece-wisdinearmodelsfrom the Paretooptimal designpoints.

For a given subproblenie.g.,branchpredictor)we cantradeoff multiple designggsharepimodal,2-level) by
plotting themall on the sameParetograph. The piece-wisdinearmodelbuilt from thatgraphrepresentsheideal
designto usefor a given performance/arepoint. The sameapproactwould betakenif we wereto have the option
of differenttypesof acceleratorfor agiveninstructionor setsof instructions.

In this sectiorwe describenow we estimataheareafor eachdesignpointconsideredswell ashow to calculate

the performanceenaltyfor thatconfiguratiorfor thetracebeingexamined.

4.1 Dataand Instruction Cache

We startwith anexaminationof the cachesn our architecture As will be seenlaterin Section5.2,the cachesare
thedominantconfigurableareaof anapplicationspecificprocessorBecausef thisit is imperative thatthe models
correctlycapturethe area-performanceadeofs sincethey arethefirst orderdeterminantf the overall accurag of
ourtechnique.

Cachedesignis a well-studiedproblemin computerarchitectureandwe wish to build uponpastwork in this
areawhereappropriate.Reinmanand Jouppi[23] presenta very detailedcachedesignspacewalker basedon the
work presentedn [31]. CACTI, whengiven a setof cacheparameterssuchasassociatiity andcachesize, will
find the delay optimal cachearray partitioningscheme(i.e. the fastedphysicaldevice layoutfor the given cache

parameters)Mulder[20] presents validatedareamodelfor cachesandregisterfiles. For our researctwe usethe

13
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Figure7: Graphof area-delayradeofs for a singlecacheconfiguration.This graphwasgeneratedyy modifyingthe
CACTI tool to outputinfo on all configurationsonsideredFor the examplecacheparametesetshavn, over 9000
differentconfigurationsvereconsideredbut only threeParetooptimalconfigurationsverefound.

CACTI designtool to aggressiely optimizethe partition of the cacheandthenusethat configurationto calculate
theareausingMulder’s areamodel.

One concernwith using CACTI to optimize for area-optimakachess that its internal optimizationgoal is
programmedo find delay-optimadesignsTo verify thiswould not skew our resultswe modifiedthe CACTI tool to
produceFigure7, which depictsthe delayversusareatradeof of over 9,000cachepartitionsthat CACTI examined
for asinglecacheparameteset. Out of all of theseconfigurationsexaminedby CACTI, only threeParetooptimal
onesweregeneratedThis shavs thatthe mostperformance-éitient partitionis extremelycloseto the mostarea-
efficient. Figure8 depictsthis areavariationfor a rangeof differentcacheconfigurations We found at mosta 4%
differencein areafrom the mostarea-dicient to the most performance-étient design. Therefore,we choseto
usethe delayoptimizedcachepartitioningfrom CACTI for our results. Fortunatelythe cachepartitioningsare not
programdependenhencethey canbe calculatedonceandstoredin a databasdor later useby ary optimization
process.

To capturehe program-dependeeffect of the differentcacheoptions,we needto estimatehe numberof cache
hits andmisseghetametapplicationswill have for eachcacheconfiguration.This canbe donethroughsimulation
or analyticalmodeling[3]. Efficientcachesimulatorshave beenproposedo simulatemary differentconfigurations

atonce[29]. For ourwork we foundthatwe could quickly simulateall of thereasonabl@ower of two cachesizes
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| Size/Assoc]| 1 | 2 | 4 | 8 |
1K +2.68% | +3.71% | £0.23% | £0.00%
4K +3.30% | +0.49% | +0.25% | +0.12%
16K +3.56% | +1.32% | £0.79% | £0.13%
64K +2.14% | +£0.65% | +0.66% | +0.40%

Figure8: Percentareavariation betweenthe mostareaefficient designexaminedby the CACTI designtool, and
mostdelayefficient design.Resultsareshavn for a 1K to 64K cachefrom directmappedo 8-way associatie. In
CACTI, the cachepartitioningschemewith the minimum delayis returned.A variationof lessthan4% is seenin
areawhenoptimizinga cacheconfiguratiorfor areaversusperformance.
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Figure 9: Instruction cache miss
rate versusareatradeof for differ-
entcachesizes,associatiities, and
line sizes.Only the ParetoOptimal
pointsareshawvn.

Figure 10: Data cachemiss rate
versus area tradeof for different
cachesizes associatiities, andline
sizes. Only the Pareto Optimal
pointsareshawvn.

Figure 11: Branch misprediction
rate versus area tradeof.  Sev-
eralbranchpredictionarchitectures
wereexaminedandthe Paretoopti-

malarea/missatepointsareplotted
for eachprogram.

(256 bytesto 64K), associatiity (directmappedo 4-way andfully associatie) andline size (8 bytesto 64 bytes)
options.Wethenfind theareaof eachof theseconfigurationsisingthe previously mentionecareamodelandCACTI
partitioner

Figure9 shavstheareaversusmissratefor theinstructioncachefor theapplicationave explored,andFigure10
shaws the areaversusmissratefor the datacache.Fromthesepoints,we createdthe piece-wisdinear modelsas
describedn theprior section.

Sinceour applicationspecificprocessoronfigurationis for embeddedn-orderprocessorsywe caneasilymap
the cachemiss penaltyto performancdor our constraintsystem. We assumethat eachcachemissresultsin a
penaltyof 50 cycles,andtheprocessostallson a cachemiss.We alsoexaminedhit undermissdatacachesbut that
optimizationprovided only maginal performanceains. Thereforejn this paperwe only presentesultsfor caches

thatstall on misses.
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4.2 Branch Predictors

To examinethe customdesignspacefor branchpredictionwe examineselectingfrom the following well know
branchpredictors:(1) atableof 2-bit counters(2) a global correlationpredictor and(3) a metapredictorthatuses
bothlocal andglobalcorrelationinformation.

We examinethe branchpredictionmissratefor thesedifferentpredictorsfor a variety of tablesizes.Figure11
shaws the areaversusmissrate for the Paretooptimal pointsin the differentprogramsexamined. For all of the
programsexaminedthe mostareaefficient branchpredictordesignwasthe table of 2-bit predictorssimilar to the
oneusedin the XScaleembeddegrocessofl8]. To achiee betterperformancesignificantresourcesreneeded
by the otherpredictormethods.For example,the Paretocurve for adpcmchooses perbranch2-bit for the low
areapoints,anda metapredictorfor higherarea. It shavs thatthe perbranch2-bit countersgive the lowestmiss
ratefor anarealessthan128K squaredeaturesanda metapredictorgave the bestmissratefor anareagreaterthan
128K.In crossinghis designboundarythe areais increasedbore 128K, but themispredictiorrateis reducedrom
45%down to 26%.

The mispredictionrate measuredereis usedto calculatethe performancepenaltyfor our in-orderprocessor
model.By assuming 6 cycle stall for eachbranchmispredictionandknowing how mary branchesve mispredict,

we canestimatehetotal numberof stall cyclesincurredby thebranchpredictor

4.3 Multiplier Unit

Thelastconfigurableoptionwe examinedwasa processowith andwithout a large fasthardwaremultiplier instead
of themuchsmallerandslower iterative multiplier. Thisis modeledby countingthe numberof multiply instructions
executedin eachprogram. The reasonthat we have chosenthis configurableoption is to shaw that our design
optimizationtechniquecan also cleanly handlebinary decisionssuchaswhetheror not to include a specialized
functionalunit. While decidingwhetheror notto useafastmultiplier is a binarydecision,jn anoverall contet the

decisionis complicatedoy thefactthatits usefulnessnustbe tradedoff againsiother non-binarydecisions.Thus,

theactualdecisionis extremelydifficult to answerby corventionaltechniques.

We modela hardware multiplier in the following way: if the fasthardware multiplier is used,thena multiply
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Figurel2: Verificationof Performancé&stimator TheestimatedCPItime ascalculatedy ourformulationis plotted
asafunctionof the performanceleterminedhroughdetailedcycle level simulation.

takes2 cycles,with the areacostof 3 million squardeatures.Theareaof the multiplier is derived from [24]. If the
fasthardwaremultiplier is not used the multiply is performedwith a softwareroutine,estimatedo take 250cycles

to execute[27].

4.4 CoreArea

Finally we areleft with the areaof the actualexecutioncore. Insidethe coreis the datapathof the machinealong
with all of the control. While the controlanddatapathscouldbefurtheroptimized,we leave thesesubproblemsgor
futurework. Thesencludetheinstructionfetchcontrol,theinstructionmemorymanagemeninit, the datamemory
managementnit, the bus controllerandthe basicfunctionalunits. The areafor the remainingnon-configurableet

of functionalitywe usedfor thisresearchs dervedfrom [24] andis estimatedo be 21 million squardeatures.

5 Putting It All Together

Now thatwe have seenhow the constraintsystemis built andsolvedin Section3 andhow the sub-problemsre
formulatedandcharacterizedh Section4, we arereadyto examinehow they work togetherto explore the design

space.
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5.1 Running the Overall Solution

When running the systemon a given programwe must go througha few steps. The first stepis sub-problem
characterizatiomspresentedh the previous section.During this stepwe performsimulationof thedifferentdesign
optionsfor eachsub-problemFromthis we generatéhe Pareto-optimapointsandpiece-wisdinearapproximation
to be usedfor the next stage.The simulationtime herevariesboth on whatis beinginvestigatedandthe program
itself. We usefairly bruteforce methodsor examiningeachspace andthis processs the mosttime consumingpf
all theoperations.

We built our simulationinfrastructureontop of ATOM [28] becausét providesbothhigh performancendease
of usefor a RISC architecturesimilar to thosesupportedy configurablecores. The designpoint enumerationor
eachof the subproblemsirecalculatedat run-time. For the programsve examinedit takesarywherefrom a couple
of seconddo 10 minutesper simulation. However this processcanbe easily speedup thoughthe useof smarter
simulationalgorithmg[29], or analyticalmodelingasdescribedn Section6.3.

In additionto generatinghe estimategerformancesf the differentsub-problemsye alsoneedto estimatethe
total areaconsumedby eachdesignpoint. Thisis doneoncefor eachgiven subproblemandtheresultscanbeused
for eachof thedifferentprogramsThis steptakeslessthanl minuteto run.

Thefinal stepof theoptimizationprocesss theactualconstructiorof theconstrainsystem.This stepis very fast
sincemary differentdesignparameterganbe examinedquickly. To createchartsof the pareto-optimakolutions,
shavn in Figures13 and 17, we generateclmost50 designsolutionsin lessthan8 seconds.Eachone of these
designsolutionsis theidealcombinatiornof the differentsub-problemandrepresentthe bestdesignpoint of mary
hundredf millions. Becausef this fastturn aroundmary new designchoicescanbe evaluatedn real-time. For
example,onecouldanswetthequestionwhatwould theareaimpactbeof reducingthe cachemisspenaltyby 30%.

This couldbeansweredvithoutre-runningary simulations.

5.2 Results

We usedATOM [28] to profile the applicationsgeneratéracesandsimulatecacheandbranchmodels.All applica-

tionswerecompiledona DEC Alpha AXP-21264architecturaisingthe DEC C compilerunderOSF/1V4 operating
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Figure13: Total Area (in millions of squardeaturesysa functionof NormalizedExecutionTime for the different
programsTheareashavn representheminimumtotal sizeof the optimizedcorethatcanachieve the performance
shawvn. The executiontime is normalizedto the performancef the baseexecutableexecutedwith no stallsof ary
kind.

systemusingfull optimizationg- O4). We chosea setof five benchmarksvhich couldhave applicationdn anem-
beddedervironmentThe applicationi j peg is from the SPEC9%enchmarlsuite,andgzi p andbzi p arefrom
the SPEC200M®enchmarlsuite. We alsoincludetwo programdrom the MediaBenchapplicationsuite— adpc mis
aspeecttompressiomnddecompressioprogramandgs is animplementatiorof a postscripinterpreter

Thefirst stepin testingour systemis to verify thatthe performanceve estimataisingour combinatiorof piece-
wise linear subproblemsccuratelymatcheswith a detailedpipelinesimulationof the hardware. We comparethe
estimatedCPI gatheredor severaldesignpointschoseratrandomwith the CPI of adetailedcycle-level simulation
usingSimpleScalaB.0a[7]. We assumedhn our constrainimodelandthe simulatorthatall cacheandbranchstruc-
turescould be accesseth onecycle. The processowassingleissue,andusedthe samelatenciedor the different
sub-problemsasdescribedn sectiord.

Figure 12 shaws the resultsof this verification procedure. In this graphwe have plotted the estimatedper
formanceof the processofrom our constraintsystemagainstthat found throughdetailedcycle-level simulation.
The resultsshav a strongcorrelationbetweenthe estimatesand actualvalues, with a correlationcoeficient of
r = 0.99829 for over 200 configurationchosenat randomfor evaluationacrossthe differentbenchmarks.This
shaws thatour performancestimationis accuratgotherwisethe pointsin Figure12 would shav trendsthatdo not
follow the diagonalline dravn onthegraph.)

Table 1 shaws our resultsto further verify the independencef subproblems.The first columnin the table,
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| Fixed | Vary | AvgStdDev | Max StdDev |
D-cache| I-cache | 0.000000%| 0.000000%
D-cache| Branch 0.000000%| 0.000000%
I-cache | D-cache| 0.004775%)| 0.046030%
I-cache | Branch 0.001985%| 0.038971%
Branch | D-cache| 0.007916%| 0.080000%
Branch | I-cache | 0.006044%| 0.095263%

Table 1: Quantifyingthe independencef subproblems.The first columnin the table, labeledFixed shavs the
subproblermmunderexamination,andthe secondcolumn,labeledVary, is the subproblento which independences
beingevaluated.For example thefirst row in thetablecomparesheindependencef the datacachemissratefrom
theinstructioncachemissrate. For thefirst row thisis determinedy holdingthe datacachesizeconstantyarying
thesizeof theinstructioncache andanalyzingthe changan datacachemissrate. Thisis thenrepeatedor several
sizesof datacache.The numbergeportedarethe averagestandarddeviation andmaximumstandardieviation in
missratesacrossall fixed sizesevaluated.

labeledFixed shavs the subproblemunderexamination,andthe secondcolumn,labeledVary, is the subproblem
to which independencés beingevaluated. For example,the first row in the table compareghe independencef
the datacachemissrate from the instructioncachemissrate. For the first row this is determinedoy holding the
datacachesizeconstantyaryingthe sizeof theinstructioncache andanalyzingthe changen datacachemissrate.
This is thenrepeatedor several sizesof datacache.The numbergeportedarethe averagestandardieviation and
maximumstandarddeviation in missratesacrossall fixed sizesevaluated. The resultsshav thatthe subproblems
areindependentvith lessthana 0.1% standarddeviation at maximumwhenholding onecomponentonstantand
varying the other component. It canthereforebe concludedfrom this graphthat the datacachemissrate does
not changesignificantly asthe instructioncachemissrate variesfor the cachesizesand processomodelwe are
exploring.

We now examinethe resultsof runningthe entire systemon several programs.Figure 13 shavs the resulting
minimizedareafor eachprogramfor seseral performancealesignpoints. The areais shavn in squarefeatures.The
performanceonstrainis shavn normalizedo the baseexecutableaxecutedwith no stallsfor any componentskor
example,in orderfor gs to be executedn 1.5xtheamountof time it would take to executeit with no stallsof ary
sort,the processowill needanareaof 60M (squardeatures).

As expectedrelaxingthe performanceonstrainreduceshe areaneededy the processorAll of the programs

exhibit averystrongelbow in theirperformancareaplot. Hence themajorworking setsof theprogramarecaptured
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Figure 14: A zoomin of the tradeofs madefor the application Figure 15: Percentreductionin areafor
] peg. Theaxisarethesameasshavn in Figure13 but hereonly a gs whenaddingthe optionto usea cus-
small portion of the total constraintssxaminedareshavn. In addi- tom finite state machine predictor for
tion, theareaof eachcomponenhasbeenbrokenoutinto aseparate branch predictioninto our Sherpacon-
stackto shav the relative importanceof eachsub-problenfor this straintsystem.
application.

usinga smallamountof resourcesandyouwill have to addsignificantlymoremoreareaontopin orderto improve
performance.

A closerlook at an individual applicationshavs how the constraintsystemtradesoff performanceand area
betweenrall of the differentsub-problemsve examined.Figure 14 shaws this breakdavn for the programi j peg.
Whenthe performancas tightly constraineda greatdeal of areais devotedto the cacheandbranchpredictor as
well asincludingthe specialinteger multiply functionalunit. As we relaxthe performanceonstraintthe optimizer
balance®ff thedifferentsub-problem#n suchaway thatthe performanceriteriais metandtheareais minimized.

In relaxingtheperformanceonstraintthefirst areacomponento bereduceds thelarge branchpredictor while
boththe dataandinstructioncachearesignificantlyreducedn size. Over the performanceangebetweenl.14and
1.44theinstructioncachesizedoesnot changesignificantlyandthe datacaches reduced.

It is interestingo notethatanalysisof our designtradeof graphscanbebeusedto find theworking setsizesfor
the cachesBetweenl.44and1.50the performanceonstraints relaxed to the point thatthe instructioncachecan
be shrunkto the next working setsize.However to make up for thisincreasen instructionmissrate,the datacache
actuallyhasto increasen size. This sortof tradeof canagainbe seenbetweenl.56and1.62wherethe multiplier

is cutoutandthe sizeof the datacaches againincreasedlt is thesesortsof comple tradeofs thatour systemhas
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Figurel16: Thisis anexampleto shav therelationshipbetweerperformanceptimizationsandtheir effect on area.
Performanceptimizationscanreduceexecutiontime andat the sametime cansignificantlyreducethe amountof
areaneededo meeta givenperformanceonstraint.

beendesignedo optimize.

5.2.1 Optimization Tradeoffs

The goal of Sherpais to useit to not only help guidethe designof the architecturacomponentalreadydiscussed
in this papey but to be ableto quickly evaluatenew architectureoptimizations.This allows the designeto seethe
significanceof theirideasto the overall processodesignwhentrying to minimizearea.

To shaw this, we investigatedhe applicationspecificoptimizationby Sherwood and Calder[25] for automat-
ically creatingcustomfinite statemachine(FSM) predictorsfor individual branches.This optimizationaugments
the branchpredictorwith custombranchpredictionentries. Theseentrieshave hard codedto themgiven branch
addresse@nda customfinite statemachinetailoredto thatbranch.We includethe customFSM predictorinto the
Sherpaconstraintsystemasanothermossibleoption for the branchpredictor Figure15 shavs the percentareare-
ductionin relationshipo performancevhenevaluatingthe useof customfinite statemachinegor branchprediction
for gs.

Thereasorfor thelargereductionin areafor thelower executiontimescomesrom theincreasean performance
provided by the customFSM branchpredictor Figure 16 graphicallyshavs the reasonfor this by shawving the

relationshipbetweemerformanceptimizationsandarea.Optimizationghatreduceexecutiontime canatthesame

22



0.034

0.02 e adpem

—s— bzip
—— gs

—— gzip
—=— jpeg

0.014

Performance/Area

0.00 T T T
50 100 150

Area

Figure 17: Performanceper unit areaof the differentbenchmarkshavn as function of total chip area. While

performancgerunit areamaynotbeusefulto anembeddedesignerseekingo meetsomeperformanceonstraint,
it is aresultthatcould be easilyusedby chip multiprocessodesignerd¢o help maximizeto total processingpover

of agivenchipreal-estate.

time significantlyreducethe amountof areaneededo meeta given performanceonstraint.

5.2.2 Performance/AreaVersusTotal AreaTradeoffs

Anothersortof tradeof analysishatcanbe provided by our systems computationaéfficiengy analysis Figurel7
shaws a plot of performanceperunit areaversustotal area. In this plot we can seethat the bestperformance
efficiengy for mostof the programswe examinedlies between30 and 40 million squarefeatures]essthantwice
the size of the corefunctionality of the chip. While performancegoer unit areamay not be usefulto anembedded
designeseekingo meetagivenperformanceonstraintijt is aresultthatwouldbeveryusefulto chipmultiprocessor
designersin helpingto maximizetotal processingoower of a given chip real-estate. Application taigetedchip
multiprocessorssuchasthe Piranahgoroject[5], which wastamgetedat transactiorprocessingseekgo gethigher
performanceby clusteringtogethemary simpleprocessorsvith high computationakfficiency ontoa singlechip.
Our constrainsystemcouldbe usedto guidethe designof the varioussubsystemen the chip to maximizethetotal

performance.
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6 RelatedWork

Thereis a greatdealof relatedwork in hardware/softvare co-designapplicationspecificprocessogeneratorsand
analyticperformancestimationput we have foundnonethataddresshe problemwe areattemptingo solve. While
afull listing of relatedwork is notfeasiblein a paperof thislength,we do pointoutsomerepresentate paperdrom

eachareaanddescribehow our researcHits into thebroadercontext.

6.1 Configurable Cores

Thereare currentlymary configurablecore designs that canbe customizedor otherwisemodifiedto application
specificrequirements. The XTensaprocessof13] allows the designerto input specificationghat they want in
a processqrandthe XTensatools generate¢he neededcomponentgeadyfor integrationinto a system-on-chip.
Anotherexampleof aconfigurableRISCcoreis the LX4380[26] processocore.LX4380supportsaaddingupto 12
new instructionsto the coreasneededy a designer The ARC processocore[4] is similarin designandintentto
the LX4380. Thetoolsavailablefor thesethreeconfigurablecoresdo not assisthe designetin finding gooddesign
pointsfor their application.We provide anautomatedystemthatwill examineprogrambehaior andsuggeshear
optimal designdecisions,allowing the designerto make informed decisionsearly and experimentwith different

optimizations.

6.2 DesignExploration for Application SpecificProcessors

An approaclbeingexaminedfor designingcustomizegrocessorss to automaticallygeneraterial processorgwith
a machinedescriptionlanguagg14, 19], a GUI [15], or atemplateasdescribedabove) for a specificapplication,
andthenexaminetheir performancendfeedthis evaluationbackinto theautomategrocessogeneratar

ThelLx [9, 10, 8] customizable/LIW architecturebuilds customhardwarefor loop nestsn applications.They
have a clusteredvLIW architecturehat canbe customizedo a given applicationdomainwith a semi-automated
optimizationstep. The systemstartsby generatinga trial architecturefor which it generatesompilersandother
tools. Key partsof this applicationcodeare then compiledand measuredand are usedto generatea new trial

architectureandtheprocesss repeated.
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ThePICOproject[1, 2] usesafully automatedpproacho creatinga customizedgrocessorTheir systemstarts
by designinga setof Paretooptimal memoryhierarchiesprocessorsand customhardware accelerators.Then,
different combinationsof thesepoints are testedby assemblinghe processoland simulatingits performancen
detail. The bestcombinationsare notedand combinationghatare similar to theseare evaluated. They reportthat
thesystemtakesfrom 10 hoursto severaldays.

The iterative approache$or Lx and PICO yield very goodresults,but take too long to be usedinteractvely.
We proposeto usea high level modelingof performancefirst via Sherpato allow the designerto very rapidly
examinecomple designtradeofs in realtime, andthenfeedthisinformationinto theiteratve processogeneration
performedor Lx andPICO.

The PlatuneSystem[12, 11] hasgoalssimilar to ours,in thatit too seeksto reducethe numberof processor
configurationghat mustbe explored. The PlatuneSystemmalesuseof thefactthatwhile someprocessoparam-
etersare coupled,thereare mary othersthat areindependenbr are just one-way dependent.They thenusethis
informationenteredoy handby the userto prunetheredesignspace skippingover pointsthatthe userknows will
not be Paretooptimal. The major differencebetweenour two techniqueds that after Platuneprunesthe design
spaceabruteforce searchof aparameterss still requiredwhich limits theoverallnumberof parametesettingshat
canbe searchedSherpaon the otherhand,useslinear programmingo modelmary discretepointsthatarenear
linearasaline sggmentwhich allows for the pointsto be searchednalytically We believe thata combinatiorof the
two techniquesusingPlatuneto discorer andgroupthe dependenparameterandthenexploring thoseparameters

usingSherpaatherthanexhaustve simulationcanprovide evenbetterresultsthaneithertechniquedy itself.

6.3 PerformanceEstimation

Anothercommonfield of studythatis closelyrelatedto our work is analyticalcacheperformancestimation Agar

wal et. al. [3] presenainanalyticalcachemodelthatcancapturehebehaior of cachesystem$asedntheanalysis
of atrace. Both Whalley [30] and Quong[22] presentmodelsfor capturingthe expectedinstructioncachemiss
ratefor a givenapplicationon differentcachesub-systemsitherat compiletime or throughstatisticalanalysisof a
compressetrace.Jacobet. al. preseniwork thatusesa characterizatiowf workloadlocality built from LRU stack

distanceo take ananalyticalapproactto building memoryhierarchie§16].
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Many of thesemodelscouldbeincorporatednto Sherpdo createthe piece-wisdinearfunctionsfor thedifferent
componentsve examined.Evenso, we found usingtamgetedsimulationto quickly walk pointsin the designspace

to beefficientwhengeneratinghe piece-wisdinearfunctions.

7 Summary

Ourapproactio exploring this designspacss to first divide it into separat@éegionsmappeddy largely independent
parametersTheseregionsform individual sub-problemshatcanbe efficiently andaccuratelynodeledusingdata-
driven analyticaltechniquesWe formulatethe resultsof thesemodelsinto a singlelarge constraint-basethteger
linearprogramthat canbe efficiently solved usingconventionalmathematicalechniques.

We shaved that the resultsfrom solving of the constraintsystemlined up very closely with the actualper
formancenumbersobtainedthroughdetailedsimulation. We examinedthe tradeofs that were madebetweerthe
differentcomponenténcludedin optimizationandsav how they canplay off eachotherin a complex manner We
furtherdemonstratetiow the Sherparamevork canbe appliedto rapidly evaluatepotentialoptimizationsandtheir
impacton boththe performancendareaof theprocessor

A goalof this researchs to provide a morescientificallysoundmethodologyfor evaluatingnovel architectural
techniquesn the embeddedpace.Thetraditionalmethodof proposinga new technique andthenexaminingthe
performancenhancementlative to a singlebaselinedata-poinis not very meaningfulto overall systemdesignin
costsensitve domains.An architectneedsa way of visualizingtheway new techniquedrade-of againsia rangeof
potentialdesignoptions. Themethodologypresentedh this papemrovidestheability to performthisrangeanalysis.
It placesarchitecturathangesn a globalsettingallowing thearchitectto gainafull pictureof its usefulness.

To our knowledgewe arethefirst to apply integerlinear programmingto total-processodesignspaceexplo-
ration. The significantresearctadvancewe contritute in this paperis the characterizatiomf the processodesign
spaceinto piece-wisdinearmodels the constrainfformalismto combinethem,our formationof piece-wisdinear
functions,andthe validationof thesetechniquesn this environment. Theresearchn this paperaysthefoundation

for optimizationof morecomplex architectures.

26



References

[1] S.Abraham,B. Rau,R. SchreiberG. Snider andM. Schlanskr. Efficient designspaceexplorationin pico. In Proc.
of International Confeenceon Compiles, Architecture, and Synthesigor Embeddedystemspages7/1-79,SanJose,
California,November2000.

[2] S.G. AbrahamandS. A. Mahlke. Automaticandefficient evaluationof memoryhierarchiedor embeddedystems.In
32ndInternationalSymposiunen Microarchitectuie, 1999.

[3] Anant Agarwal, Mark Horowitz, and JohnHennessy An analyticalcachemodel. ACM Transactionson Computer
Systems7(2):184-2151989.

[4] ARC. WhitepaperCustomizinga soft microprocessocore. http://wwwarccores.conf001.

[5] L. Barroso,K. GharachorlooR. McNamara,A. Nowatzyk, S. QadeerB. Sano,S. Smith, R. Stets,andB. Verghese.
Piranha: A scalablearchitecturebasedon single-chipmultiprocessing. In 27th Annual International Symposiunon
ComputerArchitecture, Vancouer, Canada,June2000.

[6] M. Berkelaar Ip solve: amixedintegerlinearprogramsolver. ftp://ftp.es.ele.tue.nl/pub/lpolve, Septembei 997.

[7] D. C.BurgerandT. M. Austin. Thesimplescalatool set,version2.0. TechnicalReportCS-TR-97-1342University of
WisconsinMadison,Junel997.

[8] PaoloFaraboschiGeofrey Brown, JosephA. Fisher GiuseppeDesoli,andFredHomevood. Lx: atechnologyplatform
for customizablesliw embeddegbrocessingln 27th Annuallnternational Symposiunon ComputerArchitectue, pages
203-2132000.

[9] J. A. Fisher P. Faraboschiand G. Desoli. Custom-fitprocessorsiLetting applicationsdefinearchitectures.In 29th
InternationalSymposiunon Microarchitecture, pages324—-335Decembel996.

[10] JosephA. Fisher Customizedinstruction-setdor embeddecprocessors.In Proceedingsof the Design Automation
Confeence 1999 pages253-257,1999.

[11] T. GivamisandF. Vahid. Platune:A tuningframework for system-on-a-chiplatforms.|EEE Transactionson Computer
AidedDesign 21(11),November2002.

[12] T.Givamis,F. Vahid,andJ.Henlel. System-leel explorationfor pareto-optimatonfigurationsn parameterizedystems-
on-a-chip.In InternationalConfeenceon ComputerAidedDesign November2001.

[13] R.E.GonzalezXtensa:A configurableandextensibleprocessarlEEE Micro, 20(2):60—70March-April 2000.

[14] G. Hadjiyiannis,P. Russo,andS. Devadas. A methodologyfor accurategperformancesvaluationin architecturesxplo-
ration. In In Proceeding®f the DesignAutomationConfeence(DAC 99), page®927-932,1999.

[15] M. Itoh, S. Higaki, J. Sato,A. Shiomi, Y. Takeuchi,A. Kitajima, andM. Imai. Effectivenesof the asipdesignsystem
peas-iiiin designof pipelinedprocessorsin In Proceedingof Asia and SouthPacific DesingAutomationConfeence
2001 (ASP-DAC 2001) pagess49-6542001.

[16] Brucel. JacobPeterM. Chen,SethR. Silverman,and Trevor N. Mudge. An analyticalmodelfor designingmemory
hierarchieslEEE Transaction®©n Computes, 45(10):1180-1189,1996.

[17] E.LawlerandD. Wood. BranchandboundmethodsA suney. OperationsReseath, 14(291):699—7191966.
[18] S.Leibson.Xscale(strongarm-2musclesn. MicroprocessoiReport Septembe2000.

[19] T. Morimoto,K. Saito,H. NakamuraT. Boku,andK. Nakazava. Advancedorocessodesignusinghardwaredescription
languageaidl. In In Proceeding®f Asiaand SouthPacific DesingAutomationConfeencel 997 (ASP-DAC 1997) pages
387-390,1997.

[20] J.Mulder. An areamodelfor on-chipmemoriesandits applicationslEEE Journal of Solid StatesCircuits 26(2):98—-106,
Februaryl991.

[21] M. Puig-Medina,G. Ezer and P. Konas. Verificationof configurableprocessorcores. In Proceedingsof the Design
AutomationConfeence(DAC2000) pages426—4312000.

27



[22] RussellW. Quong.Expected-cachemissratesvia thegapmodel.In 21stAnnuallinternationalSymposiunon Computer
Architecture, pages372—-383,1994.

[23] G. ReinmanandN. Jouppi. Cactiversion2.0. http://wwwresearch.digital.com/wrl/peopjeuppi/CACTI.html, June
1999.

[24] S.SanthanamStrongarml10: A 160mhz32b0.5wcmosarm processarin Proceedingof HotChipsVIll, pagesl19—
130,1996.

[25] T. SherwoodandB. Calder Automateddesignof finite statemachinepredictorsfor customizedorocessorsin Annual
InternationalSymposiunon ComputerArchitecture, June2001.

[26] C.Sryder Synthesizableoremakeover: Is lexra’s seven-stag@ipelinedcorethespeeding? In MicroprocessoReport
June2001.

[27] C.D.Sryder Fpgaprocessorsoresgetserious.MicroprocessoiReport 14(9),SeptembeR000.

[28] A. SrivastaaandA. Eustace. ATOM: A systemfor building customizedprogramanalysistools. In Proceedingf the
Confeenceon ProgrammingLanguage Designand Implementationpagesl 96—205ACM, 1994.

[29] RabinA. Sugumarand SantoshG. Abraham. Set-associate cachesimulationusinggeneralizeinomial trees. ACM
Transaction®n ComputerSystemsl 3(1):32-56;,1995.

[30] D. B. Whalley. Fastinstructioncacheperformanceevaluationusing compile-timeanalysis. In Proc. 1992 ACM SIG-
METRICSandPERFORMANCHES?2 Int'l. Conf onMeasuemenandModelingof ComputeiSystemgagel 3, Newport,
Rhodelsland,USA, 1-51992.

[31] S.Wilton andN. Jouppi.Cacti: An enhancedacheaccessandcycletime model.In IEEE Journal of Solid-StateCircuits
May 1996.

[32] LisaWu, ChrisWearer, andTodd Austin. Cryptomaniaca fastflexible architecturdor securecommunication.In 28th
AnnuallnternationalSymposiunon ComputerArchitecture, pagesl10-1192001.

28



