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Abstract

Microprocessordesigntime and effort are getting im-
practical dueto the huge numberof simulationsthat need
to be doneto evaluate various processorcon gurations
for various workloads. An early designstage methodol-
ogy could be usefulto efciently cull huge designspaces
to identify regions of interestto be further explored using
more accurate simulations. In this paper we presentan
early designstage methodthat bridges the gap between
analytical and statisticalmodeling Thehybrid analytical-
statisticalmethodpresentechere is basedon the observa-
tion that register traf c characteristicsexhibit power law
propertieswhich allowsusto fully characterizea workload
with justa few parameteswhich is muc more ef cient than
the collection of distributions that needto be speci edin
classicalstatisticalmodeling We evaluatethe applicability
andthe usefulnessf this hybrid analytical-statisticaimod-
eling techniqueto efciently and accurately cull huge ar-
chitectural designspaceslin addition,we demonstatethat
this hybrid analytical-statisticamodelingtechniquecanbe
usedto explore the entire workloadspaceby varyingjust a
few workloadparametes.

1. Intr oduction

Theefforts to designfuture microprocessorareeverin-
creasingas microprocessodesignsandworkloadsare be-
coming more and more complex. This is re ected in the
huge numberof simulationsthat needto be run in order
to obtaina cost-efective andhigh-performancelesign.In-
deed,numerougrocessoron gurationsneedto be evalu-
atedfor variousworkloadswhichresultsin long simulation
times.It canbe expectedhatexploring hugedesignspaces
even throughhigh-level architecturalsimulationswill be-
comeimpracticalif notimpossiblein the nearfuture given
time-to-marlet considerationgl]. So, thereis a needfor
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methodsto ef ciently cull hugedesignspacesn early de-
signstages.Theseearly designstagemethodsshouldiden-
tify regionsof interesthatcouldbefurtherexploredin more
detailby moreaccuratearchitecturakimulations.

In this paper we presentan early designstagemethod-
ology that bridgesthe gap betweenanalyticaland statisti-
cal modeling. This hybrid analytical-statisticalmodeling
techniqueis basedon the obsenation that register traf c
characteristicexhibit powerlaw properties.E.g., the dis-
tribution of the ageof registerinstancespr the numberof
dynamicinstructionsbetweenwriting andreadingthe same
register hasa power law probability distribution function
P [X = z] = ax—". This previously unknovn property
allows us to characterizeegistertrafc by meansof two
parametersy andg3, whichis muchmoreefcient thanthe
collectionof distributionsthatis usedin theclassicaktatis-
tical modelingmethodology2, 4, 5, 12, 13]. Theresulting
hybrid analytical-statisticalvorkload model provides op-
portunitiesto explorethe entire workloadspaceby varying
theanalyticalworkloadparametersmyamelya andg. These
workload parametergan be variedto model future work-
loadsandin addition,the interactionbetweenrarchitectural
andworkloadparametersanbeinvestigatedreelywhichis
impractical,if notimpossible usingrealbenchmarksince
thelatterarejustisolatedpointsin thedesignspace Next to
demonstratinghat the hybrid analytical-statisticainethod
canbe usedto explore the workload space we alsoshav
that hybrid analytical-statisticamodeling can be usedto
perform architecturedesignspaceexplorationsin an ef -
cientandaccuratemanner

This paperis organizedas follows. In section2, we
presentthe benchmarkghat we have usedin this study
In section3, we identify registertraf ¢ characteristicand
we show its power law properties. In section4, we shov
how distribution tting was doneto estimateparameters
that characterizehe registertrafc in applications. Sec-
tion 5 presentshehybrid analytical-statisticainethodology
which is shavn to be usefulto perform architectureand
workload spaceexplorationsin sections6é and 7, respec-



tively. Finally, we endwith relatedwork andconclusions.

2. Benchmarks

To increasethe validity of the obsenred register traf-
¢ characteristicswe included two different workloads,
namelySPECint9%andIBS [15], seeTablesl and2. These
two workloadsaretwo differenttypesof workloadandwere
obtainedusingdifferentcompilersfor differentinstruction
setarchitecturesThe SPECint9Sracesweregeneraten
a DEC 500austationwith an Alpha 21164processar The
Alphaarchitecturés aload/storearchitectureandhas32in-
tegerand32 oating-point registers gachof whichis 64 bits
wide. TheSPECint9%enchmarkfave beencompiledwith
the DEC cc compilerversion5.6 with the optimization ag
setto -O4 andlinkedstaticallyusingthe-non_shared ag.
Thetraceswerecarefully selectechot to includeinitializa-
tion code.TheIBS tracesweregeneratedn a MIPS-based
DEC 3100systemrunningthe Mach 3.0 operatingsystem.
WeincludedthelBS tracedn ourstudybecaus¢hesedraces
areknown to have a largerinstructionfootprint (dueto the
inclusionof signi cant amountsof operatingsystemactiv-
ity) andto stresgshe memorysubsytenmorethanSPECint
benchmarkslo [15]. We excludedthezeroregisterrO from
all measurement.

3. RegisterTraf ¢ Characteristics

In modernout-of-orderarchitecturesthe registersare
the primary means for interoperation communication.
Whenanoperationwritesa valueinto aregister a new reg-
isterinstanceis created Operationghatreada register, are
saidto usethecorrespondingegisterinstance Franklinand
Sohi [6] proposedour metricsto characterizahe register
trafc in modernout-of-orderarchitecturesThe rst met-
ric is the degreeof useof registerinstanceavhich measures
thenumberof timesa registerinstances usedby otherop-
erations.Thethreeremainingmetricsquantifythetempoal
locality of creationanduseof registerinstances (i) theage
of registerinstancesi.e., the numberof (dynamic)opera-
tionsbetweertheuseandthe creationof aregisterinstance;
(i) theusefullifetime of registerinstancesi.e.,thenumber
of operationdetweerthe creationandthelastuseof areg-
isterinstanceand(iii) thelifetimeof registerinstancesi.e.,
thenumberof operationdetweertwo consecutiewritesto
thesameregister

We have measurethesegour metricsfor thebenchmarks
mentionedn theprevioussection.The probability distribu-
tion functions(PDFs)shawvn in Figure1 areaveragedover
the IBS traces. ThesePDFsclearly follow a straightline
whendisplayedin alog-log diagram. A PDF thatfollows
a straightline in a log-log diagramis called a power law

distribution or a Pareto distribution with probability distri-
bution function P [X = z] = az~? for which1 > a > 0
is theintersectof the PDFwith theY axisandg > 0 is the
slopeof the straightline of the PDFin alog-log diagram.

We obsenedthesepower law propertiedor theindivid-
ual IBS tracesaswell asfor mostotherbenchmarks.The
benchmarkg$or which we did not obsene power law prop-
ertiesarebenchmarksvith smallinstructionfootprintsthat
spendmostof their time in smallloops, e.g.,li andcom-
press, seeTables1 and2 wherethe numberof staticin-
structionsis showvn that accountfor 90% of the dynamic
instructioncount. The log-log diagramfor theseprograms
drops off more quickly for higher valueson the X axis.
We feel that this doesnot affect the conclusionthat the
obsened register traf c characteristicexhibit power law
properties. This conclusionis motivated by the fact that
real workloads—whichshouldbe of interestto computer
architectssince they build systemsfor real workloads—
are known to have larger instructionfootprints than some
SPECintbenchmarksand will thus exhibit similar regis-
tertrafc characteristicasthe benchmarksvith largefoot-
printspresentedhere.As far aswe know, we arethe rst to
reportthattheseregistertraf c characteristicshov power
law properties.

It is interestingo notethata powerlaw distribution with
PDFP[X = z] = az~” hasanin nite meanwhenj < 2.
The slopesof the age,the usefullifetime andthe lifetime
of registerinstancesPDFsare < 2, e.g.,the slopeof the
agePDFis 1.59. As aresult,the signi cance of the aver
ageageof registeroperandgalsocalledthe averagedepen-
deng distancebetweeroperationdy someauthorq8, 13])
is limited.

4. Distrib ution Fitting

As saidin theintroduction,we will usethefactthatthe
PDF of the age of register instancesexhibits power law
propertieso obtainananalyticalworkloadmodelthatwill
be usedin a hybrid analytical-statisticamodelingenviron-
mentto estimatemicroprocessoperformanceTo obtainan
abstracivorkloadmodelthatis basedna smallnumberof
parameterswe have to approximatemeasuredlistribution
functionswith theoreticalistribution functionshy estimat-
ing parametersalso called distribution tting. In the an-
alytical workload model, the parameter®f the theoretical
distribution thendescribethe workload. To estimatetheo-
reticaldistribution parametersoncerningheageof register
instancesve take the following approach.The PDF of the
ageof registerinstances? [X = z] canbewrittenas

P X=z]=P[X=2|X>z]-P[X>2],z>1

whereP [X = z | X > z] could be de ned asthe con-
ditional dependencerobability 1 — p,, (p, correspondso
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Figure 1. Register trafc metrics measured for the IBS traces: (i) degree of use, (ii) age, (iii) useful

lifetime and (iv) lifetime of register instances.

theconditionalindependencprobability de ned by Dubey,

AdamsandFlynn[3]); i.e., p, is the probabilitythatanop-
erationis independenbn aninstructionthatcomesx oper

ationsaheadn theinstructiontracegiventhattheoperation
is independentf thez — 1 operationsaheacdbf thatopera-
tion. Usinginductionit canbeeasilyveri ed thatP[ X = z]

canbewrittenas

P[X:;v]:(l—pz)-(l—z_:P[Xzi])
i=1

z—1

i=1

Calculatingp, from themeasured® [X = z] canbedone
asfollows:

. P[X = 1]
P Ty T =

Kamin, AdamsandDubey [9] approximatedhe conditional
independencprobabilityp, by anexponentialfunction

Pe 1 —ae P%,

wherea and 8 are constantghat are determinedthrough
regressiortechniquegppliedto themeasureg, .

Our dataon the otherhand,reveal that p, canbe more
accuratelyapproximatedy a power law function

ple—am_ﬁ.

Thisis shavn for theIBS tracereal_gcc in Figure?2.
Thedistribution tting wasdoneby minimizingthesum
of squarecerrorsbetweenthe theoreticaldistributionsand
the measuredataof the conditionaldependencerobabil-
ity. This minimizationgivesa higherweightto smallerval-
uesof z. This choiceis motivatedby the factthatwe want
to usethis approximatiorasanabstractvorkloadmodelfor
a hybrid analytical-statisticaperformancenodelingtech-
niguein which anaccurateapproximatiorof the measured
datafor small valuesof z is necessaryo obtain accurate
performancepredictions. As can be seenfrom Figure 2
for real_gcc, the power law approximationis muchmore
accuratethan the exponentialapproximationproposedby
Kamin, AdamsandDubey [9]; we experimentallyveri ed
thatthis alsoleadsto a higherperformanceaccurag. For
most benchmarkswe obsened a comparableapproxima-
tion quality asin Figure 2. For somebenchmarkshow-
ever, theexponentialapproximatioris moreaccuratethisis
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Figure 2. Parameter estimation of the condi-
tional dependence probability p, of the age
of register instances for real_gcc. The corre-
sponding probability and cumulative distrib u-
tion functions are as well.

true for benchmarksvith smallinstructionfootprints,e.g.,
li and compress. As said before, this doesnot keepus
from concludingthat the power law approximationoutper
formsthe exponentialapproximatiorsincecomputerarchi-
tectsare mainly interestedn real workloadswhendesign-
ing realmicroprocessors.

We also experimentedwith tting theoreticaldistribu-
tions to the measured®DF datainsteadof the conditional
dependencprobability. We foundthat tting to the condi-
tionaldependencprobabilitygenerallyyieldsa moreaccu-
rateapproximationwhich motivatesour approach.

Thea andp valuesobtainedirom distribution tting are
listedin Tablesl and2 for thevariousbenchmarksa varies

betweerD.20and0.33andg variesbetweerD.60and0.98.

5. Hybrid Analytical-Statistical Modeling

We rst describethe “classical' statistical simulation
techniqueafterwhichwe shav whatneed<o bedoneto ob-
tain a hybrid analytical-statisticanodelingmethodology

5.1 Statistical Modeling

The statisticalsimulation methodologyworks in three
steps: statisticalpro ling, synthetictrace generationand
trace-drvensimulation.

Statistical Pro ling . During the statisticalpro ling step,
a real programtraceis analyzedby a microarchitectuie-
dependent proling tool and a microarchitecture-
independenpro ling tool. The completeset of statistics
collectedduring statisticalpro ling is called a statistical
pro le. The microarchitecture-independepro ling tool
extracts statistics concerning the instruction mix (we
identify 19 instructionclassesaccordingto semanticsand
numberof sourceregisters),the age of the input register
instances(measuredper instruction classand per source
register 22 distributionsin total) and the age of memory
instances.

The microarchitecture-dependepro ling tool extracts
statisticsconcerninghe branchandcachebehaiour of the
programtrace for a speci c branchpredictorand a spe-
ci ¢ cacheorganization. The branch statisticsconsistof
sevenprobabilities:(i) the conditionalbranchtargetpredic-
tion accurag, (ii) the conditionalbranch(taken/not-talen)
predictionaccurag, (iii) the relative branchtarget predic-
tion accuray, (iv) the relative call target predictionaccu-
ragy, (v) the indirect jump target predictionaccurag, (vi)
theindirectcall target predictionaccurag and(vii) there-
turn target predictionaccurag. The reasonto distinguish
betweertheseseren probabilitiesis thatthe predictionac-
curaciegreatlyvary amongthe variousbranchclassesin
addition, the penaltiesintroducedby theseare completely
different. A mispredictionin caseg(i), (iii) and(iv) only
introducesa single-gcle bubblein the pipeline. Caseqii),
(v), (vi) and(vii) on the otherhand,will causethe entire
processopipelineto be ushed andto bere lled whenthe
mispredictedranchis executed.

The cadestatisticsincludetwo setsof distributions:the
D-cacheandthe I-cachestatistics. The D-cachestatistics
containtwo probabilities namelythe probabilitythataload
operatiomeedgo accesshelL2 cachg(L1 cachemiss)and
main memory(L2 cachemiss)to getits data. Thel-cache
statisticsconsistsof two probabilitiesaswell, namelythe
probability thatthe fetch unit needso accesshe L2 cache
andmainmemoryto getaninstruction.



A statisticalpro le canbecomputedrom anactualtrace
but it is more corvenientto computeit on-the- y from ei-
theraninstrumentedunctionalsimulator or from aninstru-
mentedversionof thebenchmarlprogramrunningonareal
systemwhich eliminatesthe needto storehugetraces. A
secondhoteis that althoughcomputinga statisticalpro le
mighttake alongtime, it shouldbedoneonly oncefor each
benchmarkwith agiveninput. And sincestatisticalsimula-
tion is afastanalysigechniquecomputinga statisticalpro-

le will beworthwhile. A third importantnoteis thatmak-
ing a distinctionbetweenmicroarchitecture-dependeand
-independentharacteristicimplies that statisticalsimula-
tion cannotbe usedto studybranchpredictorsor cacheor-

ganizations;other microarchitecturaparameterdiowever,

like window size,issuewidth, instructionlatengy, etc.can
bevariedfreely. A fourth noteto be madeis thatstatistical
simulationmalesno distinctionbetweendifferentprogram
phases.If this would ever limit the accurayg of statistical
simulation,a programtracecould be easilysggmentedand
differentpro les couldbeusedfor eachprogramphase.

Synthetic Trace Generation. Oncea statisticalpro le is
computedasynthetidraceis generatedyy a synthetidrace
generatorusing this statisticalpro le. This is donea la
Monte Carlo: arandomnumberis generatedthatwill de-
terminea programcharacteristiaisinga cumulatie distri-
bution function.

The generationof a synthetictraceitself works on an
operation-by-operatiobasis. Considerthe generationof
operationz in the syntheticinstructionstream:

1. Determinethe instructiontype using the instruction-
mix distribution.

2. For eachsourceoperanddeterminethe operationthat
createghis registerinstanceusingthe ageof register
instanceglistribution. Noticethatwhena dependeng
is createdn this step,we cannotassureghatthe opera-
tion thatis the creatorof thatregisterinstancejs nei-
ther a storenor a conditionalbranchoperatiort. The
demanaf syntacticatorrectnesdoesnotallow usfor
assigninga destinatioroperando a storeanda condi-
tional branchinstruction. This problemis solved as
follows: look for anothercreatorinstructionuntil we
getonethatis not a storenor a conditionalbranch. If
after a certainmaximumnumberof trials still no de-
pendeny is found that is not supposedlycreatedby
a storeor a conditionalbranchinstruction,the depen-
deng is simply squashed.

3. If instructionz is aloadoperationusetheageof mem-
ory instanceglistribution to determinewvhethera store

1Relative jumps, indirect jumps and returnsdo not have destination
operandaswell. However, we will notmentionthemfor theremaindeof
this paperalthoughwe take thisinto account.

operation(beforeinstructionz in the trace)accesses
thesamememoryaddress.

4. If instruction z is a branch instruction, determine
whetherthe branchandits targetwill becorrectlypre-
dictedusingthe branchstatistics.

5. If instructionz is aloadoperationdeterminewvhether
theload will getits datafrom L1 cache,L2 cacheor
mainmemoryusingthe D-cachestatistics.

6. Determinewhetheror not instructionz will causean
I-cachemissatthelL1 or L2 level.

Trace-driven simulation. The last phaseof the staticti-
cal simulationmethodis the trace-drvensimulationof the
synthetictrace which yields IPC (numberof instructions
retired per cycle). In orderto model resourcecontention
dueto instructionsalongmisspeculatedontrol o w paths,
we apply the following strateyy whena branchinstruction
was marked asmisspeculatedy the synthetictracegener
ator: inject instructionsinto the simulator(using our syn-
thetictracegeneratorandmark themcomingfrom a mis-
speculatedxecutionpath. Whenthe misspeculatetbranch
is executed the instructionsof the misspeculategathare
squasheadndinstructionsarefetchedfrom theright control
o w path.

Simulatingstatisticalcachebehaiouris doneasfollows.
In caseof anl-cachemiss,theprocessostopsfetchingnewn
instructionsaslong asthe I-cacheis unresohed. In caseof
aD-cachaniss,theloadthatcausegnlL1 oranlL2 D-cache
misswill getanL2 D-cacheaccessime or amainmemory
accesdime assignedrespectiely.

Simulation Speed. Our experimentsshovedthat statisti-
cal simulationis a fastsimulationtechniquedueto the sta-
tistical natureof the technique.The standarddeviation on
the performancecharacteristicss lessthan1% after simu-
lating 1 million syntheticallygeneratedhstructions.

5.2 Hybrid Analytical-Statistical Modeling

We make useof the information obtainedin section4
to transformthe “classical'statisticalsimulationtechnique
into a methodologythatbridgesthe gapbetweeranalytical
andstatisticalmodeling. We tted the power law function
to the measuredcconditionaldependencerobability. It is
importantto notethatthemeasuredonditionaldependence
probability is averagedover all registerinstancesno dis-
tinction is madeper instructiontype and per sourceregis-
ter asis donein the “classical statisticalsimulationtech-
nique. This distribution tting yields ustwo parameters
and g thatfully characterizehe ageof registerinstances:
a = P[X = 1] is the probability that an operationis
dependenbn its immediatelypreceedingoperationand 3
is the slopeof the conditionaldependencerobabilityin a



log-log diagram. As a result,the abstractworkload model
only containsa few parameters:the instructionmix (19
probabilities)anda andg to characterizéheregistertraf c
(andprobabilitiesto characterizehe branchand cachebe-
haviour). Thisis in sharpcontrastto the numerousproba-
bilities includedin a statisticalpro le of the “classical'sta-
tistical simulationtechnique;e.g., in our ervironment22
distributionsareincludedeachconsistingof 512 probabili-
ties. In addition,an analyticalmodeloffers possibilitiesto
performworkloaddesignspaceaxplorations seesection?.

In the next two sectionswe describehow this methodol-
ogy canbeusedto doarchitecturalesignspaceexplorations
aswell asworkloaddesignspaceexplorations.

6. Ar chitecture DesignSpaceExploration

6.1 Out-of-order architecture

To validateour performancanodelingmethodologywe
assumedvide-issueout-of-ordersuperscalaarchitectures.
Thefour architecturegonsideredreorganizedasfollows:
aninstructionwindow w of 64, 128,256 and512 instruc-
tions;anissuewidthi of 4,8,12and16; 2, 4, 6 and8 mem-
ory units; 3, 5, 8 and 10 non-memoryunits, respectiely.
The fetch bandwidthandthe reorderbandwidthwere cho-
sento bethe sameastheissuebandwidth.The latenciesof
theinstructiontypesare:integerl cycle,load3 cycles(this
includesaddresgalculationandL1 D-cacheaccess)multi-
ply 8 cycles,FPoperation4 cycles,singleanddoublepreci-
sionFPdivide18and31cycles,respectiely. All operations
arefully pipelined,exceptfor thedivide. Dynamicmemory
disambiguatiorand selectve re-executionto recover from
misspeculatetbadsaremodeledn our simulator

The branchpredictoris a hybrid predictorwith a 4K
metapredictorchoosingbetweena 4K bimodal predictor
and an 8-bit gsharethat indexesinto a 4K predictor[10].
Thebranchtargetbuffer contains512 setsandhasanasso-
ciativity of 4. The returnaddressstackcontainseight en-
tries.

We consideredwo differentmemorysubsystems our
evaluationsection,a ‘small' anda “large' cachecon gura-
tion. The “'small' con guration hasan 8KB direct-mapped
L1 I-cachean8KB direct-mapped.1 D-cacheanda 64KB
uni ed 2-way set-associate L2 cache.The large’ con g-
urationhasa 32KB direct-mapped.1 I-cache,a 64KB 2-
way set-associate L1 D-cacheanda256KB uni ed 4-way
set-associate L2 cache All cacheshave ablock sizeof 32
bytes. A load that needsto accesd 2 cachetakes11 cy-
cles(addresgalculationplus L2 cacheaccess)aloadthat
needgo accessnainmemorytakes81 cycles.A L1 I-cache
missanda L2 I-cachemisstake 10 and80 clock cyclesto
resole, respectiely.

6.2 PerformancePrediction Accuracy

To evaluate the absolute accurag of the hybrid
analytical-statisticalmodeling technique, we have mea-
suredthe IPC predictionerror, which is the error between
the IPC by simulatinga realtraceandthe IPC by simulat-
ing a synthetictracegeneratedrom the pro le correspond-
ing to therealtrace. We have plottedtheselPC prediction
errors(positive errormeansoverestimationfor thevarious
benchmark#n Figure3 for the 'small' cachecon guration.
The “large' cachecon guration shoved lower IPC predic-
tion errors.

The IPC predictionerrorsare generallylessthan 20%
evenfor wide out-of-orderarchitecturesvhich is quite ac-
ceptabldor anearly designstagemodelingtechnique Sta-
tistically modeling li and compress on the other hand,
seemsto be highly inaccuratefor wide out-of-orderpro-
cessors.We believe that this is dueto the fact that these
benchmarkspendmostof their time in tight loopswhich
malkesa statisticatechniqudesspowerful.

The IPC prediction errors for the hybrid analytical-
statisticaltechniqueare comparableo the “classical' sta-
tistical method. We can concludethat hybrid analytical-
statisticalmodelingis nearly accurateas “classical' statis-
tical simulation.

6.3 Sensitvity Analyses

A modelingabstractiorcanalsobe evaluatedby its rela-
tiveaccurag, next to its absoluteaccurag consideredn the
previoussection.If the methodologyestimategradientsn
the designspacein a reliableway, designersanmake ap-
propriatedesigndecisionsuponthem. E.g., a low gradi-
entindicatesthe computerarchitectnot to furtherincrease
theresourcesinceit will notfurtherincreaseperformance.
Threeexamplesof sensitvity analysesare shavn in Fig-
ure 4: the sensitvity to load lateny (performancedegra-
dationby increasingheloadlateng from 3 to 4 cycleson
a 12-issue256-entrywindow processor)issuewidth (per
formancegain by increasingthe issuewidth from 8 to 16
in a128-entrywindow processorandwindow size(perfor
mancegainby increasinghewindow sizefrom 128to 512
in a 16-issueprocessor).Theseresultsare for processors
with the “large' cachecon guration since the processors
with the “small' cachecon guration shaved low sensitv-
ity to the above mentioneddesignparametersThe graphs
in Figure 4 indicatethat the “classical’ statisticaland the
hybrid analytical-statisticamodelingtechniqueare useful
to make viable designdecisionsbecausehe estimatedyra-
dientsgive agoodindicationof therealgradients.
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Figure 3. Performance prediction accuracy of the statistical and the hybrid
ulation methodology for various processor con gurations

“small' cache con guration.

7. Workload DesignSpaceExploration

Theoretical workload modeling, of which hybrid
analytical-statisticamodelingis an example,is usefulto
provide insight in programbehaiour andits implications
to performance For example,in section4, the conditional
dependencerobability was tted to the power law distri-
bution with parameters: and3. Recallthat« is the prob-
ability that an operationis dependenbn its immediately
preceedingpperationandthat g is the slopeof the condi-
tional dependencerobability in a log-log diagram. From
this obsenation we can concludethat a high g anda low
« areanindicationfor theamountof ILP (instruction-level
parallelism)available in a program. A high (low) g and
low (high) « indicatemary (few) dependenciesverlonger
(shorter)distancesandthus more (less)ILP. From a com-
piler point of view, 8 (a) canbeincreaseddecreasedpy
techniquesuchasloop unrolling, schedulingetc.

An importantadvantageof hybrid analytical-statistical
modelingover “classical statisticalmodeling and perfor
manceevaluationusing real benchmarkss that workload
designspacexplorationscanbedoneef ciently . Theoreti-
calworkloadmodelsallow usto exploretheentireworkload
designspaceby specifyinga limited numberof parameters.
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Real benchmarksuiteson the other hand, only provide a
samplefrom the entire workload spaceand althoughit is
possibleto exploretheworkloadspaceby “classical'statis-
tical modelingiit is highly impracticaldueto thenumerous
numberof probabilitiesthatneedto bespeci ed. An exam-
ple of aworkloaddesignspaceaxplorationis shovn in Fig-
ure5: IPCasafunctionof a andg for a 16-issueb12-entry
window processomwith perfectcachesanda 97% branch
predictionaccurag. Performancés moresensitveto « and
3 for low valuesof 5 andhigh valuesof «, respectiely. For
low (high) valuesof a (8), performancesaturatesor higher
(lower) valuesof 8 () which meanghatthe availableILP
remainsunexploiteddueto branchmispredictionslt is also
interestingto notethatthereexist pointsin the designspace
wheredifferentvaluesfor « and 3 resultin the sameper
formance,e.g.,a = 0.2 andg = 0.7 vs.a = 0.25 and
8 =0.8.

Theoreticalworkload modelingcanalso be usedto in-
vestigatethe interaction betweenprogram characteristics
thatarehardto vary in real programs:e.g.,the interaction
betweerthe ageof registerinstancesandthe D-cachemiss
rate,asis shovn in Figure6. This graphclearly shavs that
thelateng of loadoperationghatmissin thedatacachecan
be effectively hiddenby alongerageof registerinstances.
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Figure 4. Sensitivity analyses: performance
degradation when increasing the load latency
from 3 cycles to 4 cycles (upper graph); per-
formance gain when increasing the issue
width from 8to 16 in a 128-entry windo w pro-
cessor (graph in the middle); performance
gain when increasing the windo w size from
128 to 512 in a 16-issue processor (lower

graph).

We alsoobsene thatthe performancemprovementdueto
enlaging the ageof registerinstanceswill be modestfor
applicationswith low D-cachemissrates.
Similarworkloaddesignspaceexplorationsveredonein
previouswork but all of themuseda workload modelthat
doesnot resemblereal programcharacteristicsvhich may
leadto incorrectconclusionsDubey, AdamsandFlynn [3]
assumedh constantconditionalindependencerobability
pz; Kamin, AdamsandDubey [9] assumedin exponential
approximatiorof the conditionalindependencerobability
whichis inaccuratdor realworkloads seesectiord. Oskin,
ChongandFarrens[13] usedthe averagedependeng dis-
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m7-75
[m6.5-7

Figure 5. Workload design space: IPC as
function of a and g for a 16-issue, 512-entry
windo w processor with perfect caches and a
97% branc h prediction accuracy.
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Figure 6. Workload design space: IPC as
function of «, 8, L1 and L2 D-cache miss rate
for a 16-issue, 512-entry windo w processor
with a 2% L1 I-cache miss rate, a 0.5% L2 I-
cache miss rate and a 97% branc h prediction
accuracy.

tancebetweerninstructionsto imposeregisterdependencies
whichis unrealisticaswell, seesection3.

8. Related Work

Dubegy, AdamsandFlynn[3] andthecontinuatiorof that
work doneby Kamin, Adamsand Dubey [9] proposedan
analytical performancenodel on the basisof two param-
etersthat can be extractedfrom a programtrace. Noon-
burg andShen[11] presentednanalyticalmodelthatuses
distributions of parallelism measuredrom real program
traceswithoutactuallymodelinginter-operatiordependen-



cies. Noonhurg and Shencontinuedtheir work in [12]
wherethey presenteda framework that modelsthe execu-
tion of a programon a particulararchitectureasa Markov
chain,in whichthestatespaceas determinedy themicroar
chitectureandin whichthetransitionprobabilitiesaredeter
minedby the program.Sorinetal. [14] proposedananalyt-
ical modelfor evaluatingshared-memorgystemswith ILP
processors.

Hsieh and Pedram([7] presenta techniqueto estimate
performancendpower dissipationof a microprocessoby

rst measuringa characteristiqro le of a programexecu-
tion, and by subsequenthgynthesizinga new, fully func-
tionalprogramthatmatchegheextractedcharacteristipro-
le. Thecharacteristigro le includestheinstructionmix,
branchpredictionaccurag, cachemissrate, pipeline stall
rate and IPC. The major disadwantageof this approach
is that all characteristic@re microarchitecture-dependent.
Consequentlythis approactcannotbeusedfor architecture
nor workloaddesignspaceaxplorations.

Carl andSmith[2] proposedan approachwherea syn-
theticinstructiontracewasgeneratedasedon a statistical
pro le andfed into atrace-drvensimulator Oskin,Chong
andFarreng13] usedasimilarapproachn HLS to perform
designspacexplorationsof microprocessorm anef cient
way. Our previouswork focusedon guaranteeingyntacti-
cal correctnes®f the synthetictrace—i.e.,storesandcon-
ditional branchesshouldnot have a destinationoperand—
while preservingthe representatienessof the generated
trace[5]; andonincreasingheaccuray of statisticalsimu-
lation by modelingbursty cachemissbehaiour [4].

9. Conclusion

Microprocessodesigntime is gettingimpracticallylong
dueto long simulationrunsthatneedto be doneto evaluate
variousprocessoron gurationsfor variousworkloads. In
this paperwe have presentednearlydesignstagemethod-
ologythatbridgesthe gapbetweeranalyticalandstatistical
modeling. This methodcanbe usedto ef ciently cull huge
designspaceso identify aregion of interestthatneedgo be
further analyzedthrough more accuratesimulationsusing
real benchmarks.The hybrid analytical-statisticamethod
proposedn this paperis basedon the obsenationthatreg-
istertraf ¢ characteristicssuchasthe age of registerin-
stancesexhibit powerlaw properties Thisobsenationmo-
tivatesour approachto t a power law distribution to the
conditionaldependencerobabilitywhich is moreaccurate
thanpreviously proposedipproximationsThis allows usto
presentan analyticalworkloadmethodthatfully character
izesaworkloadbasedon just a few parametersin this pa-
per, we have alsodemonstratethe applicabilityandtheac-
curag of thehybridanalytical-statisticainodelingmethod-
ology to explore architectureas well as workload design

spaceswhich would have beendif cult, if notimpossible,
usingothermethodologies.
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| | li ] gcc | compress] go | ijpeg [ vortex [ m88ksim | perl |
dyn.instr. count(M) 226 182 217 200 170 200 200 200
stat.instr. count(90%) 580 24,084 336 6,744 1,150 2,544 1,097 1,546
a 0.241 0.234 0.236 0.206 0.209 0.199 0.271 0.240
B 0.702 0.731 0.813 0.682 0.765 0.598 0.922 0.632
% conditionalbranches| 11.22% | 12.70% 7.17% | 10.10% 8.69% | 9.33% 7.67% | 10.95%
predictionaccurag 93.99% | 91.49% 89.17% | 79.01% | 90.91% | 99.03% 95.87% | 96.21%
% loads 34.36% | 30.18% 31.02% | 37.19% | 24.70% | 28.38% 29.12% | 29.84%
% stores 13.83% | 10.98% 4.80% | 7.32% 5.21% | 14.62% | 14.09% | 14.60%
8KB DM L1 I-cache;8KB DM L1 D-cache;64KB 2WSAuni ed L2 cache
L1 I-cachemissrate 2.17% 3.87% <0.01% 3.53% 0.03% 5.68% 3.67% 4.30%
L2 I-cachemissrate 0.03% | 0.95% | <0.01% | 0.65% | <0.01% | 0.50% 1.95% 0.38%
L1 D-cachemissrate 4.42% 7.10% 3.88% 8.32% 3.42% | 10.63% 6.66% | 16.50%
L2 D-cachemissrate 2.67% | 2.27% 2.42% | 0.73% 0.39% | 1.33% 0.25% 1.43%
32KB DM L1 I-cache;64KB 2WSA L1 D-cache256KB 4WSAuni ed L2 cache
L1 I-cachemissrate 0.03% 1.67% <0.01% 1.38% | <0.01% 1.59% 3.85% 1.02%
L2 I-cachemissrate <0.01% | 0.19% | <0.01% | 0.01% | <0.01% | 0.03% | <0.01% | <0.01%
L1 D-cachemissrate 2.43% 1.12% 1.45% 0.06% 0.02% 0.27% 0.01% 0.54%
L2 D-cachemissrate 0.20% 0.28% 0.97% 0.03% 0.36% 0.46% 0.02% 0.02%
Table 1. Characteristics of the SPECint95 traces.
| | mpeg | jpeg | gs [ verilog | realgcc | sdet]| nroff [ groff |
dyn.instr. count(M) 99 97 106 a7 110 38 110 97
stat.instr. count(90%) 7,357 1,740 7,895 5,631 | 21,940 7,804 2,014 4,346
a 0.268 0.248 0.259 0.233 0.270 0.259 0.328 0.269
B 0.825 0.749 0.781 0.714 0.791 0.835 0.975 0.751
% conditionalbranches| 9.63% | 16.31% | 14.45% | 13.68% | 15.01% | 10.68% | 20.81% | 12.89%
predictionaccurag 95.27% | 98.73% | 97.15% | 97.04% | 93.82% | 95.35% | 98.23% | 97.24%
% loads 25.03% | 16.93% | 22.66% | 27.74% | 24.26% | 24.81% | 21.54% | 26.63%
% stores 17.77% 7.42% | 14.11% | 20.35% | 13.92% | 16.38% | 10.23% | 15.00%
8KB DM L1 I-cache;8KB DM L1 D-cache64KB 2WSAuni ed L2 cache
L1 I-cachemissrate 2.62% 1.50% | 4.50% | 4.31% 3.98% | 3.96% | 3.16% | 6.09%
L2 I-cachemissrate 2.06% 1.01% 1.30% 1.20% 1.32% 2.69% 0.48% 1.33%
L1 D-cachemissrate 7.35% | 4.27% | 6.73% | 4.56% 5.35% | 5.57% | 6.83% | 4.86%
L2 D-cachemissrate 4.65% 2.99% 2.57% 7.93% 2.38% 4.73% 1.14% 1.78%
32KB DM L1 I-cache;64KB 2WSA L1 D-cache256KB 4WSAuni ed L2 cache
L1 I-cachemissrate 2.04% 1.28% | 2.33% 1.90% 2.14% | 3.27% 1.83% | 3.13%
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