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Abstract

Domainspeci�c architecture(DSA) designcurrently involvesa lengthyprocessthat re-
quiressigni�cant designerknowledge,experience,andtime in arriving at a suitablecode
generatorandarchitecturefor thetargetapplicationsuite.Giventhestringenttime to mar-
ket constraintsandthe dynamicnatureof embeddedapplications,designersfacea huge
challengein delivering high performanceyet energy ef�cient devices. In this study, we
investigateanautomaticdesignspaceexplorationtool thatemploys aniterative technique
known as“Stall Cycle analysis”(SCA) to arrive at near-optimal energy-performancede-
signsfor variousconstraints,e.g.,minimumarea.For eachdesigncandidatein theprocess,
the resultsof codegenerationandsimulationareanalyzedto identify bottlenecksto per-
formance(or energy) andprovide insight into addingor removing resourcesfor further
improvements.Second,we demonstratethe utility of exploration in pruning the design
spaceeffectively (from � 1000pointsto tensof points)for threeapplicationdomains:face
recognition,speechrecognition,andwirelesstelephony. As comparedto manualdesigns
optimizedfor aparticularmetric,SCAautomatesthedesignof DSAsfor minimumenergy-
delayproduct(17%improvementfor wirelesstelephony), minimumarea(75%smallerde-
signfor facerecognition),or maximumperformance(38%improvementfor speechrecog-
nition). Finally, we discussthe impact of per designcodegenerationin reducingDSA
designtime from man-monthsto hoursandin identifying superiordesignpointsthrough
architecturaldesignspaceexploration.



1 Intr oduction

Therapidlygrowingdeploymentof embeddedsystemsandthedynamicsof thecompetitive
market necessitatethe creationof programmabledevicesoptimizedfor performanceand
energy (low energy-delayproduct). Futuredevices will also be requiredto deliver the
real time demandsof increasinglyimportantworkloads [18, 8, 16] like facerecognition
andspeechrecognition,subsequentlyreferredto asrecognition.Thesediverseapplication
domainsdemandnew functionality and are characterizedby intertwinedsequentialand
parallelkernels. Giventhestringenttime to marketconditionsfor embeddedmachines,the
aboveproblemspresentmulti-dimensionalchallengesto systemdesigners.As applications
evolvein complexity andvary in functionality, thekernelspresentaproblemfor optimized
codegeneration.Architecturaldesignandfurther improvementsmaynecessitatechanges
in compilationandnegatively impactcodegeneration.

A populararchitecturalsolutionis to employ a heterogeneousmultiprocessor(�gure 1),
whereageneralpurposeprocessor(GPP)executesthesequentialcodeandaDSA executes
theparallelkernelswithin theapplicationdomain.Thisapproach[13,20] hasbeensuccess-
ful in designingenergy ef�cient processorsfor many applicationdomains.It alsoentailsa
signi�cantly modi�ed versionof acompilerframework to generateoptimizedcodefor such
specializedprocessors.Thus,DSA designis currentlyacomplex processthatinvolvessig-
ni�cant usertimeandexperiencein understandingtheapplicationandarrivingatanoptimal
design.Theproblemwith thismethodologyis thatdesignquality is stronglydependenton
userexperience,knowledgeof the applicationdomain,awarenessof architecturaldesign
issuesandtheir impactautomaticcodegeneration.Most recentDSA studies[20, 13] also
generatecodemanuallyto exploit certainarchitecturalfeaturesthereby, addingmonthsto
total designtime. Giventhecomplexity of today'sapplicationsanddesigns,thisprocessis
errorprone,time-consuming,andmaybeinfeasiblefor largesearchspaces.

Recentstudieshave investigatedexploration techniques[17, 1, 12, 27, 25] to automate
the designof applicationspeci�c processorsor accelerators.Basedon the type of archi-
tecturesexplored,thesetechniquescanbe classi�ed into threerelevant categories. First,
studies[17, 25] have investigatedanalyticaltechniquesfor theautomationof super-scalar
processorsfor SPECor mediaapplicationkernels. While [17] is fast, the algorithmwas
evaluatedfor oneparticularphasewithin the program. Studies[20, 22] have shown that
complex multimediaapplicationslike recognitionconsistsof variouskernelphaseswithin
the program. In addition,many differentalgorithmscould be employed to perform the
functionsof the samekernel. While Silvanoet al. [25] addressthis issue,their architec-
turalanalysisfocusesonthememorysystemandnot in greatdetailon theinterconnectand
executionunits.
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Figure1: HeterogeneousMultiprocessorOrganization

Thesecondclassof architecturesexploredfor automationis transparentaccelerators[27]
for embeddedsystems.This studybalancescompilationandacceleratorconstraintsand
is similar to our approachin this regard. While their approachis basedon instructionset
customization,oursis tailoredto extractthedata�o w patternswithin theapplication.The
third and �nal classof architectures,including our study, fall into the category of long
wordmachines[1]. ThePICOdesignsystem[1] consistsof a VLIW GPPandanoptional
non-programmableacceleratorandtriesto identify acosteffectivecombinationof thetwo
to provide designson the costperformancecurve. Our approachexploresthe designof
a programmableDSA thatsatis�estheenergy-performance-areaconstraintsfor theentire
applicationdomain.

Thisstudyinvestigatesasimpleexplorationalgorithmto automatethedesignof longword
DSAs for constraintslike minimum area,maximumperformance,etc. Eachdesigncan-
didateis analyzedfor resourceadditionor removal. A performancebottleneckexists if
resourceadditionor dilation to thecandidatedeliversa performanceimprovement.Simi-
larly, if resourceremoval or thinning reducesenergy dissipationsigni�cantly, it indicates
anenergy bottleneck.Our iterativealgorithmis termed'Stall CycleAnalysis' (SCA)andis
basedontheobservationthattotalexecutioncyclesof aprogramconsistsof cyclesusedfor
purecomputationandstall cyclesthatoccurdueto thepresenceof bottlenecks.Bottleneck
diagnosis(BD) associatesstall cyclesin thecompilationschedule(or simulator)to bottle-
necks(routability issues,insuf�cient parallelism,etc.) for performanceor energy. During
diagnosis,we investigatevarioussolutionsfor eachof thebottlenecks.A costmetricis as-
signedto eachsolution.Thecostmetricre�ects theimprovementsin performance,energy,
andcodegenerationcomplexity that thesolutionpotentiallypresents.In our framework,
this information is fed as input to the designselection(DSel) phase.The solutionwith



the lowestcostis selectedto generatethe next testarchitecture.This processis repeated
in an iterative mannerto arrive at near-optimal energy-performancedesignsfor different
constraints.

In the secondpartof thestudy, we evaluatethe effectivenessof explorationfor threeim-
portantapplicationdomains:facerecognition,speechrecognition,andwirelesstelephony.
Thesedomainsarefundamentallydifferentin theiraccess,control,andcomputationalchar-
acteristics[22, 19, 13] andpresenta diverseworkload[18, 8] to testthegeneralityof the
approach.Thekernelsemployedfor faceandspeechrecognitionaregeneralizedtechniques
for objectrecognitionandcanbeadaptedto performothervisualrecognitionapplications.
In additionto exploring thedesignspacefor thesedomains,wealsoevaluatetheimpactof
codegenerationin exploiting thearchitecturalfeaturesfor eachdesignin thesearchspace.
If compilationsupportis absentfor a unit, thesearchspacechangesandwe show that the
�nal designcandidatepossessesinferior energy-delaypropertieswith respectto theorigi-
naldesign.Thisdemonstratesthebene�tsof designingprogrammablehardwarefor certain
applicationdomains.In summary, themaincontributionsof ourstudyare:

� ExplorationSpace:This studyemploys SCA, a tool that exploresthe spaceof �ne
grainedprogrammableVLIW DSAs for diverseapplicationdomainsto deliver en-
ergy ef�cient soft-realtimeembeddedsystems.

� WorkloadStudies:Thereseemstobeaconsensusamongindustry[8] andacademia[16]
that recognitionis a critical workloadfor the future. To our knowledge,this is the
�rst studythatinvestigatestheautomationof DSAsfor faceandspeechrecognition.
This studyalsoemploys differentalgorithmsto performthe functionsof the same
kernel.For diversity, we alsoinvestigatethewirelesstelephony domain.

� PerDesignCodeGeneration:For eachinvestigateddesigncandidate,weperformop-
timizedcompilationandsection5 quanti�es theimpactof codegeneration.Results
demonstratetheadvantagesof exposingsophisticatedfunctionalunitsto thecompiler
andin designingprogrammablehardwareto caterto theneedsof theapplication.

A brief overview of our architecturalandcompilationmethodologyis presentedin sec-
tion 2. The explorationprocessis discussedin section3. The simulationmethodology
is presentedin section4. Designcasestudies,codegenerationevaluation,andsensitivity
analysisfollowsin section5. Relatedwork notalreadydiscussedcanbefoundin section6
followedby conclusionsin section7.



Figure2: ArchitecturalDesignTemplatefor Exploration

2 Framework Description

Theautomatedframework requirestwo majorcomponentsuponwhich theexplorational-
gorithmis implemented:simulationfor architecturaldesignandcompilation.Recentstud-
ies[20,22] haveshowcasedanarchitecturaldesignapproachthatemploysaprogrammable
'ASIC-lik e' back-endsupportedby a distributedmemoryfront-endto deliver the perfor-
manceandenergy requirementsfor embeddedfacerecognitionandspeechrecognition.In
thisstudy, designspaceexplorationis performed.Figure2showsatemplateof thearchitec-
ture.Thememorysystemconsistsof a loopunit, threedistributedSRAMs,andassociated
addressgeneratorunits (AGUs). A centralizedinterconnectis constructedfrom several
layersof multiplexersandconnectsthememorysystemandtheback-end.The back-end
is a clusterconsistingof a setof clock-gatedfunction units. A modi�ed trimarancom-
piler framework [5] is usedto generateoptimizedcodeandthesimulatorfor performance
analysis.

DSA DesignMethodology The memoryarchitecture[20, 22] of the DSA is designed
to supportthe dataaccess,communication,executionunit andcontrol characteristicsin
the applicationsuite. Speci�cally, our memorysystemconsistsof hardwaresupportfor
multiple loop contexts that are commonin the facerecognitionsuite. In addition, the
hardwareloop unit (HLU) [20] andAGUsprovide sophisticatedaddressingmodeswhich
increasestheeffective instructionscommittedpercycle (IPC) sincethey performaddress
calculationsin parallelwith executionunit operations.In combinationwith multiple dual-
bufferedSRAM memories,this resultsin very high memorybandwidthsuf�cient to feed



ApplicationDomain Memorysystem Back-end Interconnect EDP
(XScale)

FaceRecognition 3 8KB SRAMS,6 AGUs,3 HLU contexts 3 INT + 4 FPU+ 1 RF singlelevel 80x
SpeechRecognition 3 8KB SRAMS,6 AGUs,4 HLU contexts 4 INT + 4 FPU singlelevel 150x
WirelessTelephony 3 2KB SRAMS,1 4KB SRAM, 4 AGUs 8 INT two level 100x

Table1: Best manual design con�gurations for the three application domains (INT is integ er

functional unit and FPU is �oating point functional unit).

themultipleexecutionunits.TheHLU alsopermitsmoduloscheduling[24] of loopswhose
loopcountsarenotknownatcompiletimeandthisgreatlyreducescompilationcomplexity.

Thearchitecturalmodelis effectively a VLIW approachbut eachbit in our programword
directly correspondsto a binary valueon a physicalcontrolwire. This very �ne grained
approachwasinspiredby theRAW project[26]. Figure3 shows how programmablemul-
tiplexersallow functionunitsto belinkedinto 'ASIC-lik e' pipelineswhich persistaslong
asthey areneeded.The outputsof eachMUX stageandeachexecutionunit arestored
in pipelinedregisters. This allows valuelifetime andvaluemotion to be underprogram
control. Thecompilergeneratedmicrocodecontrolsdatasteering,clock gating(including
pipelineregisters),functionunit utilization,andsingle-cyclerecon�gurationof theaddress
generatorsassociatedwith theSRAM ports.In thecaseof frequency limitations,thenum-
berof interconnectlevelscanbeincreasedby employing anadditionallevel of multiplex-
ersandpipelinedregisters.Theoverall resultis aprogrammableDSA whoseenergy-delay
characteristicsapproachthat of an ASIC while retainingmost of the �e xibility of more
traditionalprogrammableprocessors.Figure1 illustratesthecompletesystemarchitecture.
Theheterogeneoussystemconsistsof a GPPthatexecutesthesequentialsetupcodewhile
the DSA performskernelacceleration.Studies[20, 13] have demonstratedthe effective-
nessof this approachfor recognitionandthewirelesstelephony domains.However, these
studiesrequiredthatthearchitecturesbemanuallyscheduledatthemachinelanguagelevel.
As a referencecomparisonto our explorationtechnique,table1 shows thecon�gurations
andtheenergy-delayproduct(EDP)ef�ciency (ascomparedto anIntel XScaleprocessor)
of thedesignsproposedin theabovestudiesfor eachof thethreeapplicationdomains.

From Trimaran to CoGenE Theapplicationsuiteis factoredinto sequentialcodethat
runson the GPPandstreamingcodein C, which servesasinput to our compilerframe-
work. TheTrimarancompiler(www.trimaran.org) wasthestartingpoint for thecompiler
development.It waschosensinceit allowsnew back-endextensions,andbecauseits native
machinemodelis closeto ourarchitecturalapproach.Theinfrastructureis �e xible enough
thateachstageof thebackendmaybereplacedor modi�ed to suitone'sneeds.Signi�cant
modi�cationswereneededto transformTrimaranfrom a traditionalcache-and-registerar-
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Figure3: FunctionalUnit Template

chitectureto meetthe needsof our �ne-grained cache-lessclusteredVLIW (Very Long
InstructionWord) approach.The resultis a compilerthat is parameterizedby a machine
description�le which speci�es: thenumberof clusters,thenumberandtypeof functional
units in eachcluster, thenumberof levelsof inter- andintra-clusterinterconnect,andthe
individual multiplexer con�gurations. We developeda new back-endcodegeneratorthat
is capableof generatingobjectcodefor thecoprocessorarchitecturedescribedby thear-
chitecturedescription�le. The codegeneratorincludesa modi�ed registerallocatorthat
performsallocationfor multiple distributedregister�les. Sincethecompilercontrolsthe
programmingof the multiplexersandthe livenessof the pipelineregisters,registerallo-
cationis inherentlytightly coupledwith interconnectscheduling.Hence,we introducea
separateinterconnectschedulingprocessafterregisterallocation.

Theprogramis effectivelyhorizontalmicrocodewhichrequiresthatall of thecontrolpoints
beconcurrentlyscheduledin spaceandtimetocreateef�cient, highlyparallelandpipelined
�o w patterns.To solve this problem,thecodegeneratoremploys integer linearprogram-
ming(ILP) basedinterconnect-awareschedulingtechniquesto mapthekernelsto theDSA.
Compilationtechniquesfor codeoptimizationarebasedon [3, 21, 22] andthesestudies
haveshown thatinterconnect-awareschedulingdeliverstheperformanceandenergy bene-
�ts of sucharchitectures.Theoverall back-endcompilation�o w is illustratedin 4. After
preliminarycontrol anddata�o w analysisis performed,we identify the inner most loop
andload the initiation interval into the HLU. After registerassignment,we performILP
basedinterconnectionschedulingfollowedby postpassschedulingto resolvecon�icts.
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Figure4: Compilation�o w employedin theframework

3 Stall CycleAnalysis (SCA)

The ideaof stall cycle analysisis basedon the observation that total executioncyclesof
a programconsistsof two parts: i) purecomputationcycles,whereuseful work is per-
formedby theprocessorin executingtheprogram,andii) stall cycles,representingunused
work andmanifestsitself asoverheadthat is detrimentalto performance/energy dissipa-
tion of the system. Stall cyclesoccurdueto many differentkinds of bottleneckswithin
thesystem.Quantifyingandanalyzingthesebottleneckscanhelp thesystemdesignerin
understandingtheoverheadsandin investigatingarchitecturedesignchoicesthat improve
theperformanceor energy dissipationof thesystem.Thisprocess,calledBottleneckDiag-
nosis(BD) classi�estheoverheadsin thesysteminto differentcategories.For eachof the
overheads,thetool walksthrougha list of potentialsolutions.To understandtheimpactof
apotentialsolution,thenotionof costis employed.In thisstudy, costis a functionof three
differentmetrics:performance,energy, andeaseof codegeneration.Thestudyin [10] em-
ploys a similar notionandcalculatesinteractioncostfor eventsandthegoalis to optimize
latency in super-scalarprocessors.In contrast,embeddedDSA designhasstringentcon-
straintson energy dissipationandeaseof codegeneration.Hence,in our study, we assign
a costbasedon thethreemetrics.Theoutputof BD is usedby thedesignselection(DSel)
phaseto selecta particularcandidatesolution. Our framework providesresourcedilation
or thinningassolutionsto bottlenecks.After a low costsolutionis selected,we compile
andevaluatethenew testarchitecture.To reducethecomplexity of exploring thecomplete
designspace,DSel breaksdown thesearchspaceinto threesubsystemsin eachiteration:
memorysystem,back-endsystem,andinterconnectionnetwork.

3.1 BottleneckDiagnosis(BD)

To aid the processof overheadclassi�cationandquanti�cation, we collect the following
availablestatisticsabouttheapplicationsuiteusingthecompilerandthesimulator.



� Functionunit utilization rate: Thefractionof total executioncyclesin which a par-
ticular functionunit is utilized.

� Register�le userate: Thefractionof total executioncyclesin which thecentralized
register �le is utilized. For speechrecognition,the presenceof a scratchmemory
replacestheregister�le.

� Functionunit contention: The fraction of cycles in which instructionexecutionis
delayeddueto lackof functionalunit resources.

� Interconnectcontention: Thefractionof cyclesin which contentionfor interconnect
createsbandwidthstarvation. This canbe quanti�ed by observingthe multiplexer
utilization ratesduringthepostpassschedulingphaseof compilation.

� SRAMmissrate: This simulationmonitoredmetriccollectshit ratestatisticsfor the
inputandoutputSRAMs.

� AGU utilization rate: Fractionof cycles for which the addressgeneratorunits are
employed.

� Total executiontime: Totalexecutiontime in cyclesfor completionof theprogram

� Total energydissipation: Totalenergy dissipatedin executingtheprogrammeasured
usingthemethodologyin [2, 23].

The above statisticsareusedto classifythe differentcategoriesof overheadsthat leadto
stall cyclesin a givenarchitecture.The major bottlenecksthat aredetrimentalto perfor-
manceor energy are:

� Back-endStarvation: This bottleneckarisesdueto the inability of thememorysys-
tem to ef�ciently deliver datato the back-end. A high SRAM miss ratecanbe a
majorperformancebottleneck.

� SRAM Port Contention:Contentionin the portsmay lead to back-endstarvation.
This is commonin applicationswith multiple loopcontexts.

� Insuf�cient Parallelismin Hardware: This bottleneckarisesbecausetherearemore
independentinstructionsthatcanbeissuedwithin a cycle. This will beobservedas
veryhigh functionunit andinterconnectcontention.

� Unit Starvation: An increasein the numberof function units may lead to under-
utilizationandmaybeanenergy bottleneck.



� Routability: Cyclesmaybewasteddueto thelack of a routebetweenproducerand
consumer. This will necessitatestoringthevaluein eithera pipelinedregisteror the
centralizedregister�le andis both a performanceandenergy bottleneck.This can
beobservedby veryhighcontentionontheinterconnect(�gure 3). Thesolutionis to
eitherincreasethewidth of themultiplexer which may leadto operatingfrequency
issuesor to increasethe numberof interconnectlevelsbetweentwo functionunits.
Dueto frequency limitations,thismayincuranadditionalcycle for datatransferand
thevaluemaybestoredin apipelinedregister.

BD employsprogramstatisticsto measurethedifferentsourcesof overheadin a testarchi-
tecture.In thesecondpartof BD, thetool associatesmany potentialsolutionsto eachof the
overheads.To facilitatedesignselection,a total costis associatedto eachof thepotential
solutions.

AssociatingCost Sinceeachof theoverheadscanbesolvedby applyingdifferenttech-
niques,we needto associatea costto eachof thesolutionsandthenselectthelowestcost
solution.Thecostsarebasedonperformance,energy, andcodegenerationcomplexity. The
framework is built suchthattheuseris promptedfor thethreecostsfor eachfunctionunit
in thelibrary. Thetotal costof employing a unit is theweightedsumof thethreemetrics.
Assigningweightsto eachof themetricscanleadto many interestingsearchspacesandis
thesubjectof futurestudy. We associatea booleancostfor eachof themetricsandequal
importanceis givento eachof themetrics.If theincreasein sizeor numberof a particular
unit deliversansigni�cant improvementin performancethentheunit is designatedwith a
low costfor performance,andvice versa.For energy or codegenerationcomplexity, we
assigna high costif theunit signi�cantly increasesenergy or compilationcomplexity. In
caseswherethe impact is not clear, we assigna high cost. Examplesof suchcasesare
dilation in interconnectlevelsanddatawidth. We illustratehow costsareassignedusing
the examplesof a HLU anda register �le. For applicationswith multiple loop contexts,
theHLU [20] automaticallyupdatestheloopindicesfor all theloopcontextsandgenerates
indicesfor the AGU to performaddresscalculations. The HLU containsits own stack,
registers,andadderunits. The additionof a HLU hasthe potentialto deliver very high
performancewhile incurring a commensurateincreasein energy dissipation.It alsopro-
videshardwaresupportfor moduloschedulingof loopswhoseindicesarenot known at
compiletime. This reducescodegenerationcomplexity. Hence,we assigntheunit a low
performancecost(0), highenergy cost(1), anda low codegenerationcost(0).Theregister
�le is usedmoreasa temporaryplaceholderfor datain the event of routing dif�culties.
Studies[22, 20] have shown that the availability of a register�le reducesthe problemof
schedulingover the centralizedinterconnectandreducespressureon the scratchSRAM.
Thus,it is assigneda high performancecost,high energy cost,anda low codegeneration



cost. Table 2 shows the explorationspaceandthe variouscostsfor eachfunctionalunit
in the library. Whenthereis a tie betweentwo functionswith thesamecost,dependency
takesprecedence.For example,AGUsarerequiredfor ef�cient operationof HLUs andso,
SCA exploresAGUsbeforeHLUs.

3.2 DesignSelection(DSel)

The processof designselectioncouldchoosethe next testarchitectureby eitheralleviat-
ing all bottlenecksin onestepor by alleviating thebiggestbottleneckin eachiteration.We
choosetochangeonearchitecturalfeatureatatime. Makingtoomany changescanleadtoa
feedbackloopwheretheexplorationalgorithmis stuckin a localminima.To prunethede-
signspaceef�ciently , thesearchis donealongthreedifferentsubsystems.We �rst employ
solutionsthat canoptimize the memorysubsystemfollowed by the executionback-end.
The interconnectsubsystemis thenoptimized. Thesethreestepsconstituteoneiteration
and this processis repeatedcontinuouslyuntil we arrive at a setof energy-performance
near-optimal designs. Suchan iteration processalso accountsfor complex interactions
acrossthe differentsubsystems.The initial startingpoint employs a memorysubsystem
with aoneKB input,scratch,andoutputSRAM with oneAGU for eachSRAM. Webegin
with a two way executionback-endconsistingof oneintegerandone�oating point func-
tional unit. Theprocessof designselectioncanbeeasilyunderstoodusingtheViola face
detectionkernel.

High SRAM missratescauseback-endstarvation initially. Although differentsolutions
(addingHLUs, AGUs,increasingports)canbeemployed,weemploy thelow costsolution
of an increasein thesizeof the input andoutputSRAMs. For a furthermarginal perfor-
manceimprovementandincreasedenergy dissipation,the choiceis to reducetheir sizes
for greaterenergy savingsat minimal/noperformanceloss.Themarginal performancein-
creaseoccursdueto thefactthatcomputationsin multi-level loopsentailcomplex indirect
accesses(Example:Z [i ] = Z [i � 1] +

P m
j =0 X [j ] � Y [W[j ]]). In suchcases,loop vari-

ableaccessescompetewith the arraydataaccessesanddegradesperformance.SCA has
thechoiceof employing HLUs or AGUsasthey have similar overall cost. Due to prece-
dence,SCAproceedswith theadditionof AGUsbeforeaHLU is employed.Increasingthe
numberof contexts increasesthearea,complexity, andpower dissipationwhile providing
minimal performanceimprovements.SCA, therefore,attemptsto keepthis numberto a
minimum.

During designspaceexploration,we observe a high contentionon thefunctionunits. Re-
sourcecontentionoccursinitially becausetheinitial testarchitectureconsistsof onefunc-



Component Range Performance Energy 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
Hardwareloopunit contexts 1, 2, 3, 4, 5 0 1 0 1

AGUs 1-8perSRAM 0 0 1 1
Register®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, adder, etc. - - - -

Functionalunit number 1-8 0 1 0 1
InterconnectWidth 2-5 0 1 1 2
Interconnectlevels 1-3 1 1 1 3

Table2: Design space and cost for each functional unit variab le

tional unit of eachtype. Thosefunction units with high utilization and contentionare
dilatedby onefor eachtype. An increasein thenumberof functionalunitsentailsan in-
creasein thelengthof theVLIW worddueto thenatureof thearchitectureandthis further
increasespower dissipationin theinstructioncacheandinterconnect.Theregister�le use
rate and interconnectutilization metricsare employed to increase/decreasethe size and
numberof register �les. Resourcecontentionon the associatedfunction units is a very
goodindicatorof routability issues.In the �rst step,we increasethe width of the multi-
plexerwhile makingsurethefrequency targetis met. In theadventof a frequency con�ict,
we addan additionalcycle by introducinga pipelinedregister. This increasescompila-
tion complexity andmay leadto infeasibleschedulesin somecases.In suchevents,the
algorithmreturnsto thepreviousdesignpoint.

3.3 SCA Exploration Algorithm

TheSCA algorithmemploys BD andDSel to explorethedesignspacefor differentappli-
cationdomains.Initially, thesolutionsetsfor eachof thesubsystemsconsistof instances
of all unitsnotusedfor exploration.Thestepsinvolvedin theprocessare:

1. ProgramStatistics: Initialize solutionset. Collectprogramstatisticsto measurethe
variouscategoriesof bottlenecksduringcompilationandsimulation.

2. MemoryOptimization: A high back-endstarvation indicatesthe needfor memory
optimizations.Begin by addingunit with lowestcostfrom thesolutionset.Remove



item from solutionset.Observeuseratemetricfor unit. For signi�cant performance
improvements,dilate resourcefurther. For signi�cant energy increase,employ re-
sourcethinning. For marginal performanceimprovements,move to thenext unit in
thesolutionset.Compileandsimulatenext testdesign.

3. ExecutionBack-endOptimization: High functionalunit contentionindicatestheneed
for back-endoptimizations.Dilateor thin asneeded.Compileandsimulatenext test
design.

4. InterconnectOptimization: High interconnectutilization andcontentionfor unitsor
SRAMsindicatetheneedfor dilationor thinningasrequired.Compileandsimulate
next testdesign.Whenthesolutionsetis empty, gobackto step1.

The iterationsare repeateduntil we arrive at a set of energy-performancenear-optimal
designs.In caseswherethealgorithmcannotprovideafeasibledesign,theBD tool returns
to thelastiteration.

4 Methodology

The effect of compilationcanbe analyzedwith the cycle-accuratesimulatorand it esti-
matespower usinghigh level parameterizablepower models.Our power models(90 nm
node)employ analyticalmodelsfrom Wattch[2] for all predictablestructuresandempiri-
cal modelssimilar to [23] for complex structureslike thehardwareloop unit (HLU). Our
areaestimatesareobtainedfrom SynopsysMCL anddesigncompilerscaledto 90 nm.

Benchmarksand Evaluation Our benchmarksuite,shown in table 3 consistsof seven
kernelsfrom facerecognition,threekernelsfrom speechrecognition,andsix kernelsfrom
wirelesstelephony domains.Thefacerecognitionkernelsconstitutethedifferentcompo-
nentsin acompletefacerecognitionapplication.To increasetherobustnessof thestudy, we
employ two fundamentallydifferentfacerecognitionalgorithms.TheEBGM algorithmis
morecomputationallyintensiveascomparedto thePCA/LDA recognitionscheme.All the
facerecognitionkernelswereobtainedfrom theCSUfacerecognitionsuite[7]. Thespeech
recognitionapplicationconsistsof threephasesthat contribute to 99% of total execution
time: preprocessing,HMM, andthe Gaussianphase[19]. The kernelsfrom the wireless
domainincludepredominantoperationslikematrix multiplication,dot productevaluation,
determiningmaximumelementin a vector, decodingoperationslike rake andturbo, and
theFIR application.



Benchmarks Description
FaceRecognition

FleshToning pre-processingfor identifying skin tonedpixels
Erode First phasein imagesegmentation
Dilate Secondphasein imagesegmentation

Viola Detection Identi®esimagelocationlikely to containa face
EyeLocation Processof locatingeyepixelsin a face

EBGM recognition Graphbasedcomputationallyintensivematching
PCA/LDA recognition Holistic facematching
SpeechRecognition

Preprocessing Normalizationfor furtherprocessing
HMM HiddenMarkov Model for searchingthelanguagespace
GAU Gaussianprobabilityestimationfor acousticmodelevaluation

WirelessTelephony
Vecmax Maximumof a 128elementvector
matmult Matrix multiplicationoperation(integer)

dotp square Squareof thedotproductof two vectors
Rake Receiving processin a wirelesscommunicationsystem
Turbo decodingreceivedencodedvectors
FIR Finite Impulseresponse®ltering

Table3: Benc hmarks and Description

A robustexplorationalgorithmprunesthesearchspaceef�ciently andevaluateseachde-
sign candidate.We employ pruningandtotal exploration time to evaluatethe effective-
nessof exploration.To effectively comparetheperformanceof differentarchitectures,we
employ throughput(numberof input framesprocessedper second)andenergy (mJ/input)
as the performanceandenergy metricsrespectively. As recommendedby Gonzalezand
Horowitz [11], theenergy-delayproductmetricis usedto comparetheef�ciency of differ-
ent processors.For eachdomain,we identify a setof feasiblecandidatesthat satisfythe
minimum requiredperformanceandthe maximumallowableenergy budgets. Thesede-
signsaretheninvestigatedfor threedifferentconstraints:minimumarea,bestenergy-delay
product,andhighestperformance.Theresultingdesignchoicesarecomparedagainstthe
bestmanualdesignfrom previousstudies([22, 19, 14] andalsoto theIntel XScaleproces-
sor[4].

For eachdesign,thecompilergeneratesoptimizedcodeby exploiting thecapabilitiesof the
new addedfunctionalunit. Ideally, theimpactof codegenerationcanbeestimatedby mea-
suringthechangein thesearchspaceandthenew �nal designcandidatein theabsenceof
compilationcapabilityfor thatnew functionalunit. A comparisonof energy-performance
of thenew andoriginal designcandidatewill alsohelp in estimatingtherelative meritsor
demeritsof castingsoftwarefunctionsinto specializedhardware.
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Figure5: SCA appliedto facerecognition

5 Results

5.1 CASE STUDY I: Ar chitecture for EmbeddedFaceRecognition

Figures5 and6 shows thedesignpointsexploredby SCA for thesevenbenchmarksin the
facerecognitionsuite.It showsthethroughputandenergy dissipationfor eachof thedesign
points. We startwith the initial designpoint (2 way VLIW with 1 KB input andoutput
SRAMs, 1 AGU/SRAM, No HLU) and observe that its throughputis about� ves times
slower thana realtime performanceof 5 frames/sec.Theminimumrealtime performance
is shown by the vertical line normalizedto 1 andall points to the left of the line do not
meetthe performancerequirementsnecessaryfor real time facerecognition. As per the
optimizationalgorithm, the memorysubsystemis optimized�rst andSCA successively
increasesthesizeof theinput andoutputSRAMSto 8 KB with up to 2 AGUs/SRAM.At
this point, throughputstartsto saturateandthis is indicatedby a low missrateandvery
high utilization on AGUsandtheinterconnect.SCA theninvestigatestheeffectivenessof
a HLU andsuccessively increasesthenumberof contexts to improve performance.Once
memoryoptimization is complete,SCA then dilatesresourcesin the back-endand we
observe signi�cant increasesin performance.A con�guration with a 6-way VLIW back-
end(3 INT + 3 FPU) achievesthe minimum requiredperformancefor facerecognition.
All designpoints to the right of this con�guration meetthe performancedemands,and
SCA investigatesthesedesignsfor energy requirements.The horizontalline shows the
maximumallowableenergy budgetthat is oneorder of magnitudeenergy improvement
over theenergy ef�cient XScaleprocessor. All designsbelow this envelopethatmeetthe
requiredperformancebelongto the 'quadrantof feasibleor acceptabledesigns'. SCA
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Figure6: Energy-Delayproductcomparisonsfor performance-energy designs

furtherdilatestheback-endby employing a centralizedregister�le andby increasingthe
sizeof thescratchmemoryandthis enablesef�cient compilation.Any further increasein
resourcesexceedstheenergy envelope.

Comparison to BestManual Design Previousstudies[19, 22] have investigateda face
recognitionDSA thatwasoptimizedfor energy-delayproduct.Thecon�guration(three8
KB SRAMs,with 3 HLU contexts, anda 8 way VLIW (3 INT + 4 FPU+ 1 register�le))
wasshown to be1.65timesfasterthantheminimumrequiredreal time performanceand
deliveredanenergy improvementof 10x ascomparedto theembeddedXScaleprocessor.
The plots show that SCA exploresthis designpoint in the feasiblespace. The energy-
delayplotsdemonstratethatthearchitecturewasdesignedfor closetooptimalenergy-delay
characteristics. SCA demonstratesthata similar con�guration but with a smallerscratch
SRAM (4 KB) andanadditionalintegerunit (Table4) deliversa 4% energy improvement
anda marginal energy-delayproductimprovementover themanualdesign.While manual
designis very effective in identifying closeto optimalpoints,this studydemonstratesthat
anintelligentexplorationalgorithmwhich searchesa wider designspaceis morerobustin
identifyingnearoptimaldesigns.

Due to the rapid convergenceof exploration, SCA investigatesfewer than forty design
pointsfrom adesignspaceof aboutathousandpointsandthetotal timefor arriving atthese
feasibledesignsis 215minutesona1.6GHzAMD Athlon PC.Combinedwith acompiler
that generatesoptimizedcodefor the facerecognitionDSA, our framework signi�cantly
reducesdesignertime.
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Figure7: Throughputcomparisonfor performance-energy designs

Quadrant of FeasibleDesigns SCA selectsacceptabledesignsandwe investigatethese
designsfor minimumenergy-delayproduct,minimumareaor maximumperformance.Fig-
ures6,8,and7 show theenergy-delayproduct,energy, andthroughputplottedasafunction
of area.Dependingon whethertheapplicationis for low power or high performanceem-
beddedsystems,designerscanchoose:

� Minimumarea design: Figures7 and8 show that the con�guration with a 6 way
VLIW back-endbarelymeetstheperformancerequirementandoccupiesminimum
area.It is approximately75%smallerthanthedesignwith highestperformance.

� Minimumenergy-delayproductdesign: Thecon�gurationwith a9 wayVLIW back-
enddeliversthebestenergy-delayproductandis marginally betterthanthemanually
designedsystem.

� Maximumperformance: A con�guration with an 11 way VLIW back-enddelivers
thebestperformanceandis approximately50%fasterthanthedesignwith minimum
area.

5.2 CASESTUDY II: Ar chitecturefor EmbeddedSpeechRecognition

Table4 showstheDSA con�gurationsfor minimumarea,minimumenergy-delayproduct,
andmaximumperformanceafter selectingthe setof feasibledesignsfrom the complete
space.Weobservethatthecon�gurationwith minimumareareducesenergy dissipationby
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Figure8: Energy comparisonsfor performance-energy designs

44%comparedto thebestmanualdesign[19]. Similarly, thecon�gurationwith thehighest
performancedeliversa performanceimprovementof 38%whencomparedto the manual
designpoint.

Themanuallydesignedarchitecturewasoptimizedfor energy-delayproductandacompar-
ison to thebestenergy-delaydesignfrom SCA is only 5% worse.This canbeattributed
to: i) Theoriginaldesignwashand-scheduledandthewidth of themultiplexerswerelarger
thanthatallowedin thedesignspaceii) The framework strictly allows a width thatobeys
frequency targetsandhence,thisparticulardesignis notexploredby our framework. Nev-
ertheless,SCAidenti�es acomparabledesignandthiscontributesto asigni�cant reduction
in designertime.

5.3 CASE STUDY III: A Clustered Ar chitecture for Wir elessTele-
phony

Wirelesstelephony benchmarkstypically usea 16-bit integer data-path.While SCA can
be employed to searchfor differentwidth datapaths,the casestudiesof faceandspeech
recognitionrequired32 bit datapathsandexplorationalong this dimensionwasnot re-
quired. Nevertheless,SCA searchesthe spacefor datawidth andthins resourcesin such
cases.To facilitatecomparisonagainstthemanualdesignsfrom [13, 14], wecompareonly
theenergy-delayproductimprovementovertheXScaleprocessor. All designsarefrom the
feasiblespaceandmeettheminimumperformancerequirement.Thearchitecturefor wire-
lesstelephony is signi�cantly differentfrom thosefor therecognitionalgorithms.Support
for hardwareloopsarenot necessaryin this caseandwhile SCA investigatesa con�gura-



Design Memory Scratch AGUs HLU INT FP RF Mux Throughput Energy
Point SRAM (KB) SRAM (KB) contexts units units levels frames/sec (mj/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

Telephony
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(1) two - -

Table4: Best con�gurations for diff erent constraints, thr oughput, and energy comparisons

for diff erent targets



tion with aHLU, noperformanceimprovementsareobserved.Anothermajordifferenceis
the presenceof multiple register�les anda two level interconnect,leadingto a clustered
back-end.Eachregister�le supportsa few integerunitsandwhile SCA doesnot perform
clusteringdirectly, the introductionof a secondlevel interconnectacrossthe functional
unitsprovidesthis functionality.

InvestigatingClustered Designs Thedesigncon�gurationwith minimumareais a sin-
gle clustermachinethat barelymeetsthe performancerequirements.While the current
con�guration is balancedin termsof datathroughputacrossmemoryand the back-end,
thereis moreavailableparallelismin theapplicationspace.Dilation in SRAM sizeandthe
back-endcouldextract theparallelism.SCA employs dilation andselectsa con�guration
thatmatchestheperformanceof themanualdesign [14] at lower energy dissipation.This
candidatepossessesthebestenergy-delaycharacteristicsandprovidesa17%improvement
over themanualdesign.Furtherdilation increasespressureon the interconnectandSCA
observesdiminishingreturnsin performance.SCAdilatesinterconnectwidth until thefre-
quency limits aremet.Beyondthat,theintroductionof amulti-level interconnectfacilitates
clusteringandallows for dilation in back-endfunctionalunits. Thedesignwith maximum
performanceconsistsof a threelevel interconnectandsupportsasmany assixteeninteger
unitsandfour register�les. Clusteringincreasesthesearchspaceandmakesit dif�cult to
manuallyidentify themostoptimaldesigns.This makesa casefor tools thatexplore the
designspaceautomatically.

5.4 Impact of Per DesignCodeGeneration

As opposedto previousstudies[17] thatdo not considertheimpactof micro-architectural
changeson codegeneration,our studygeneratesoptimizedcodefor eachof thekernelsin
thesuiteandhenceguaranteescompilationfor everydesigncandidate.The�nal setof de-
signcandidateschosenrepresenta synergy betweencompilationandarchitecturaldesign.
It alsoguaranteesoptimizedcompilationfor thedomain.To evaluatethebene�t/demeritof
per designcodegeneration,we evaluatetwo interestingscenariosfor which the presence
of aparticularfunctionalunit deliverssigni�cant performanceandenergy improvements.

In the �rst scenario,we evaluatea facerecognitioncasestudy wherecompiler support
is disabledfor a HLU. In the absenceof a HLU, SCA movesto optimize the back-end
andsuccessively increasesthe numberof integer units andthe sizeof the register �le in
the back-end.After performancesaturation,it optimizesthe front endandincreasesthe
sizeof theSRAMsandobservesa performanceimprovement.Due to theabsenceof the



HLU, theoptimizationalgorithmsuccessively increasesmemorysizeandintegerunits to
accountfor loop computations,storage,andadditionalinterconnectbandwidth.Theextra
computationsalso introducethe problemof port saturation. We have a different set of
feasiblecandidatesin this new search.Thecandidatewith thebestenergy-delayproduct
(shown asNo HLU in table4) meetsthe performancebudget,but is 30% slower while
dissipating35%moreenergy.

In the secondscenario,we limit the numberof interconnectlevels in the framework for
the wirelesstelephony domain. SCA identi�es a differentcon�guration that deliversthe
performanceandtheenergy requirementsfor thedomain.Nevertheless,this con�guration
degradesenergy-delayproductby 44.3%with respectto the original con�guration with
thebestenergy-delayproduct. Multiple interconnectlevels reducecongestionfor dataat
theinterconnectandhence,deliversperformanceandenergy advantagesfor thisparticular
domain.It shouldbenotedthat imposingthis limitation on theothertwo domainsdoesn't
affect thesearchresults.Theabovescenariosshow theimportanceof perdesigncodegen-
erationanddemonstratethebene�tsof castingdomainspeci�c functionsin programmable
hardware.

5.5 Sensitivity Analysis: SCA Robustness

An interestingoption is to evaluatethe robustnessof SCA in designinga singleDSA for
all 16 benchmarks.While convergencewasslow, SCA arrivedat a energy-delayoptimal
designfor all threeapplications.Thecon�gurationis a 12wayVLIW machine(8 INT + 4
FPU)with acentralizedregister�le supportedby awell provisionedmemorysystem(two 8
KB SRAMSfor inputandoutput, one8 KB scratchSRAM,6 AGUs,HLU with threeloop
contexts,two level interconnect).SCAlimited thedesignspaceto aroundahundreddesign
pointsin about7 hourson the1.6GHz Athlon system.Whencomparedto anarchitecture
for onedomain,thisdesignconsumesmoreenergy but is capableof deliveringtherealtime
performancefor all threeapplications.

SinceSCA combinescompilationandsimulation,investigatingmany designsfor a suite
of benchmarksis a time consumingprocessand is slow comparedto purely analytical
methods.On theotherhand,designspacepruningis veryef�cient. Evenin thethecaseof
asingleDSA for all threedomains,SCA investigatesaroundahundreddesignpointsfrom
a designspaceof at least3000points. Total explorationtime was183minutesfor speech
recognition,215minutesfor facerecognition,and85minutesfor wirelesstelephony. When
comparedto monthsto manuallyinvestigatea singledesign,this is a signi�cant reduction
in explorationtimegiventhecomplexity andnumberof kernels.



A goodexplorationalgorithmworks independentof thechoiceof initial testarchitecture.
To testthe independenceof SCA, we chosetwo startingdesignpoints: onethatexceeded
the energy enveloperequiredfor embeddedapplications,andanotherpoint that is in the
middleof thefeasiblespace.For the�rst testpoint,SCA performsexplorationby succes-
sively removing architecturalresourcesandconvergedto thefeasiblespacein tens(� 20)of
iterations.For thesecondtestpoint,SCA discoveredall thefeasibledesignpointsby suc-
cessiveadditionof resources.Oncethedesignexceedstheenergy envelope,SCAprovides
thedesignerwith thosedesigns.SCArestartsat theinitial testpointandperformsthinning
to discover the remainingdesignpoints. In both thesetests,convergenceto the feasible
spaceis suf�ciently fastanddeliveredthe samedesignsfor the facerecognitionandthe
wirelesstelephony domains.In thecaseof speechrecognition,thetestsleadto similar but
not exactly thesamecon�gurations.Thedifferencewasin thesizeof theregister�le and
thisdelivereda marginalenergy-delayproductdifferenceof lessthan2%. Thiswasdueto
thecompiler's ability to generateslightly differentschedulesfor thetwo candidates.SCA
precludesoccurrencesof a local minimumdueto theinvestigationof variousarchitectural
solutionsfor abottleneck.

6 RelatedWork

Grunetal. [12] explorememoryandinterconnectdesignsacrossmemoryandtheCPU.In
additionto the memoryandinterconnectsubsystems,our approachalsoexploresvarious
back-endcon�gurations. Crovella et al. [6] employed the ideaof lost cyclesanalysisfor
predictingthesourceof overheadsin a parallelprogram.They employ thetool to analyze
performancetrade-offs amongparallelimplementationsof 2D FFT. Ouralgorithmexplores
many designpointsin thearchitecturespacefor diverseapplicationdomains.Otherstud-
ies [15] have exploredmachinelearningbasedmodelingfor designspacesandthis could
potentiallyreplacethesimulatoremployedin ourstudy. In contrast,our tool automatically
searchesthedesignspaceto arrive atoptimaldesignpointsfor varyingconstraints.Statis-
tical simulationtechniques[9] reducethenumberof instructionsthatasimulatorexecutes,
therebyreducingdesignoptimizationtime.

7 Conclusionsand Futur eWork

Futurecomputingdeviceswill likely integratespecialpurposeprocessorsonasingledieto
achieve betterperformanceandenergy ef�ciency. Thesedeviceswill executenicheappli-



cationdomainslike speechrecognition,facerecognition,etc. As applicationsevolve, the
architectureneedsto adaptin a seamlessmannerto changesin theapplication.This study
investigatestheautomateddesignof programmable'ASIC-lik e' architecturesfor suchap-
plicationdomains.An explorationalgorithmbasedon SCA exploresthedesignspaceof
sucharchitecturesand arrives at performance-energy nearoptimal designsfor different
constraints.We have demonstratedtherobustnessof theSCA algorithmin exploiting op-
timized codegenerationandin reducinguserdesigntime, error probability, etc.,andby
designingsystemsfor threeincreasinglyimportantapplicationdomains.As partof future
work, we intendto extendtheframework to designDSAsfor two applicationdomainsthat
arebecomingimportant:ray tracingand�nance modeling.Currently, thegrain-sizeof the
back-endexecutionunits is at too large,e.g.,Integerand�oating point units. We plan to
investigatea �ner grainsizein executionunits.
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