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Abstract

Domainspeci ¢ architecturg(DSA) designcurrently involves a lengthy processthat re-

quiressigni cant designeiknowledge,experience andtime in arriving at a suitablecode
generatoandarchitecturdor thetamgetapplicationsuite. Giventhe stringenttime to mar

ket constraintsand the dynamicnatureof embeddedapplications,designerdacea huge
challengein delivering high performanceyet enegy efcient devices. In this study we

investigatean automaticdesignspaceexplorationtool thatemploys aniterative technique
known as“Stall Cycle analysis”(SCA) to arrive at nearoptimal enegy-performancele-

signsfor variousconstraintse.g.,minimumarea.For eachdesigncandidaten theprocess,
the resultsof codegeneratiorand simulationare analyzedto identify bottleneckgo per

formance(or enegy) and provide insight into addingor removing resourcedor further
improvements. Second,we demonstratehe utility of explorationin pruningthe design
spaceeffectively (from  1000pointsto tensof points)for threeapplicationdomains:face
recognition,speechrecognition,andwirelesstelephory. As comparedo manualdesigns
optimizedfor aparticulaimetric, SCA automateshedesignof DSAsfor minimumenegy-

delayproduct(17%improvementor wirelesstelephoty), minimumarea(75%smallerde-

signfor facerecognition),or maximumperformancg38%improvementfor speechrecog-
nition). Finally, we discussthe impactof per designcodegenerationin reducingDSA

designtime from man-monthgo hoursandin identifying superiordesignpointsthrough
architecturablesignspaceexploration.



1 Intr oduction

Therapidly growing deploymentof embeddedystemsandthedynamicsof thecompetitve

market necessitat¢he creationof programmablelevices optimizedfor performanceand

enegy (low enepgy-delay product). Futuredeviceswill also be requiredto deliver the

real time demandf increasinglyimportantworkloads [18, 8, 16] like facerecognition
andspeechrecognition,subsequentlyeferredto asrecognition. Thesediverseapplication
domainsdemandnew functionality and are characterizedy intertwined sequentialand

parallelkernels Giventhestringenttime to market conditionsfor embeddednachinesthe

above problemsresenmulti-dimensionathallengeso systendesignersAs applications
evolvein complity andvary in functionality, the kernelspresent problemfor optimized

codegeneration.Architecturaldesignandfurtherimprovementsnay necessitatehanges
in compilationandnegatively impactcodegeneration.

A populararchitecturakolutionis to emplgy a heterogeneousiultiprocessof gure 1),
whereagenerapurposeprocesso(GPP)executegshesequentiatodeanda DSA executes
theparallelkernelswithin theapplicationdomain.Thisapproachl3, 20] hasbeensuccess-
ful in designingenepy ef cient processor$or mary applicationdomains.It alsoentailsa
signi cantly modi ed versionof acompilerframenork to generat®ptimizedcodefor such
specializegrocessorsThus,DSA designis currentlya complex procesghatinvolvessig-
ni cant usertime andexperiencen understandintheapplicationandarriving atanoptimal
design.Theproblemwith this methodologyis thatdesignquality is stronglydependentn
userexperience knowledgeof the applicationdomain,awarenes®f architecturaldesign
issuesandtheir impactautomaticcodegeneration Most recentDSA studieg20, 13] also
generateeodemanuallyto exploit certainarchitecturafeatureghereby addingmonthsto
total designtime. Giventhe compleity of today's applicationsanddesignsthis processs
errorprone,time-consumingandmay be infeasiblefor large searchspaces.

Recentstudieshave investigatedexplorationtechniqueqd17, 1, 12, 27, 25] to automate
the designof applicationspeci c processor®r acceleratorsBasedon the type of archi-
tecturesexplored, thesetechniquesan be classi ed into threerelevant cateyories. First,
studieg[17, 25] have investigatedanalyticaltechniquedor the automatiorof superscalar
processorgor SPECor mediaapplicationkernels. While [17] is fast,the algorithmwas
evaluatedfor one particularphasewithin the program. Studies[20, 22] have shown that
comple multimediaapplicationdik e recognitionconsistof variouskernelphasesvithin
the program. In addition, mary differentalgorithmscould be emplo/ed to performthe
functionsof the samekernel. While Silvanoet al. [25] addresghis issue,their architec-
turalanalysisfocusesonthememorysystemandnotin greatdetailontheinterconnectaind
executionunits.
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The secondclassof architecturegxploredfor automationis transparenaccelerator§27]
for embeddedsystems. This study balancesompilationand acceleratoconstraintsand
is similar to our approachn this regard. While their approachs basedon instructionset
customizationpursis tailoredto extractthe data o w patternswithin the application.The
third and nal classof architecturesincluding our study fall into the category of long
word machineq1]. ThePICOdesignsystem[1] consistf a VLIW GPPandanoptional
non-programmablacceleratoandtriesto identify a costeffective combinationof thetwo
to provide designson the cost performancecurve. Our approachexploresthe designof
a programmabldSA that satis esthe enepgy-performance-areeonstraintfor the entire
applicationdomain.

This studyinvestigates simpleexplorationalgorithmto automatehe designof long word
DSAs for constraintdike minimum area,maximumperformancegtc. Eachdesigncan-
didateis analyzedfor resourceadditionor removal. A performancebottleneckexists if
resourceadditionor dilation to the candidatedeliversa performancemprovement. Simi-
larly, if resourcaemoval or thinning reducesenengy dissipationsigni cantly, it indicates
anenegy bottleneck Ouriterative algorithmis termedStall Cycle Analysis' (SCA)andis
basedntheobsenationthattotal executioncyclesof a programconsistof cyclesusedfor
purecomputatiorandstall cyclesthatoccurdueto the presencef bottlenecksBottleneck
diagnosigBD) associatestall cyclesin the compilationschedulgor simulator)to bottle-
necks(routability issuesjnsufcient parallelism,etc.) for performancer enegy. During
diagnosiswe investigatevarioussolutionsfor eachof thebottlenecksA costmetricis as-
signedto eachsolution. Thecostmetricre ects theimprovementsn performanceeneny,
andcodegeneratiorcompleity thatthe solutionpotentially presents.In our framework,
this informationis fed asinput to the designselection(DSel) phase. The solution with



the lowestcostis selectedo generateghe next testarchitecture.This processs repeated
in aniterative mannerto arrive at nearoptimal enegy-performancelesignsfor different
constraints.

In the secondpart of the study we evaluatethe effectiveneswf explorationfor threeim-
portantapplicationdomains:facerecognition speectrecognition,andwirelesstelephory.
Thesadomainsarefundamentallydifferentin theiraccessgontrol,andcomputationathar
acteristicd22, 19, 13] andpresenta diverseworkload[18, 8] to testthe generalityof the
approachThekernelsemployedfor faceandspeechiecognitionaregeneralizedechniques
for objectrecognitionandcanbe adaptedo performothervisualrecognitionapplications.
In additionto exploring the designspacdor thesedomainswe alsoevaluatetheimpactof
codegenerationn exploiting the architecturafeaturedor eachdesignin thesearctspace.
If compilationsupportis absenfor a unit, the searchspacechangesandwe shaw thatthe
nal designcandidatgossesseimferior enegy-delaypropertieswith respecto the origi-
naldesign.Thisdemonstratethebene tsof designingprogrammablé&ardwarefor certain
applicationdomains.In summarythe maincontributionsof our studyare:

ExplorationSpace:This studyemploys SCA, atool that exploresthe spaceof ne
grainedprogrammable/LIW DSAsfor diverseapplicationdomainsto deliver en-
emgy ef cient soft-realtime embeddedystems.

WorkloadStudies:Thereseemdo beaconsensuamongndustry[8] andacademil6]
thatrecognitionis a critical workloadfor the future. To our knowledge,this is the
rst studythatinvestigateshe automatiorof DSAsfor faceandspeectrecognition.
This study also employs differentalgorithmsto performthe functionsof the same
kernel.For diversity, we alsoinvestigatehewirelesstelepholy domain.

PerDesignCodeGenerationfor eachinvestigatediesigncandidateye performop-
timized compilationandsection5 quanti estheimpactof codegeneration Results
demonstratéheadvantage®f exposingsophisticatedunctionalunitsto thecompiler
andin designingorogrammabléardwareto caterto the needsof the application.

A brief overview of our architecturaland compilationmethodologyis presentedn sec-
tion 2. The exploration processs discussedn section3. The simulationmethodology
is presentedn section4. Designcasestudies,codegeneratiorevaluation,andsensitvity

analysidollowsin section5. Relatedwork not alreadydiscusse@danbefoundin section6

followedby conclusionsn section?.
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Figure2: ArchitecturalDesignTemplatefor Exploration

2 Framework Description

Theautomatedramenork requirestwo majorcomponentsiponwhich the explorational-
gorithmis implementedsimulationfor architecturatlesignandcompilation.Recenistud-
ies[20, 22] have shavcasedanarchitecturablesignapproacthatemploysaprogrammable
'‘ASIC-lik e' back-endsupportedoy a distributed memoryfront-endto deliver the perfor
manceandenegy requirementsor embeddedacerecognitionandspeeclrecognition.In
thisstudy designspaceexplorationis performed Figure2 shovsatemplateof thearchitec-
ture. Thememorysystemconsistf aloop unit, threedistributedSRAMs, andassociated
addresgyeneratomunits (AGUs). A centralizedinterconnectis constructedrom several
layersof multiplexersand connectghe memorysystemandthe back-end.The back-end
is a clusterconsistingof a setof clock-gatedfunction units. A modi ed trimarancom-
piler framawork [5] is usedto generateptimizedcodeandthe simulatorfor performance
analysis.

DSA Design Methodology The memoryarchitecturg20, 22] of the DSA is designed
to supportthe dataaccesscommunicationexecutionunit and control characteristicsn
the applicationsuite. Speci cally, our memorysystemconsistsof hardware supportfor
multiple loop contexts that are commonin the facerecognitionsuite. In addition, the
hardwareloop unit (HLU) [20] andAGUs provide sophisticatecdddressingnodeswhich
increaseshe effective instructionscommittedper cycle (IPC) sincethey performaddress
calculationgn parallelwith executionunit operationsln combinationwith multiple dual-
buffered SRAM memoriesthis resultsin very high memorybandwidthsufcient to feed



ApplicationDomain Memorysystem Back-end Interconnect| EDP
(XScale)
FaceRecognition | 38KB SRAMS,6 AGUs,3 HLU contets | 3INT + 4FPU+ 1 RF | singlelevel 80x
SpeechRecognition| 3 8KB SRAMS,6 AGUs,4 HLU contets 4INT +4FPU singlelevel 150x
WirelessTelepholy | 32KB SRAMS,14KB SRAM, 4 AGUs 8INT two level 100x

Tablel: Best manual design con gurations for the three application domains (INT is integ er
functional unit and FPU is oating point functional unit).

themultiple executionunits. TheHLU alsopermitsmoduloscheduling24] of loopswhose
loop countsarenotknown atcompiletime andthis greatlyreducesompilationcompleity.

Thearchitecturaimodelis effectively a VLIW approachut eachbit in our programword
directly correspondso a binary value on a physicalcontrolwire. This very ne grained
approachwasinspiredby the RAW project[26]. Figure3 shavs how programmablenul-
tiplexersallow functionunitsto belinkedinto 'ASIC-lik e' pipelineswhich persistaslong
asthey areneeded.The outputsof eachMUX stageand eachexecutionunit are stored
in pipelinedregisters. This allows value lifetime and value motion to be underprogram
control. The compilergenerateanicrocodecontrolsdatasteering clock gating(including
pipelineregisters) functionunit utilization, andsingle-gcle recon gurationof theaddress
generatorgassociateavith the SRAM ports.In the caseof frequeng limitations,the num-
berof interconnectevelscanbeincreasedy employing anadditionallevel of multiplex-
ersandpipelinedregisters.Theoverall resultis a programmablé®©SA whoseenegy-delay
characteristicapproachthat of an ASIC while retainingmost of the e xibility of more
traditionalprogrammabl@rocessorsigurel illustratesthe completesystemarchitecture.
The heterogeneousystemconsistof a GPPthatexecuteghe sequentiabetupcodewhile
the DSA performskernelacceleration.Studies[20, 13] have demonstratedhe effective-
nessof this approacHor recognitionandthe wirelesstelephory domains.However, these
studiegequiredthatthearchitecturebemanuallyschedulecdtthemachindanguagéevel.
As areferencecomparisorto our explorationtechniquetable 1 shovs the con gurations
andtheenepgy-delayproduct(EDP) ef ciency (ascomparedo anintel XScaleprocessor)
of thedesigngroposedn theabove studiesfor eachof thethreeapplicationdomains.

From Trimaran to CoGenE The applicationsuiteis factoredinto sequentiatodethat
runson the GPPand streamingcodein C, which senesasinput to our compilerframe-
work. The Trimarancompiler(www.trimaran.og) wasthe startingpoint for the compiler
developmentlt waschosersinceit allows new back-endextensionsandbecausds native
machinemodelis closeto our architecturabpproachTheinfrastructurds e xible enough
thateachstageof thebackendmaybereplacedr modi ed to suitone'sneeds.Signi cant

modi cationswereneededo transformTrimaranfrom atraditionalcache-and-gisterar
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chitectureto meetthe needsof our ne-grained cache-lesglusteredvLIW (Very Long

InstructionWord) approach.Theresultis a compilerthatis parameterizethy a machine
descriptionle which speci es: the numberof clustersthe numberandtype of functional
unitsin eachcluster the numberof levels of inter andintra-clusterinterconnectandthe
individual multiplexer con gurations. We developeda new back-endcodegeneratothat
is capableof generatingobjectcodefor the coprocessoarchitecturedescribedoy the ar-

chitecturedescriptionle. The codegeneratoiincludesa modi ed registerallocatorthat
performsallocationfor multiple distributedregister les. Sincethe compilercontrolsthe
programmingof the multiplexersandthe livenessof the pipelineregisters,registerallo-

cationis inherentlytightly coupledwith interconnecscheduling.Hence,we introducea
separaténterconnecschedulingorocessafterregisterallocation.

Theprogramis effectively horizontalmicrocodewhichrequireghatall of thecontrolpoints
beconcurrentlyscheduledn spaceandtimeto createef cient, highly parallelandpipelined
o w patterns.To solve this problem,the codegeneratoemploys integer linear program-
ming (ILP) basednterconnect-aareschedulingechniqueso mapthekernelsto theDSA.

Compilationtechniquedor codeoptimizationare basedon [3, 21, 22] andthesestudies
have shavn thatinterconnect-aareschedulingdeliversthe performanceandenepgy bene-
ts of sucharchitecturesThe overall back-endcompilation o w is illustratedin 4. After

preliminary controlanddata o w analysisis performed,we identify the inner mostloop

andload the initiation interval into the HLU. After registerassignmentywe performILP

basednterconnectiorschedulingollowedby postpassschedulingo resole con icts.
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3 Stall Cycle Analysis (SCA)

Theideaof stall cycle analysisis basedon the obsenation that total executioncycles of
a programconsistsof two parts: i) pure computationcycles, whereusefulwork is per
formedby the processom executingthe program,andii) stall cycles,representinginused
work and manifestsitself as overheadthatis detrimentalto performance/engy dissipa-
tion of the system. Stall cyclesoccurdueto mary differentkinds of bottleneckswithin
the system.Quantifyingandanalyzingthesebottleneckscan help the systemdesignerin
understandinghe overheadsndin investigatingarchitecturedesignchoicesthatimprove
theperformancer enegy dissipationof thesystem.This processcalledBottleneckDiag-
nosis(BD) classi esthe overheadsn the systeminto differentcateyories.For eachof the
overheadsthetool walksthroughal list of potentialsolutions.To understandhe impactof
apotentialsolution,the notionof costis employed. In this study costis afunctionof three
differentmetrics:performanceenegy, andeaseof codegenerationThe studyin [10] em-
ploys a similar notionandcalculatesnteractioncostfor eventsandthe goalis to optimize
lateng in superscalarprocessorsin contrastembeddedSA designhasstringentcon-
straintson enepy dissipationandeaseof codegenerationHence,in our study we assign
acostbasedn thethreemetrics. The outputof BD is usedby the designselection(DSel)
phaseto selecta particularcandidatesolution. Our framework providesresourcedilation
or thinning assolutionsto bottlenecks.After a low costsolutionis selectedwe compile
andevaluatethe new testarchitectureTo reducethe complexity of exploring thecomplete
designspace DSel breaksdown the searchspaceinto threesubsystem eachiteration:
memorysystemback-endsystemandinterconnectiometwork.

3.1 Bottleneck Diagnosis(BD)

To aid the processof overheadclassi cationandquanti cation, we collectthe following
availablestatisticsaboutthe applicationsuiteusingthe compilerandthe simulator



Functionunit utilization rate The fraction of total executioncyclesin which a par
ticularfunctionunit is utilized.

Ragister le userate Thefraction of total executioncyclesin which the centralized
register le is utilized. For speechrecognition,the presenceof a scratchmemory
replacegsheregister le.

Functionunit contention The fraction of cyclesin which instructionexecutionis
delayeddueto lack of functionalunit resources.

Interconnectcontention Thefraction of cyclesin which contentionfor interconnect
createsbandwidthstanation. This canbe quanti ed by observingthe multiplexer
utilization ratesduringthe postpassschedulingphaseof compilation.

SRAMmissrate This simulationmonitoredmetric collectshit ratestatisticsfor the
inputandoutputSRAMSs.

AGU utilization rate Fractionof cyclesfor which the addressyeneratomunits are
employed.

Total executiontime Total executiontime in cyclesfor completionof the program

Total enegy dissipation Total enegy dissipatedn executingthe programmeasured
usingthemethodologyin [2, 23].

The above statisticsare usedto classifythe differentcategoriesof overheadshatleadto
stall cyclesin a given architecture.The major bottleneckshat are detrimentalto perfor
manceor enepgy are:

Back-endStanation: This bottleneckarisesdueto the inability of the memorysys-
temto efciently deliver datato the back-end. A high SRAM missratecanbe a
major performanceottleneck.

SRAM Port Contention: Contentionin the ports may leadto back-endstanation.
Thisis commonin applicationswvith multiple loop contexts.

Insufcient Parallelismin Hardware: This bottleneckarisesbecause¢herearemore
independeninstructionsthatcanbe issuedwithin a cycle. Thiswill be obseredas
very highfunctionunit andinterconnectontention.

Unit Stanation: An increasein the numberof function units may lead to under
utilizationandmaybeanenegy bottleneck.



Routability: Cyclesmay be wasteddueto thelack of aroutebetweerproducerand
consumerThiswill necessitatstoringthevaluein eithera pipelinedregisteror the
centralizedregister le andis both a performanceandenegy bottleneck. This can
beobsenedby very high contentionontheinterconnect gure 3). Thesolutionisto
eitherincreasethe width of the multiplexer which may leadto operatingfrequeng
issuesor to increasethe numberof interconnectevels betweentwo function units.
Dueto frequeny limitations,this mayincur anadditionalcycle for datatransferand
thevaluemaybe storedin a pipelinedregister

BD employs programstatisticso measurehe differentsourceof overheadn atestarchi-
tecture.In thesecondartof BD, thetool associatemary potentialsolutionsto eachof the
overheads.To facilitatedesignselection a total costis associatedo eachof the potential
solutions.

AssociatingCost Sinceeachof the overheadsanbe solved by applyingdifferenttech-
niques,we needto associate costto eachof the solutionsandthenselectthe lowestcost
solution. Thecostsarebasedn performancegnegy, andcodegeneratiorcompleity. The
framawork is built suchthatthe useris promptedfor the threecostsfor eachfunctionunit
in thelibrary. Thetotal costof employing a unit is theweightedsumof the threemetrics.
Assigningweightsto eachof the metricscanleadto mary interestingsearchspacesandis
the subjectof future study We associata booleancostfor eachof the metricsandequal
importancds givento eachof the metrics.If theincreasan sizeor numberof a particular
unit deliversansigni cant improvementin performancehenthe unit is designateavith a
low costfor performanceandvice versa. For enegy or codegeneratiorcompleity, we
assigna high costif the unit signi cantly increasegnegy or compilationcompleity. In
caseswvherethe impactis not clear we assigna high cost. Examplesof suchcasesare
dilation in interconnectevels anddatawidth. We illustrate how costsareassignedising
the examplesof a HLU anda register le. For applicationswith multiple loop contexts,
theHLU [20] automaticallyupdategheloopindicesfor all theloop contextsandgenerates
indicesfor the AGU to performaddresscalculations. The HLU containsits own stack,
registers,and adderunits. The additionof a HLU hasthe potentialto deliver very high
performancenhile incurringa commensuratencreasen enegy dissipation. It alsopro-
vides hardware supportfor modulo schedulingof loopswhoseindicesare not known at
compiletime. This reduceodegeneratiorcompleity. Hence,we assignthe unit a low
performanceost(0), high enegy cost(1), andalow codegeneratiorcost(0). Theregister
le is usedmore asa temporaryplaceholderfor datain the event of routing dif culties.
Studies[22, 20] have shawvn that the availability of a register le reduceghe problemof
schedulingover the centralizednterconnectand reducegressureon the scratchSRAM.
Thus, it is assigned high performancecost,high enegy cost,andalow codegeneration



cost. Table 2 shaws the explorationspaceandthe variouscostsfor eachfunctionalunit
in thelibrary. Whenthereis atie betweentwo functionswith the samecost,dependeng
takesprecedencd-or example AGUsarerequiredfor ef cient operationof HLUs andso,
SCA exploresAGUsbeforeHLUs.

3.2 DesignSelection(DSel)

The procesf designselectioncould choosethe next testarchitectureby eitheralleviat-
ing all bottlenecksn onestepor by alleviating the biggestbottleneckin eachiteration.We
chooseo changeonearchitecturafeatureatatime. Makingtoomary changesanleadto a
feedbacKkoop wherethe explorationalgorithmis stuckin alocal minima. To prunethede-
signspaceef ciently, the searchs donealongthreedifferentsubsystemsWe rst employ
solutionsthat can optimize the memorysubsystenfollowed by the executionback-end.
The interconnecsubsystems thenoptimized. Thesethreestepsconstituteoneiteration
andthis processs repeateccontinuouslyuntil we arrive at a setof enegy-performance
nearoptimal designs. Suchan iteration processalso accountsfor comple interactions
acrossthe differentsubsystemsThe initial startingpoint employs a memorysubsystem
with aoneKB input, scratchandoutputSRAM with oneAGU for eachSRAM. We begin
with atwo way executionback-endconsistingof oneintegerandone oating point func-
tional unit. The processf designselectioncanbe easilyunderstoodisingthe Viola face
detectiorkernel.

High SRAM missratescauseback-endstanation initially. Although differentsolutions
(addingHLUs, AGUs,increasingports)canbeemployed,we employ thelow costsolution
of anincreasen the size of theinput andoutputSRAMs. For a further marginal perfor

manceimprovementand increasecenegy dissipation,the choiceis to reducetheir sizes
for greaterenegy savingsat minimal/noperformancdoss. The maginal performancen-

creasenccursdueto thefactthatcompu@tlonssn multi-level loopsentailcomple< indirect
accessegExample: Z[i] = Z[i 1]+ L, X[j]] Y[WTJ]]). In suchcasesoop vari-

ableaccessesompetewith the array dataaccesseand degradesperformance.SCA has
the choiceof employing HLUs or AGUs asthey have similar overall cost. Dueto prece-
dence SCAproceedsvith theadditionof AGUsbeforeaHLU is emplogyed. Increasinghe
numberof contects increaseshe area,compleity, andpower dissipationwhile providing

minimal performancamprovements. SCA, therefore attemptsto keepthis numberto a
minimum.

During designspaceexploration,we obsene a high contentionon the function units. Re-
sourcecontentionoccursinitially becauséheinitial testarchitectureconsistsof onefunc-



Component Range Performance Enegy | Codegeneration| Total

cost cost cost cost
Datawidth 16,32,64 (bit) 1 1 1 3
SRAMs 1,2,4,..64(KB) each 0 0 0 0
Ports(SRAMsandRF) 1,2,3 1 1 1 3
Hardwareloop unit contexts 1,2,3,4,5 0 1 0 1
AGUs 1-8perSRAM 0 0 1 1
Regjister®le size 8,16,32entries 1 0 0 1
Register®le number 1,2,3,4,5,6 1 1 0 2

Functionalunit type integer, oatingpoint - - - -

Functionalunit mix multiplier, adderetc. - - - -
Functionalunit number 1-8 0 1 0 1
InterconnecwWidth 2-5 0 1 1 2
Interconnectevels 1-3 1 1 1 3

Table2: Design space and cost for each functional unit variable

tional unit of eachtype. Thosefunction units with high utilization and contentionare
dilatedby onefor eachtype. An increasean the numberof functionalunits entailsanin-
creasen thelengthof the VLIW word dueto the natureof thearchitectureandthis further
increasepower dissipationin theinstructioncacheandinterconnectTheregister le use
rate and interconnectutilization metricsare employed to increase/decreaghe size and
numberof register les. Resourcecontentionon the associatedunction units is a very
goodindicatorof routability issues.In the rst step,we increasehe width of the multi-
plexerwhile makingsurethefrequeng tamgetis met. In theadwentof afrequeng con ict,

we add an additionalcycle by introducinga pipelinedregister This increasesompila-
tion compleity andmay leadto infeasibleschedulesn somecases.In suchevents,the
algorithmreturnsto the previousdesignpoint.

3.3 SCA Exploration Algorithm

The SCA algorithmemploys BD andDSelto explore the designspacefor differentappli-
cationdomains.Initially, the solutionsetsfor eachof the subsystemsonsistof instances
of all unitsnotusedfor exploration. The stepsinvolvedin theprocessare:

1. Program Statistics Initialize solutionset. Collect programstatisticsto measurdghe
variouscateyoriesof bottleneckgluringcompilationandsimulation.

2. MemoryOptimization A high back-endstanation indicatesthe needfor memory
optimizations.Begin by addingunit with lowestcostfrom the solutionset. Remore




item from solutionset. Obsene useratemetricfor unit. For signi cant performance
improvements dilate resourcefurther For signi cant enegy increase employ re-
sourcethinning. For maginal performancemprovementsmove to the next unit in
the solutionset. Compileandsimulatenext testdesign.

3. ExecutiorBadk-endOptimization High functionalunit contentionndicatesheneed
for back-endptimizations.Dilate or thin asneededCompileandsimulatenext test
design.

4. InterconnectOptimization High interconnecutilization andcontentionfor unitsor
SRAMsindicatethe needfor dilation or thinningasrequired.Compileandsimulate
next testdesign.Whenthe solutionsetis empty go backto stepl.

The iterationsare repeateduntil we arrive at a setof enegy-performancenearoptimal
designsin casesvherethealgorithmcannotprovide afeasibledesignthe BD tool returns
to thelastiteration.

4 Methodology

The effect of compilationcan be analyzedwith the cycle-accuratesimulatorandit esti-
matespower using high level parameterizablpower models. Our power models(90 nm
node)employ analyticalmodelsfrom Wattch([2] for all predictablestructuresandempiri-
cal modelssimilar to [23] for comple structuredik e the hardwareloop unit (HLU). Our
areaestimatesareobtainedrom SynopsysMCL anddesigncompilerscaledto 90 nm.

Benchmarksand Evaluation Our benchmarksuite,shonn in table 3 consistof seven

kernelsfrom facerecognition threekernelsfrom speechrecognition,andsix kernelsfrom

wirelesstelephory domains.The facerecognitionkernelsconstitutethe differentcompo-
nentsin acompletefacerecognitionapplication.To increaseéherobustnes®f thestudy we

emplogy two fundamentallydifferentfacerecognitionalgorithms.The EBGM algorithmis

morecomputationallyintensve ascomparedo the PCA/LDA recognitionschemeAll the

facerecognitionkernelswereobtainedrom the CSUfacerecognitionsuite[7]. Thespeech
recognitionapplicationconsistsof threephaseghat contribute to 99% of total execution
time: preprocessingidMM, andthe Gaussiarphase19]. The kernelsfrom the wireless
domainincludepredominanbperationdik e matrix multiplication,dot productevaluation,
determiningmaximumelementin a vector decodingoperationdik e rake andturbo, and
theFIR application.



Benchmarks Description
FaceRecognition
FleshToning pre-processinfpr identifying skin tonedpixels
Erode Firstphasan imagesegmentation
Dilate Secondphasen imagesegmentation
Viola Detection Identi®esimagelocationlik ely to containaface
EyeLocation Proces®f locatingeye pixelsin aface
EBGM recognition Graphbasedcomputationallyintensive matching
PCA/LDA recognition Holistic facematching
SpeectRecognition
Preprocessing Normalizationfor furtherprocessing
HMM HiddenMarkov Model for searchinghelanguagespace
GAU Gaussiarprobabilityestimationfor acoustiomodelevaluation
WirelessTelepholy
Vecmax Maximumof a128elementvector
matmult Matrix multiplicationoperation(integer)
dotp_square Squareof thedot productof two vectors
Rake Receving processn awirelesscommunicatiorsystem
Turbo decodingreceivedencodedrectors
FIR Finite Impulseresponseltering

Table3: Benchmarks and Description

A robustexplorationalgorithmprunesthe searchspaceef ciently andevaluateseachde-
sign candidate.We employ pruning andtotal explorationtime to evaluatethe effective-
nessof exploration. To effectively comparethe performancef differentarchitecturesywe
employ throughput(numbeof input framesprocessegber second)andenegy (mJ/input)
asthe performanceand enegy metricsrespectiely. As recommendedby Gonzalezand
Horowitz [11], theenepgy-delayproductmetricis usedto compareheef ciency of differ-
entprocessorsFor eachdomain,we identify a setof feasiblecandidateshat satisfythe
minimum requiredperformanceand the maximumallowable enegy budgets. Thesede-
signsaretheninvestigatedor threedifferentconstraintsminimumarea bestenegy-delay
product,andhighestperformance.Theresultingdesignchoicesarecomparedagainsthe

bestmanualdesignfrom previousstudieg[22, 19, 14] andalsoto the Intel XScaleproces-
sor[4].

For eachdesignthecompilergeneratesptimizedcodeby exploiting the capabilitiesof the
new addedunctionalunit. Ideally, theimpactof codegeneratiorcanbe estimatedy mea-
suringthe changen the searchspaceandthenen nal designcandidaten the absencef
compilationcapabilityfor thatnew functionalunit. A comparisorof enegy-performance
of the new andoriginal designcandidatewill alsohelpin estimatingthe relatve meritsor
demeritsof castingsoftwarefunctionsinto specializechardware.
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Figure5: SCA appliedto facerecognition

5 Results

5.1 CASE STUDY I. Architecture for EmbeddedFaceRecognition

Figuresb and6 shawvs thedesignpointsexploredby SCA for the sevenbenchmarksn the
facerecognitionsuite. It shovsthethroughputindenegy dissipatiorfor eachof thedesign
points. We startwith the initial designpoint (2 way VLIW with 1 KB input and output
SRAMSs, 1 AGU/SRAM, No HLU) and obsenre thatits throughputis about vestimes
slowerthanarealtime performancef 5 frames/secThe minimumrealtime performance
is shavn by the vertical line normalizedto 1 andall pointsto the left of the line do not
meetthe performancaequirementsiecessaryor real time facerecognition. As perthe
optimizationalgorithm, the memory subsystems optimized rst and SCA successiely
increaseshe sizeof theinputandoutputSRAMSto 8 KB with upto 2 AGUs/SRAM.At
this point, throughputstartsto saturateandthis is indicatedby a low missrate andvery
high utilization on AGUs andthe interconnectSCA theninvestigateshe effectivenessof
aHLU andsuccessiely increaseshe numberof contexts to improve performanceOnce
memory optimizationis complete,SCA then dilatesresourcesn the back-endand we
obsenre signi cant increasesn performance. A con guration with a 6-way VLIW back-
end (3 INT + 3 FPU) achiezesthe minimum requiredperformancedor facerecognition.
All designpointsto the right of this con guration meetthe performancedemandsand
SCA investigateghesedesignsfor enegy requirements.The horizontalline shows the
maximumallowable enegy budgetthatis one order of magnitudeenegy improvement
over the enepgy ef cient XScaleprocessarAll designsbelaw this ervelopethat meetthe
requiredperformancebelongto the 'quadrantof feasibleor acceptabledesigns'. SCA
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further dilatesthe back-endoy emplgying a centralizedregister le andby increasinghe
sizeof the scratchmemoryandthis enablesef cient compilation. Any furtherincreasen
resourcegxceedgsheenegy envelope.

Comparison to BestManual Design Previousstudieg[19, 22] have investigateda face
recognitionDSA thatwasoptimizedfor enegy-delayproduct. The con guration (three8
KB SRAMs,with 3 HLU contets,anda8 way VLIW (3 INT + 4 FPU+ 1 register le))
wasshaown to be 1.65timesfasterthanthe minimum requiredreal time performanceand
deliveredan enegy improvementof 10x ascomparedo the embeddeXScaleprocessar
The plots shav that SCA exploresthis designpoint in the feasiblespace. The enegy-
delayplotsdemonstratéhatthearchitecturavasdesignedor closeto optimalenegy-delay
characteristics SCA demonstratethata similar con guration but with a smallerscratch
SRAM (4 KB) andanadditionalintegerunit (Table4) deliversa 4% enegy improvement
anda maginal enegy-delayproductimprovementover the manualdesign.While manual
designis very effective in identifying closeto optimal points,this studydemonstratethat
anintelligentexplorationalgorithmwhich searchea wider designspaceas morerobustin
identifying nearoptimaldesigns.

Due to the rapid corvergenceof exploration, SCA investigatedewer than forty design
pointsfrom adesignspaceof aboutathousangointsandthetotal timefor arriving atthese
feasibledesigngs 215minutesona 1.6 GHz AMD Athlon PC.Combinedwith acompiler
that generate®ptimizedcodefor the facerecognitionDSA, our framework signi cantly

reduceglesignetime.
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Quadrant of FeasibleDesigns SCA selectsacceptablelesignsaandwe investigatehese
designdor minimumenegy-delayproduct,minimumareaor maximumperformanceFig-

ures6,8,and7 shav theenegy-delayproduct,enegy, andthroughpugplottedasafunction

of area.Dependingon whetherthe applicationis for low power or high performanceem-
beddedsystemsgdesignerganchoose:

Minimum area design Figures7 and 8 show that the con guration with a 6 way
VLIW back-endbarely meetsthe performancaequirementandoccupiesminimum
area.lt is approximately75% smallerthanthe designwith highestperformance.

Minimumenegy-delayproductdesign Thecon gurationwith a9 way VLIW back-
enddeliversthebestenegy-delayproductandis maginally betterthanthe manually
designedsystem.

Maximumperformance A con guration with an 11 way VLIW back-enddelivers
thebestperformanceandis approximatelyb0%fasterthanthedesignwith minimum
area.

5.2 CASESTUDY II: Architecturefor EmbeddedSpeechRecognition

Table4 shavsthe DSA con gurationsfor minimumareaminimumenepgy-delayproduct,
and maximumperformanceafter selectingthe set of feasibledesignsfrom the complete
space We obsenrethatthecon gurationwith minimumareareducegnengy dissipatiornby
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Figure8: Enegy comparisongor performance-engy designs

44%comparedo thebestmanualdesign[19]. Similarly, thecon gurationwith thehighest
performancealeliversa performancemprovementof 38% whencomparedo the manual
designpoint.

Themanuallydesignedarchitecturavasoptimizedfor enegy-delayproductandacompar

isonto the bestenegy-delaydesignfrom SCAis only 5% worse. This canbe attributed
to: i) Theoriginaldesignwashand-scheduledndthewidth of themultiplexerswerelarger
thanthatallowedin the designspaceii) The frameawork strictly allows a width thatobeys

frequeny targetsandhencethis particulardesignis notexploredby our framework. Nev-

erthelessSCAidenti es acomparabl@esignandthis contributesto asigni cant reduction
in designetime.

5.3 CASE STUDY IlI: A Clustered Architecture for WirelessTele-
phony

Wirelesstelephory benchmarkgypically usea 16-bit integer data-path.While SCA can
be employedto searchfor differentwidth datapaths,the casestudiesof faceandspeech
recognitionrequired32 bit datapathsand exploration alongthis dimensionwas not re-
quired. NeverthelessSCA searcheshe spacefor datawidth andthins resourcesn such
casesTo facilitatecomparisoragainsthe manualdesigngrom [13, 14], we compareonly
theenepgy-delayproductimprovementoverthe XScaleprocessarAll designsarefrom the
feasiblespaceandmeetthe minimumperformanceequirementThearchitecturdor wire-
lesstelepholy is signi cantly differentfrom thosefor the recognitionalgorithms.Support
for hardwareloopsarenot necessaryn this caseandwhile SCA investigates con gura-



Design Memory Scratch AGUs | HLU INT FP RF Mux | Throughput| Enegy
Point SRAM (KB) | SRAM (KB) contts | units | units levels | frames/sec| (mij/input)
Face
Recognition
Manual 8 8 2x3 3 3 4 yes one 1.65 3.76e-03
Minimum Area 8 1 2x3 3 3 3 no one 1.12 3.46e-03
Minimum ED product 8 4 2x3 3 4 4 yes one 1.64 3.63e-03
MaximumPerformance| 8 8 2x3 3 5 5 yes one 1.68 3.80e-03
No HLU 16 16 2x3 - 8 5 yes(2) | one 1.14 5.4e-03
Speech
Recognition
Manual 8 8 2x3 2 4 4 no one 1.98 1.1e-03
Minimum Area 8 2 2x3 2 3 2 yes one 1.03 0.76e-03
Minimum ED product 8 8 2x3 2 4 3 yes one 1.92 1.13e-03
MaximumPerformance| 16 16 2x3 2 5 5 yes one 2.74 3.7e-03
Wireless
Telephoty
Manual 4,2 2 4 - 12 - yes(4) | two - 100x(EDP)
Minimum Area 2 1 3 - 8 - yes(1) | one - 50x (EDP)
Minimum ED product 4 8 4 - 10 - yes(3) | one - 120x(EDP)
MaximumPerformance| 16 8 6 - 16 - yes(4) | three - 30x(EDP)
No clustering 16 16 8 - 15 - yes(5) | one - 17x (EDP)
All three
domains
Minimum ED product 8 8 6 3 8 4 yes(1l) | two - -

Table4: Best con gurations

for diff erent targets

for diff erent constraints, throughput, and energy comparisons




tion with aHLU, no performancemprovementsareobsened. Anothermajordifferences

the presencef multiple register les anda two level interconnect]eadingto a clustered
back-end.Eachregister le supportsafew integerunitsandwhile SCA doesnot perform
clusteringdirectly, the introductionof a secondlevel interconneciacrossthe functional
units providesthis functionality.

Investigating Clustered Designs Thedesigncon gurationwith minimum areais a sin-

gle clustermachinethat barely meetsthe performanceaequirements.While the current
con guration is balancedn termsof datathroughputacrossmemoryand the back-end,
thereis moreavailableparallelismin theapplicationspace Dilation in SRAM sizeandthe

back-endcould extractthe parallelism.SCA employs dilation andselectsa con guration

thatmatcheghe performanceof the manualdesign [14] atlower enegy dissipation.This

candidatgossessabhebestenegy-delaycharacteristicandprovidesa 17%improvement
over the manualdesign. Furtherdilation increasegressureon the interconnecand SCA

obseresdiminishingreturnsin performanceSCA dilatesinterconnectidth until thefre-

gueng limits aremet. Beyondthat,theintroductionof amulti-level interconnectacilitates
clusteringandallows for dilationin back-endunctionalunits. The designwith maximum
performanceconsistf athreelevel interconnecandsupportsasmary assixteeninteger
unitsandfour register les. Clusteringincreaseshe searchspaceandmalesit dif cult to

manuallyidentify the mostoptimal designs.This makesa casefor tools that explore the
designspaceautomatically

5.4 Impact of Per DesignCode Generation

As opposedo previousstudieg[17] thatdo not considerthe impactof micro-architectural
change®n codegenerationpur studygeneratesptimizedcodefor eachof the kernelsin
the suiteandhenceguaranteesompilationfor every designcandidateThe nal setof de-
sign candidateshoserrepresent synegy betweencompilationandarchitecturatdesign.
It alsoguaranteesptimizedcompilationfor thedomain.To evaluatethebene t/demeritof
per designcodegenerationye evaluatetwo interestingscenariogor which the presence
of a particularfunctionalunit deliverssigni cant performancendenegy improvements.

In the rst scenario,we evaluatea facerecognitioncasestudy where compiler support
is disabledfor a HLU. In the absenceof a HLU, SCA movesto optimize the back-end
andsuccessiely increaseshe numberof integer units andthe size of the register le in

the back-end. After performancesaturation,jt optimizesthe front endandincreaseshe
sizeof the SRAMs andobsenresa performancemprovement. Due to the absencef the



HLU, the optimizationalgorithmsuccessiely increasesnemorysizeandinteger unitsto
accountfor loop computationsstorage andadditionalinterconnecbandwidth. The extra
computationsalso introducethe problemof port saturation. We have a different set of
feasiblecandidatesn this new search.The candidatewith the bestenegy-delayproduct
(shovn asNo HLU in table 4) meetsthe performancebudget,but is 30% slower while
dissipating35% moreeneny.

In the secondscenariowe limit the numberof interconnectevelsin the framework for
the wirelesstelephory domain. SCA identi es a differentcon guration that deliversthe
performanceindthe enegy requirementgor the domain.Neverthelessthis con guration
degradesenepgy-delayproductby 44.3% with respectto the original con guration with
the bestenegy-delayproduct. Multiple interconnectevelsreducecongestiorfor dataat
theinterconnecandhencedeliversperformancendenepgy adwantagesgor this particular
domain.It shouldbe notedthatimposingthis limitation on the othertwo domainsdoesnt
affectthesearchresults.Theabove scenarioshowv theimportanceof perdesigncodegen-
erationanddemonstratéhe bene tsof castingdomainspeci ¢ functionsin programmable
hardware.

5.5 Sensitvity Analysis: SCA Robustness

An interestingoptionis to evaluatethe robustnessof SCA in designinga single DSA for
all 16 benchmarksWhile corvergencewasslow, SCA arrived at a enegy-delayoptimal
designfor all threeapplications.Thecon gurationis a12way VLIW maching8 INT + 4
FPU)with acentralizedegister le supportedy awell provisionedmemorysystem(two 8
KB SRAMSfor inputandoutput, one8 KB scratchSRAM, 6 AGUs,HLU with threeloop
contexts, two level interconnect) SCA limited thedesignspaceo arounda hundreddesign
pointsin about7 hoursonthe 1.6 GHz Athlon system.Whencomparedo anarchitecture
for onedomain thisdesignconsumesnoreenengy butis capableof deliveringtherealtime
performancdor all threeapplications.

SinceSCA combinescompilationand simulation,investigatingmary designsfor a suite
of benchmarkgs a time consumingprocessandis slow comparedto purely analytical
methods On the otherhand,designspacepruningis very ef cient. Evenin thethe caseof

asingleDSA for all threedomains SCA investigatesrounda hundreddesignpointsfrom

adesignspaceof atleast3000points. Total explorationtime was 183 minutesfor speech
recognition215minutesfor facerecognitionand85 minutesfor wirelesstelephory. When
comparedo monthsto manuallyinvestigatea singledesign this is a signi cant reduction
in explorationtime giventhe compleity andnumberof kernels.



A goodexplorationalgorithmworks independenof the choiceof initial testarchitecture.
To testtheindependencef SCA, we chosetwo startingdesignpoints: onethatexceeded
the enegy erveloperequiredfor embeddedapplicationsandanotherpoint thatis in the
middle of the feasiblespace For the rst testpoint, SCA performsexplorationby succes-
sively removing architecturatesourceandcornvergedto thefeasiblespacan tens( 20) of
iterations.For the secondestpoint, SCA discoveredall the feasibledesignpointsby suc-
cessve additionof resourcesOncethe designexceedgheenepgy ervelope, SCA provides
thedesignemith thosedesigns SCA restartsattheinitial testpointandperformsthinning
to discover the remainingdesignpoints. In both thesetests,convergenceto the feasible
spaceis sufciently fastanddeliveredthe samedesignsfor the facerecognitionandthe
wirelesstelepholy domains.In the caseof speechrecognition thetestsleadto similar but
not exactly the samecon gurations. The differencewasin the sizeof theregister le and
this delivereda mamginal enegy-delayproductdifferenceof lessthan2%. This wasdueto
the compiler's ability to generateslightly differentschedulegor the two candidatesSCA
precludesoccurrencesf alocal minimumdueto the investigationof variousarchitectural
solutionsfor a bottleneck.

6 RelatedWork

Grunetal. [12] explore memoryandinterconnectiesignsacrossnemoryandthe CPU.In
additionto the memoryandinterconnecsubsystemspur approachalso exploresvarious
back-endcon gurations. Crovella et al. [6] employedtheideaof lost cyclesanalysisfor
predictingthe sourceof overheadsn a parallelprogram.They employ thetool to analyze
performancerade-ofs amongparallelimplementationsf 2D FFT. Ouralgorithmexplores
mary designpointsin the architecturespaceor diverseapplicationdomains.Otherstud-
ies[15] have exploredmachinelearningbasedmodelingfor designspacesandthis could
potentiallyreplacethe simulatoremployedin our study In contrastpurtool automatically
searcheshe designspaceo arrive at optimal designpointsfor varying constraints Statis-
tical simulationtechnique$9] reducethe numberof instructionghata simulatorexecutes,
therebyreducingdesignoptimizationtime.

7 Conclusionsand Futur e Work

Futurecomputingdeviceswill likely integratespecialpurposegrocessorsnasingledieto
achieve betterperformanceindenegy ef ciency. Thesedeviceswill executenicheappli-



cationdomainslik e speeclrecognition,facerecognition,etc. As applicationsevolve, the
architectureneedgo adaptin a seamlessnannerto changesn the application.This study
investigateshe automatedalesignof programmabléASIC-lik e' architecturesor suchap-
plicationdomains.An explorationalgorithmbasedon SCA exploresthe designspaceof
sucharchitecturesand arrives at performance-engy nearoptimal designsfor different
constraints We have demonstratethe robustnesf the SCA algorithmin exploiting op-
timized codegeneratiorandin reducinguserdesigntime, error probability, etc.,and by
designingsystemdor threeincreasinglyimportantapplicationdomains.As partof future
work, we intendto extendthe framewvork to designDSAsfor two applicationdomainghat
arebecomingmportant:ray tracingand nance modeling.Currently the grain-sizeof the
back-endexecutionunitsis attoo large, e.g.,Integerand oating point units. We planto
investigatea ner grainsizein executionunits.
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