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Abstract

Needsfor performanceon embeddedapplicationswill
leadto theuseof dynamicexecutionon embeddedproces-
sors in thenext few years. However, completeout-of-order
superscalarcoresarestill expensivein termsof siliconarea
andpowerdissipation.In this paper, westudytheadequa-
tion of a more limited form of dynamicexecution,namely
decoupledarchitecture, to embeddedapplications.

Decoupledarchitecture is knownto workveryef�ciently
whenevertheexecutiondoesnotsuffer frominter-processor
dependenciescausingsomelossof decoupling, calledLOD
events.In thisstudy, weaddressregularity of codesin terms
of the LOD eventsthat may occur. We addressthree as-
pectsof regularity: control regularity, control/memoryde-
pendency, andpatternsof referencingmemorydata. Most
of thekernelsin MiBench will beamenableto ef�cient per-
formanceona decoupledarchitecture.

Keywords: embeddedprocessors, decoupledarchitec-
ture, embeddedbenchmarks, MiBench, code regularity,
workloadcharacterization,lossof decoupling.

1. Intr oduction

Needsof embeddedapplicationsin termsof performance
and programming�e xibility increasein parallel with in-
tegration possibilities. Thus processorsusedfor embed-
ded applications(automobile,telephone,set-topboxes...)
areincreasinglyusedasboth micro-controllersandDSPs.
Theirclock frequencies- evenif they remainbeingsetback
comparedto general-purposeprocessors- imposeto resort
to architecturaltechniqueswhichwerereservedup todayto
high performanceprocessors:cachememories,instruction
parallelism,verystronglypipelinedexecution...

However, dif�culties relatedto conceptionandcompila-
tion for embeddedprocessorsslightly differ from thoseof
general-purposeprocessors.While performanceis theprin-
ciplecriterionfor general-purposeprocessors,differentcri-
terionsmustalsobe consideredfor embeddedprocessors:

cost, power consumption,and performancepredictability.
Thus,upto now mostembeddedprocessorsexecuteinstruc-
tionsin orderanduseno,or few, speculativeand/orout-of-
order execution. Using dynamicexecutionmakesperfor-
manceof embeddedprocessorslesspredictableand tends
to consumemorepower.

Even so, embeddedapplicationsare becomingmore
complex and their dynamicbehavior may vary according
to input stimuli and responsetime. In particular, static
schedulingof controlsectionsmay limit performance.Us-
ing thecompleteout-of-orderexecutionimplementationon
modernsuperscalarprocessorsmay resulton a signi�cant
bene�t for embeddedapplications.Theoverallobjectiveof
this studyis to show that morelimited dynamicexecution
suchastheoneencounteredin decoupledarchitecturemay
be suf�cient for many embeddedapplications,and there-
fore maybemorecosteffective thanusingthesuperscalar
architecture.

Dynamic instruction schedulingresolves control and
datadependenciesat runtime. Decouplingis an optimiza-
tion techniquefor high-performancecomputerarchitectures
[4] thatis averypowerful techniquefor minimizingtheim-
pactof memorylatency, andis applicableto a wide range
of applications.So, in this paperwe aim to understandthe
behavior of embeddedapplicationson a decoupledarchi-
tectureandaddressaspectsandconstraintsto designanef-
fectiveembeddeddecoupledprocessor.

Decoupledarchitecture(Figure 1) attainshigh perfor-
manceif its “processors”executein a fully decoupledway,
i.e. with a suf�cient slip betweenthem. Loss of decou-
pling (LOD) betweenprocessorsconstitutesthe principal
causeof executionpenalty. The lossof decouplingoccurs
when inter-processordependenciesinterferewith the de-
coupledexecution.Regularapplicationshave goodbehav-
ior ondecoupledarchitecture:decouplingis evidentandno
occurrenceof inter-processordependency thatrisksto break
down thepipelineof decoupling.In this study, we analyze
the characteristicsof a wide spectrumof embeddedappli-
cationsandaddressregularityof codesin termsof theLOD
eventsthat may occur. We addressthreeaspectsof regu-



Figure 1. Access and contr ol decoupled architec-
ture .

larity: control regularity, control/memorydependency, and
patternsof referencingmemorydata.

Theworkloadevaluationis performedon MiBenchem-
beddedbenchmarksuites[1]. We usecalvin2+DICEsim-
ulator[2] to analyzethesebenchmarksandextract features
thatwill directarchitecturaldecisionsto take, in thefuture
stepsof design.Webaseourstudyontheaccessandcontrol
decoupledprocessormodelproposedin [4].

The workloadevaluationshows that mostof kernelsin
MiBench may be amenableto ef�cient performanceon a
decoupledarchitecture.However, thestudyof control �o w
regularityshowsthatonfew applications,mispredictedcon-
ditional branchescausedby somecontrol/memorydepen-
denciesarequitefrequent,andthis mayresultin poorper-
formancedueto lossof decoupling.

The remainderof this paperis organizedasfollows. In
Section2, we describedecoupledarchitecturemodel ad-
dressedby ourstudy. Section3 presentsthevariousaspects
of regularityweaddressin codesandtheassociatedmetrics
we use. Section4 provides the evaluationsanddiscusses
theresultsweobtain.Section5 summarizestheconclusions
andpresentsdirectionsfor our futurework.

2. DecoupledAr chitecture

Decoupling is an optimization technique for high-
performancecomputerarchitectures. It is a very power-
ful techniquefor minimizingtheimpactof memorylatency,
andis applicableto awiderangeof programs.For instance,
mediaapplicationsasbeingverystructuredandregularand
lendthemselveswell to thedecouplingconcept[8].

ZS-1 [6], PIPE[9], andWM [7] constitutethe �rst de-

coupledaccess/executearchitectures,which are �ne-grain
processorsseekingto maximizeperformanceby dividing
a given programinto two separateinstructionstreams,the
AccessstreamandtheExecutestream,andexecutingthem
on two independentcooperatingprocesses,thememoryac-
cessprocessandthecomputation(or execute)process.This
allowsexploiting parallelismbetweenthetwo streams.The
accessstreamconsistof thoseinstructionsinvolvedin gen-
eratingmemoryaccesses,sothemovingof datato andfrom
memory. Theexecutestreamconsistsof thoseinstructions
thatperformsomeoperationson thatdata.

In thesearchitectures,the addressesfor memoryrefer-
encesare generatedin advanceof the executionof data-
relatedinstructions. This meansthat memoryreadopera-
tionscanbeinitiatedmany cyclesbeforethereaddatais re-
quiredfor execution,andthelatency of mainmemoryread
operations(or cacheoperations)canbehidden.Thismeans
that thereis a suf�cient slip betweenthe two processors,
andthat executeprocessorwill not stall waiting for mem-
ory data.Consequently, if theprocessorrunningtheaccess
streamis ableto initiate, suf�ciently in advance,load op-
erations,then it can get aheadof the executestreamand
thepenaltydueto long memorylatency will bereducedor
eliminated.

Bird etal. haveintroduced,in [4], thecontroldecoupling
concept– afurthertechniquefor increasingperformance,to
maximizetheuseof mainmemorybandwidthin an imple-
mentation,byexploringthecontrol-�ow graphof aprogram
aheadof the time at which computationis required. This
enablesrequestsfor packetsof computationto be queued
aheadof the time at which they arerequired,so thatwhen
onecomputationhad �nished, anotheris readyto take its
placeon therelevantprocessor.

An accessandcontroldecoupledarchitectureconsistsof
three,independentandcooperating,processorscommuni-
cating via queues(Figure 1): Control processor, Address
processor, and Executeprocessor. The control processor
(CP) resolves,in advance,branchesanddeliversthe good
�o w of instructionsto beexecuted.CPsplits this �o w into
accessandcomputationinstructionstreamsto beprocessed
by theappropriateprocessors.Theaddressprocessor(AP)
performsthedatafetchaheadof demandto alleviatedelays
dueto memorylatency. TheAP alsoperformsindexing and
other addressingoperations. The executeprocessor(EP)
operateson thedataandproduceresults.

In thisarchitecture,theCPrunsaheadof theAP andEP,
andtheAP runsaheadof theEP. It is conceivablefor theCP
andtheEPto beseparatedin time by several thousandsof
programstatements.Whenthe systemis fully decoupled,
onewould like that theAP betypically aheadof theEPby
a time equalto the largestmemorylatency experiencedby
any loadoperationsincethe last recouplingof theAP and
EP.



Figure 2. Loss of decoupling events.

Lossof decoupling(LOD)

Therearea numberof speci�c eventsthatwill causean
interruptionin thepipeline�o w. Theseoccurwhenever in-
formationtravel againstthenormaldirectionof �o w for the
decouplingpipeline(the backwardarrows in �gure 2). At
suchpoints in the program,somedegreeof decouplingis
lostandwethereforereferto asLossOf Decoupling(LOD)
points. In a decoupledarchitecture,LOD eventsare the
principalcauseof executionpenalties[4]. Whenthesystem
is fully decoupled,theentirephysicaladdressspaceappears
to beaccessiblewithin onecycle; at a LOD point however
a largepenaltyis paid.

Typically, no LOD would occur in regular programs.
Consequently, ouranalysisof embeddedapplicationbehav-
ior will addressLOD eventsthatmay occur. In Section3,
we presentthemain casesof inter-processordependencies
thatcaninterferewith decoupling.

3. Workload Characterization

This workload characterizationaims to understandbe-
havior of embeddedapplicationson an accessandcontrol
decoupledarchitecture.Typically, aregularbehavior means
that the threeprocessorsexecutein a fully decoupledway,
i.e. with a suf�cient slip to eachotherandno LOD event
would occur. With anirregularbehavior, thedecoupledex-
ecutionrisksto breakdown morefrequently, resultingon a
considerablelossof performance.

In this analysis,we �rst addressthe regularity of con-
trol �o w in the applicationsandquantify the slip between
CP andAP/EP. Second,we studythe casewhenCP must
recouplewith AP waiting for a memorydataandpropose
solutionsto dealwith suchCP/APrecoupling.Last,we ex-
tractthepatternsin whichdataareusedin theapplications,
in orderto dealwith memorylatency.

3.1. Control regularity/pr edictability

Ideally, if the control processor is able to gener-
ate/predictthe instruction�o w without usingexternaldata
from the accessor executeprocessor, then it will be able
to provide the AP with the accessinstructionstreamsuf-
�ciently in advance,so thatAP loadsearliermemorydata
EPneeds.However, irregularcontrolin applications,thatis

Figure 3. CMD example form adpcm coder assem-
bler code .

conditionalbrancheswith poorpredictability, woulddelays
CPuntil conditionevaluationis complete.This constitutes
aLOD, i.e. CPrecoupleswith AP/EP.

The impactof irregularcontrol is particularlyimportant
if it occursin innermostloops,astheseconstitutethemost
time consumingportionof codein mostof applications.If
innermostloops are regular, i.e. iterateover a large and
known, or predictable,numberof times,andperformsim-
ple computationsandno irregularcontrol,CU deliversin-
structionsin the loop bodyandthenumberof iterationsto
AP andEP. Thus,CU would have largetime to preparethe
next outerloop iterationor anotherinnermostloop. But, if
irregularcontroloccursin innermostloops,controlproces-
sorwill haveto makecontrolateachiteration,whichresults
onahigh rateof LOD events.

3.2. Control/Memory dependency(CMD)

Oneof the causesthat may breakdown the pipelineof
decoupledarchitectureis memory latency. For example,
if EP requiresdata not yet ready, computationcan stall
for hundredsof cycles. In the worst case,CP needsre-
sultsof thosecomputationsto resolve a conditionalbranch
with poorpredictabilitybeforedispatchingmoreinstruction
streams.This meansthatthethreeunitsrecouple,resulting
on a considerablelossof performance.This would not be
thecaseif thebranchcanbepredicted.

To studythiscase,wede�ne theCMD (Control/Memory
Dependency) distanceasthenumberof instructionsin the
computationchainof the irregularbranchcondition,start-
ing from thelastmemoryloadin thechain.A smalldistance
is an indicatorthata severeLOD is likely to occuron this
branchif datais not presentin the cache,inducing large
misspenalty.

In �gure 3, wepresentanexampleof CMD from adpcm
application. The computationchain from the load (ldsh:
short load) to theconditionalbranch(be: branch if equal)
is of 3 instructions.So,if thebranchhaspoorpredictability
thereis a CMD, and it is importantin this casethat data
can be loadedwithout latency. Consequently, one would
like that data,on which dependsirregular control, be kept
in cache.



Figure 4. Flow data referencing pattern.

3.3. Data referencingpattern (DRP)

Applicationsusedatain differentpatterns.We identify
threecategoriesof datawhoseusecancausesomeLOD,
which are: permanentdata,indirect accesses(e.g. point-
ers), and transitory data. Permanentdataare thosedata
EP will usepermanentlyin computations.To save mem-
ory bandwidth,onewould like to keeppermanentdatain
cache,closeto theEP.

Referencesto memorydatacandependon othermem-
ory data,which is thecasewith indirectmemoryaccesses.
To dealwith suchAP/AP dependency, onewould like that
pointersbekeptin nearestmemorylocations(cache)sothat
addressprocessorcaninitiate earliersuchmemoryloads.

Transitory(or temporary)dataarethosedatathatremain
alive only for few cycles. This is the case,for example,
whena loop processesan input �le, buffer by buffer. So,
dataareusedin a �o w DRP (FDRP)and the processcan
berepresentedasa direct line: input buffer - computation-
outputbuffer (Figure4). Onewouldlikethatsuchtransitory
datado not disruptcontentof cachememory. So, it may
be effective to avoid loadingthemin the main cache.We
notethat transitoryor permanentdatacanbewritten-read-
written (WRW) within a shortdelay. This is the case,for
example,of thebuffersreceiving inputsin the�o w pattern:
dataareloadedin buffer, processedandthanotherdataare
written in that buffer. Therefore,a small auxiliary cache
shouldbeconsideredfor thesetransitorydata.

In summary, one would like that data causingCMD
events,permanentdata,and pointersbe kept in cache,to
limit LOD eventsandsave memorybandwidth,while tran-
sitory data can be fetched from memory without being
storedin datacache.So,onewould like thattransitorydata
beloadedin anauxiliarycache.

4. Evaluation and discussion

In this section, we present our evaluation on the
MiBench embeddedbenchmarksuite [1], which includes
regularity of control, control/memorydependency, andthe
patternof referencingdata.To instrumentcodesandcollect
dynamicinformation,we usecalvin2+DICEsimulator[2],

on a SunUltrasparcworkstation,to which we addthenec-
essaryuser-de�ned routinesin orderto collect therequired
characterizationinformation.

We �rst presentour evaluationframework: benchmarks
andtoolswe use,thenthequalitative characteristicsof the
MiBench applications. Provided optimizationsare turned
on.

Thesecharacteristicsaremainly inherentto theapplica-
tion andits codingin high level languageandmainly inde-
pendentfrom thecompilerandtheISA.

4.1. Evaluation envir onment

Workload evaluation we presentin this paper is con-
ductedon theMiBenchembeddedbenchmarksuite[1], de-
�ned at theUniversityof Michigan. We usecalvin2+DICE
simulator[2] to extract static anddynamiccodefeatures.
Programswerecompiledusinggcc -O3 .

4.1.1 MiBench benchmark suites

Thewide rangeof applicationsmakesit dif�cult to charac-
terizetheembeddeddomain. In fact,an embeddedbench-
marksuiteshouldre�ect thisby emphasizingdiversity. Em-
beddedapplicationsrangefrom sensorsystemson simple
microcontrollersto smartcellularphonesthathavethefunc-
tionality of a desktopmachinecombinedwith supportfor
wirelesscommunications.

There have beensomeefforts to characterizeembed-
ded workloads,most notably the suite developedby the
EDN EmbeddedMicroprocessorBenchmarkConsortium
(EEMBC) [3]. They have recognizedthe dif�culty of us-
ing onesuiteto characterizesucha diverseapplicationdo-
mainandhave insteadproduceda setof suitesthat typi�es
workloadsin � ve embeddedmarkets. Unfortunately, the
EEMBCbenchmarksarenotreadilyaccessibleto academic
researchers.

MiBench is a set of representative embeddedapplica-
tions for benchmarkingpurpose.Following theEEMBC's
model, thesebenchmarksare divided into six suiteswith
eachsuite targetinga speci�c areaof the embeddedmar-
ket,which includeapplicationsfrom automotiveandindus-
trial control, consumerdevices,networking, security, and
telecommunicationcategories. All theprogramsareavail-
ableasstandardCsourcecode.As inputs,mostapplications
areprovidedwith smallandlargedatasets.Thesmalldata
setsrepresenta lightweight, useful embeddedapplication
of thebenchmark,while the largedatasetprovidesa more
useful,real-world application.In what follows,we present
anoverview of MiBenchbenchmarksin eachcategory.

Automotiveand Industrial Control Theautomotiveand
industrial control benchmarksrepresentset of embedded
controlsystems.



basicmath simplemathematicalcalculation.
bitcounts teststhebit manipulationabilitiesof a processor

by countingthenumberof bits in anof integers,
using� vemethods.

susan is animagerecognitionpackagethatrecognizes
cornersandedgesin MagneticResonanceImages
of thebrain,andcansmoothimage.

Consumer Devices The consumerdevices benchmarks
representconsumerdeviceslike scanners,digital cameras,
andPersonalDigital Assistants(PDAs).

jpeg A standard,lossyimagecompressioncoder
(cjpeg) anddecoder(djpeg) for colorand
grayscaleimage,basedon theJPEGstandard;

lame a GPL'ed MP3encoderthatsupportsconstant,
average,andvariablebit-rateencoding.

tiff2bw convertsa colorTIFF imageto blackandwhite
image.

tiff2r gba convertsa color imagein theTIFF formatinto an
RGBcolor formattedTIFF image.

tiffdither dithersa blackandwhite TIFF bitmapto reduces
theresolutionandsizeof theimageat the
expenseof clarity.

tiffmedian convertsanimageto a reducedcolorpaletteby
takingseveralmediansof thecurrentcolor
palette.

typeset a generaltypesettingtool, thathasa front-end
processorfor HTML.

Of�ce Automation The of�ce applicationsare text ma-
nipulation algorithms to representof�ce machinery like
printers,faxmachinesandwordprocessors.

stringsearch searchesfor givenwordsin phrasesusinga case
comparisonalgorithm.

Network Benchmarksof networking representproces-
sorsin network deviceslike switchesandrouters.

dijkstra constructsa largegraphin anadjacency matrix
representationandthencalculatestheshortestpath
betweenevery pairof nodesusingrepeatedappli-
cationsof Dijkstra'salgorithm.

patricia A Patriciatrie is adatastructureusedin placeof
full treeswith verysparseleafnodes.Theinput data
is a list of IP traf�c from a highly active webserver.
TheIP numbersaredisguised.

Security TheSecuritycategory includesseveralcommon
algorithmsfor dataencryption,decryptionandhashing.

blow�sh is asymmetricblockcipherwith a variablelength
key.

rijndeal wasselectedastheNationalInstituteof Standards
andTechnologiesAdvencedEncryptionStandard
(AES). It is a block cipherwith theoptionof 128-,
192-,and256-bitkeysandblocks.

sha is thesecurehashalgorithmthatproducesa 160-bit
messagedigestfor a giveninput.

Telecommunications Many portable consumerdevices
areintegratingwirelesscommunications.

adpcm Adaptive DifferentialPulseCodeModulationis a
simpleadaptive differentialpulsecodemodulation
coder(rawcaudio) anddecoder(rawdaudio).

crc32 performsa32-bit Cyclic Redundancy Checkona �le.
Thedatainput is thesound�les from theadpcm
benchmark.

fft performsaFastFourierTransformandits inverse
transformon anarrayof data.

gsm TheGlobalStandardfor Mobile communicationsis
thestandardfor voiceencoding/decodingin Europe
andmany countries.

4.1.2 calvin2+DICE simulator

calvin2+DICEtoolsetfor microarchitecturesimulations[2]
is a platformof a costeffective tracecollectionandon-the-
�y simulationapproach.The original applicationcodeis
lightly annotatedto provide a fast(direct)executionmode,
with calvin2.An embeddedinstruction-setemulator, DICE,
enablestracecollection or on-the-�y simulations. At run
time, dynamicswitchesareenabledfrom the fastmodeto
theemulationmodeby theannotationcode,andvice-versa.

calvin2 is a static code annotationtool which instru-
ments SPARC assemblycode. DICE emulatesSPARC
V9 instruction-setarchitecture(ISA) code: it managesthe
emulationexecutionmodeof target programs. DICE en-
ablessimulationby calling user-de�ned analysisroutines
betweeneachinstructionemulated.Analysisroutineshave
directaccessto all informationin the targetprogramstate,
includingcompletememorystate,andregistervalues.

4.2. Regularity of control

To investigatethe control �o w regularity/predictability
in MiBenchapplications,we addressinnermostloop char-
acteristics, in terms of dynamic loop instruction count
(DLIC) andirregularcontrolin theseloops.

We de�ne the DLIC metric as the total numberof in-
structionsexecutedin the loop, which correspondsto the
interval of time CPhasto preparethenext outerloop iter-
ationor anotherinnermostloop. So,we addto thesimula-
tor theroutinethatdetectinnermostloops,at run-time,and
evaluatetheDLIC metric.Weclassifytheresultsweobtain
into four classes:DI50 representsthe loopsexecutingnot
morethan50 instructions,while DI+ is the classof loops
executingmore than1000 instructions. Figure5 presents
theratio of instructionsin loopsof eachclassperthenum-
berof executedinstructionsin thekernels.DI50 andDI200
aretheclassesof theloopsweconsiderassmall.DI+ is the
classof loopsthatarelarge.

Predictabilityof branchesin innermostloopsis alsoan
issuesinceeachbranchmispredictionmayresultin alossof



Figure 5. Dynamic instruction count in MiBenc h's
innermost loops.

Figure 6. Contr ol rate in the main innermost loops
of MiBenc h's kernels.

decoupling.We usethe32 Kbits 2Bc-gskew hybrid branch
predictor[5] integratedto thesimulator, with respectivehis-
tory sizesof 0, 13,9, and11,to quantifyconditionalbranch
predictabilityin themaininnermostloops(Figure6).

We analyzethe resultsbelow in eachdomain. There
is no control in innermostloops of applicationsform the
automotive domain. In basicmath and bitcount ,
the processis performed in functions executing simple
arithmetic computations,called in the innermost loops.
This does not be shown in our simulation, as we do
not considerthe instructionsexecutedin called functions
and treat call instructionsas any other instruction in the
loop. susan is an applicationof imagerecognitionthat
perform lot of computationsand manipulationson mem-
ory data (processedimage) for which we studied three
methods:susan smoothing , susan edges , andsu-
san corners . In susan smoothing , most of the
treatmentis performedin the outer loops. No call occur
in the main innermostloops of susan edges and su-

san corners , whose94% of executedinstructionsis in
their innermostloops. The main innermostloopsof su-
san corners are large andhave somepredictablecon-
trol, which meansthatCP hassuf�cient time to go further
aheadin thedynamiccontrol�o w graphof theapplication.

Main loopsin mostof benchmarksfrom consumerdo-
mainprocessinputsbuffer by buffer. Theprocessof com-
pression/decompressionof JPEGimagesis very regularas
performedin large innermostloopsthat performvery few
control.Themainprocessof lame andtypeset applica-
tionsis executedin functionscalledby theinnermostloops.
Thekernelof tiff2bw consistsof loopswith smallbod-
ies, iterating over the imagewidth. The functionscalled
within theseloopsperformsomecomputationsandnocon-
trol. A controlrateof up to 20%is encounteredin themain
innermostloopsof tiffdither which predictabilityde-
pendson someinitial parameters,so predictable. tiff-
median seemsto be irregular: innermostloopsaresmall
andsomeof thecontrolencountereddependson processed
inputs,andcausessomemispredictions.

stringsearch is an algorithm that searchesfor a
mord in a sentence.Its main innermostloop is large and
performsno control but calls for a searchingfunction that
performsa set of comparisons,not always predictableas
dependon thestringscompared.

dijkstra andpatricia executethemainprocesses
in functionscalledin their innermostloops,andwhich per-
form a set of control. Someof the conditionalbranches
encountereddependon memorydata(adjacency matrix in
dijkstra andthe routinetablesin patricia ) andare
quiteunpredictable.

Innermostloops in encryptionapplicationsaccomplish
a numberof logic operationsandno, or few, control. The
controloccurringin innermostloopsof blowfish encryp-
tion/decryptionprocessis predictablebecauseit dependson
someparameters�x edat theinitialization. sha is a regular
application:85% of executedinstructionsbelongsto large
innermostloops.

Innermostloopsin theapplicationsfrom thetelecommu-
nication domainare small and perform somecontrol that
attainsa rate of 23% in the adpcm coder/decoder. This
applicationseemsto be the most irregular benchmarkwe
study. The control encounteredin its innermostloops is
predictableat a rateof only 80%in thecoder, asit depends
on inputstimuli.

In this evaluation, we note that some of MiBench
kernels spendmore time in outer loops (such as su-
san smoothing ) andcalledfunctions(suchastheappli-
cationsof networking). To further understandbehavior of
theseapplications,we addressin the following paragraph
the overall control predictabilityandthe characteristicsof
mispredictedcontrol in terms of control/memorydepen-
dency.



Figure 7. Predictability in Mibenc h's applications.

4.3. Control/Memory dependency

In thissection,weanalyzetheCMD distanceevaluation.
As de�ned in the paragraph3.2, the CMD distanceis the
numberof instructionsin thecomputationchainof theirreg-
ularbranchcondition,startingfrom thelastmemoryloadin
thechain.We addressonly irregularcontrol,that is, condi-
tional brancheswith poorpredictability. In addition,when
thedistanceis high than1000instructions,weconsiderthat
addressprocessorhassuf�cient time interval to load data,
in orderto resolve thedependency with no,or few, penalty.
Theroutinewe de�ne evaluatestheCMD distancestarting
from eachmemoryload operationuntil reachingthe max-
imum valueof 1000instructions,or a conditionalbranch.
If the reachedbranchis well predictedthereis no depen-
dency. Themispredictedcontrol is classi�eddependingon
theobtaineddistanceof control/memorydependency.

Figure 7 presents the mispredictions detected in
MiBench's kernels,classi�ed dependingon the CMD dis-
tanceinto four classes(Figure8): D50 representsthecases
wherethedistanceof dependency is lower than50 instruc-
tions.D500is theclassof caseswith aCMD distancerang-
ing from 50to 500instructions,etc.NO CMD representthe
caseswith distancelargerthan1000instructions.Thisclas-
si�cation will help us to decideof the appropriateloading
policy to avoid longpenalties.

Nearlyall themispredictionsonbasicmath andbit-
count applicationsdonot dependon memorydata.Some
controlfrom susan dependson theimageprocessed.This
explainstherateof 10%of mispredictedcontrol.TheCMD
distanceevaluatedat this control is lower thanten instruc-
tions in the most of casesform susan edges and su-
san corners paths.

As explained in the previous section, there are some
control/memorydependenciesin the processof compres-
sion/decompressionof JPEG image. This is the case
also of sometif f applicationssuchas tiffdither and

Figure 8. CMD distance classi�cation.

Figure 9. Ratio of CMD occurrences in
MiBenc h's kernels.

tiff2rgba . The control occurringin lame application
is highly predictablebecausetheapplicationis veryregular.

stringsearch performs a set of comparisonson
strings,which causessomedependencies.Someirregular
control occurringin the network applications,dueto pa-
tricia treenodeanddijkstra adjacency matrix ma-
nipulation,causesomecontrol/memorydependencies.

We note that the main processingloop of the adpcm
coder/decoderpresentsa high rateof smallCMD distance.
In almostof thecases,CMD distanceis lower than500in-
structions.For thesecasesof dependency, it would be im-
portantto maintaindatain nearestmemorylocationsin or-
derto avoid long latency of memoryloads.

The CMD distanceis greaterin sha andfft applica-
tions. Initiating loadslittle in advanceshouldbe suf�cient
to correspondingdatabe readyandso avoid high mispre-
dictionpenaltyevenif this datadoesnot residein cache.

Severe loss of decouplinginducing long misprediction
penaltywill occur when two phenomenaappear: branch
mispredictionand short CMD distance(let us say less
than 100). Figure 9 illustratesthe ratio of suchbad sit-
uationsper kilo instructions. We note that most of ker-
nels in MiBench do not suffer from such dependencies.



However, on some paths from jpeg , tiffdither,
typeset, stringsearch , and adpcm applications,
the control/memorydependenciesoccur more frequently,
which mayresultin a considerablelossof decoupling.For
instance,thereis a pick in adpcm with a ratio of 30-38oc-
currencesperkilo instructions.

As conclusion,aparta few exceptions,the applications
in MiBenchshouldnot suffer from veryhighmisprediction
penaltyonadecoupledprocessor.

4.4. Data ReferencingPattern

To studytheDRP on MiBench applications,we extract
eachcategory of datapresentedin section3.3, which are:
permanentdata,transitorydata,andpointers(indirectmem-
ory accesses).To determinepermanentandtransitorydata,
we computethe data lifespanmetric that we de�ne asthe
numberof instructionsexecutedfrom the�rst until thelast
use of this data. Data referencesare rangedwithin six
classes(or intervals) (Figure10): P is the classof pointer
usages,WRW arethereferencesto datausedwithin aWRW
pattern,LS100is theclassof thereferencesto datalivingno
morethanonehundredof instructionsin theapplication...
LS+is theclassof referencestodatathatremainsalivemore
than10000instructions.

We �rst analyzedthe patternsof referencingdata in
theapplicationsfrom MiBench,looking at thesourcecode
from eachdomain,andthenpatternsarecapturedthrough
the automaticanalysiswe performed. The routine we
link with calvin2+DICEsimulatorproceedsasfollows: (i)
memorylocationswritten beforebeingusedarethoseused
in a WRW pattern(ii) to detectpointers,we checkif the
registerusedto loaddatahasbeenwritten before(memory
address)(iii) for theotherloadoperations,we evaluatethe
datalifespanmetric.

In basicmath , dataareusedin a �o w pattern,so are
to beloadedin anauxiliary cache.bitcount 's inputsare
usedin asetof computationsduringall theapplicationtime
andmustbe cached. Imagepixels in the processof su-
san imagerecognitionare referencedover a large num-
berof iterations.Theprocessusespointersto someimage
zones,while smoothing or detectingcorners . su-
san smoothing processesthe imagein a �o w pattern,
by sub-matrices3x3.

The JPEGcoder/decoderprocessesthe input �le, line
by line. lame application manipulatescomplex struc-
turesvia pointers,so it would be moreappropriateto load
in advancedatapointersin the cache. TIFF benchmarks
use their inputs in different ways. In tiff2bw , inputs
are treatedby buffer. This hasnot beendetectedin our
pro�ling becauseof passingthe read buffers as parame-
tersto calledfunctions. The imagein tiffdither and
tiffmedian is processedby setof two linesperiteration

(pointedto by thisline andnextline). Whereas,eachitera-
tion of tiff2rgba mainprocessusesthewhole,or a sig-
ni�cant part,of the image.Consequently, inputsprocessed
in tiff2bw , tiffdither , andtiffmedian areto be
loadedin an auxiliary cache,whereasit seemsto be more
appropriateto loadthetiff2rgba processedimagelines
in themaincache.

At eachiterationof its mainloop, thestringsearch
applicationreadsa word and searchfor it in a sentence.
Thesedataaretransitoryandit is suf�cient to loadthemin
theauxiliary cache.Stringsaremanipulatedusingpointers
thatmustbecached.

The network applicationsmake useof nodestructures
to implementroutine tables(patricia ) or the network
graph(dijkstra ). Thesestructuresaremanipulatedus-
ing pointers(10% of references).Dijkstra application
usestheinput �le to �ll theadjacency matrix,anduseother
structuresin a WRW pattern. In patricia benchmark,
the transitorydata(usedin a �o w pattern)is IP addresses.
At eachiteration,patricia searchesthepathfor onead-
dressusingtheroutingtables,consequentlyit is effectiveto
load the IP addressesin an auxiliary cacheandto load the
routinetablesandthepointersin themaincache.

blowfish processestheinputsin a �o w pattern,while
theencryption/decryptionkey constitutespermanentdatato
bekeptin themaincacheduringall of theapplicationtime.
sha usesthesha info structuredatato cumulatethe infor-
mationcollectedfrom theprocessingof all theinputbuffers.
Consequently, wehaveto loadinputbuffersin theauxiliary
cacheandkeepthesha info in themaincache.

The adpcm coder/decoderprocessesonebuffer of data
at eachiteration. This hasnot beendetectedin our simu-
lation becauseof passingparametersby calls to the main
methodsof coding/decoding.crc32 applicationcollects
the information over the processiterations. fft and
fft invers transformapplicationsmake use of some
arraysin a WRW/permanentpatterns.We candistinguish
different patternsin gsm coder/decoder, in which datais
transitoryor permanent.

4.5. Synthesis

Thecharacterizationof MiBenchapplicationsshowsthat
most of the studiedkernelsare quite regular and may be
amenableto ef�cient performanceonadecoupledarchitec-
ture. However, the studyof control �o w regularity shows
that on someof the applications,mispredictedconditional
branchescausedby somecontrol/memorydependency are
more frequentandmay resulton considerablelossof de-
coupling. In addition,we identify threecategoriesof data
whoseuse can causesomeLOD, which are: permanent
data,pointers,andtransitorydata.

In an embeddedprocessor, thesepoints could be ad-



Figure 10. Ratio of references to MiBenc h's data in each DRP.

dressedthroughtheuseof differentcaches,for thedifferent
datacategories.For example,we canusea largecachethat
receivescontrol/permanentdataandpointers,andanauxil-
iary onefor transitorydata.

5. Conclusion

In this paper, we addressedtheadequationof thedecou-
pledarchitectureto embeddedapplications.Decoupledar-
chitectureis known to work very ef�ciently whenever the
executiondoesnot suffer from inter-processordependen-
ciescausingsomelossof decoupling,calledLOD events.
In thisstudy, wehaveanalyzedthecharacteristicsof awide
spectrumof embeddedapplicationsandaddressregularity
of codesin termsof theLOD eventsthatmayoccur. Three
aspectsof regularity have beenaddressed:control regular-
ity, control/memorydependency, andpatternsof referenc-
ing memorydata.

The workloadevaluationshows that mostof kernelsin
MiBench may be amenableto ef�cient performanceon
a decoupledarchitecture. However, the study of control
�o w regularity shows that on some of the applications,
mispredictedconditional branchescausedby some con-
trol/memorydependency aremorefrequentandmayresult
on considerablelossof decoupling. In addition,we iden-
ti�ed threecategoriesof datawhoseusecan causesome
LOD, which are: permanentdata,pointers,andtransitory
data.

In an embeddedprocessor, we feel that thesepoints
couldbeaddressedthroughtheuseof differentcaches,for
the differentdatacategories. Selectionof the cachetarget
canbeaddressedeitherthroughtheISA or throughthedata
layout. In futurework, we will explore thesedirectionsin
orderto ef�ciently designadecoupledprocessorfor embed-
dedapplications.
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