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Abstract

Microprocessordesigntime and effort are getting im-
practical dueto thehuge numberof simulationsthat need
to be done to evaluate various processorcon�gurations
for various workloads. An early designstage methodol-
ogy could be usefulto ef�ciently cull huge designspaces
to identify regionsof interest to be further explored using
more accurate simulations. In this paper, we presentan
early designstage methodthat bridges the gap between
analyticalandstatisticalmodeling. Thehybrid analytical-
statisticalmethodpresentedhere is basedon the observa-
tion that register traf�c characteristicsexhibit power law
propertieswhich allowsusto fully characterizea workload
with justa few parameterswhich is much moreef�cient than
the collection of distributions that needto be speci�ed in
classicalstatisticalmodeling. We evaluatetheapplicability
andtheusefulnessof this hybrid analytical-statisticalmod-
eling techniqueto ef�ciently and accurately cull huge ar-
chitectural designspaces.In addition,wedemonstratethat
thishybridanalytical-statisticalmodelingtechniquecanbe
usedto explore theentire workloadspaceby varyingjust a
few workloadparameters.

1. Intr oduction

Theefforts to designfuturemicroprocessorsareever in-
creasingasmicroprocessordesignsandworkloadsarebe-
comingmore andmore complex. This is re�ected in the
hugenumberof simulationsthat needto be run in order
to obtaina cost-effectiveandhigh-performancedesign.In-
deed,numerousprocessorcon�gurationsneedto beevalu-
atedfor variousworkloads,whichresultsin longsimulation
times.It canbeexpectedthatexploringhugedesignspaces
even throughhigh-level architecturalsimulationswill be-
comeimpracticalif not impossiblein thenearfuturegiven
time-to-market considerations[1]. So, thereis a needfor

methodsto ef�ciently cull hugedesignspacesin early de-
signstages.Theseearlydesignstagemethodsshouldiden-
tify regionsof interestthatcouldbefurtherexploredin more
detailby moreaccuratearchitecturalsimulations.

In this paper, we presentan early designstagemethod-
ology that bridgesthe gapbetweenanalyticalandstatisti-
cal modeling. This hybrid analytical-statisticalmodeling
techniqueis basedon the observation that register traf�c
characteristicsexhibit powerlaw properties.E.g., the dis-
tribution of theageof registerinstances,or the numberof
dynamicinstructionsbetweenwriting andreadingthesame
register, hasa power law probability distribution function��� ���	��
���
������

. This previously unknown property
allows us to characterizeregister traf�c by meansof two
parameters,



and � , which is muchmoreef�cient thanthe

collectionof distributionsthatis usedin theclassicalstatis-
tical modelingmethodology[2, 4, 5, 12, 13]. Theresulting
hybrid analytical-statisticalworkload model provides op-
portunitiesto exploretheentire workloadspaceby varying
theanalyticalworkloadparameters,namely



and � . These

workloadparameterscanbe variedto model future work-
loadsandin addition,the interactionbetweenarchitectural
andworkloadparameterscanbeinvestigatedfreelywhichis
impractical,if not impossible,usingrealbenchmarkssince
thelatterarejust isolatedpointsin thedesignspace.Next to
demonstratingthat the hybrid analytical-statisticalmethod
canbe usedto explore the workloadspace,we alsoshow
that hybrid analytical-statisticalmodelingcan be usedto
perform architecturedesignspaceexplorationsin an ef�-
cientandaccuratemanner.

This paperis organizedas follows. In section2, we
presentthe benchmarksthat we have usedin this study.
In section3, we identify registertraf�c characteristicsand
we show its power law properties. In section4, we show
how distribution �tting was done to estimateparameters
that characterizethe register traf�c in applications. Sec-
tion 5 presentsthehybridanalytical-statisticalmethodology
which is shown to be useful to perform architectureand
workload spaceexplorationsin sections6 and 7, respec-



tively. Finally, weendwith relatedwork andconclusions.

2. Benchmarks

To increasethe validity of the observed register traf-
�c characteristics,we included two different workloads,
namelySPECint95andIBS [15], seeTables1 and2. These
two workloadsaretwo differenttypesof workloadandwere
obtainedusingdifferentcompilersfor differentinstruction
setarchitectures.TheSPECint95tracesweregeneratedon
a DEC 500austationwith an Alpha 21164processor. The
Alphaarchitectureis aload/storearchitectureandhas32in-
tegerand32�oating-point registers,eachof whichis 64bits
wide. TheSPECint95benchmarkshavebeencompiledwith
theDEC cc compilerversion5.6with theoptimization�ag
setto -O4 andlinkedstaticallyusingthe-non shared �ag.
Thetraceswerecarefullyselectednot to includeinitializa-
tion code.TheIBS tracesweregeneratedona MIPS-based
DEC 3100systemrunningtheMach3.0 operatingsystem.
WeincludedtheIBS tracesin ourstudybecausethesetraces
areknown to have a largerinstructionfootprint (dueto the
inclusionof signi�cant amountsof operatingsystemactiv-
ity) andto stressthememorysubsytemmorethanSPECint
benchmarksdo [15]. We excludedthezeroregisterr0 from
all measurement.

3. RegisterTraf�c Characteristics

In modernout-of-orderarchitectures,the registersare
the primary means for inter-operation communication.
Whenanoperationwritesa valueinto a register, a new reg-
ister instanceis created. Operationsthatreadaregister, are
saidto usethecorrespondingregisterinstance.Franklinand
Sohi [6] proposedfour metricsto characterizethe register
traf�c in modernout-of-orderarchitectures.The �rst met-
ric is thedegreeof useof registerinstanceswhichmeasures
thenumberof timesa registerinstanceis usedby otherop-
erations.Thethreeremainingmetricsquantifythetemporal
locality of creationanduseof registerinstances: (i) theage
of register instances, i.e., the numberof (dynamic)opera-
tionsbetweentheuseandthecreationof aregisterinstance;
(ii) theusefullifetimeof registerinstances, i.e., thenumber
of operationsbetweenthecreationandthelastuseof a reg-
isterinstance;and(iii) thelifetimeof registerinstances, i.e.,
thenumberof operationsbetweentwo consecutivewritesto
thesameregister.

Wehavemeasuredthesefour metricsfor thebenchmarks
mentionedin theprevioussection.Theprobabilitydistribu-
tion functions(PDFs)shown in Figure1 areaveragedover
the IBS traces. ThesePDFsclearly follow a straightline
whendisplayedin a log-log diagram. A PDF that follows
a straightline in a log-log diagramis calleda power law

distribution or a Paretodistribution with probabilitydistri-
bution function ��� �������������� �! for which "$#%�&#('
is theintersectof thePDFwith theY axisand )*#+' is the
slopeof thestraightline of thePDFin a log-logdiagram.

We observedthesepower law propertiesfor theindivid-
ual IBS tracesaswell asfor mostotherbenchmarks.The
benchmarksfor which we did not observepower law prop-
ertiesarebenchmarkswith small instructionfootprintsthat
spendmostof their time in small loops,e.g., li andcom-
press, seeTables1 and2 wherethe numberof static in-
structionsis shown 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
observed register traf�c characteristicsexhibit power law
properties. This conclusionis motivatedby the fact that
real workloads—whichshouldbe of interestto computer
architectssince they build systemsfor real workloads—
areknown to have larger instructionfootprints thansome
SPECintbenchmarksand will thus exhibit similar regis-
ter traf�c characteristicsasthebenchmarkswith largefoot-
printspresentedhere.As far aswe know, we arethe�rst to
reportthat theseregistertraf�c characteristicsshow power
law properties.

It is interestingto notethatapowerlaw distributionwith
PDF �,� ���&���-�,���. /! hasanin�nite meanwhen )10+2 .
The slopesof the age,the useful lifetime andthe lifetime
of register instancesPDFsare 032 , e.g., the slopeof the
agePDF is "547698 . As a result,the signi�canceof the aver-
ageageof registeroperands(alsocalledtheaveragedepen-
dency distancebetweenoperationsby someauthors[8, 13])
is limited.

4. Distrib ution Fitting

As saidin the introduction,we will usethefact that the
PDF of the age of register instancesexhibits power law
propertiesto obtainananalyticalworkloadmodelthatwill
beusedin a hybrid analytical-statisticalmodelingenviron-
mentto estimatemicroprocessorperformance.To obtainan
abstractworkloadmodelthatis basedonasmallnumberof
parameters,we have to approximatemeasureddistribution
functionswith theoreticaldistribution functionsby estimat-
ing parameters,also calleddistribution �tting. In the an-
alytical workloadmodel, the parametersof the theoretical
distribution thendescribetheworkload. To estimatetheo-
reticaldistributionparametersconcerningtheageof register
instanceswe take the following approach.ThePDFof the
ageof registerinstances��� �:�,��� canbewrittenas

�(� ���&���.�,�(� ���,�<;=�?>*���/@A�(� �B>C���EDF�G>("
where ��� �H���I;5�J>	��� could be de�ned as the con-
ditional dependenceprobability "LKNM-O (M/O correspondsto
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Figure 1. Register traf�c metrics measured for the IBS traces: (i) degree of use , (ii) age, (iii) useful
lif etime and (iv) lif etime of register instances.

theconditionalindependenceprobabilityde�nedby Dubey,
AdamsandFlynn [3]); i.e., P-Q is theprobabilitythatanop-
erationis independenton aninstructionthatcomesR oper-
ationsaheadin theinstructiontracegiventhattheoperation
is independentof the RTS+U operationsaheadof thatopera-
tion. Usinginductionit canbeeasilyveri�ed that VXW Y�Z,R�[
canbewrittenas

V(W Y�Z,R�[\Z^]_U`SaP/Qcb�d5]_ULS Q5e\fg h i f V(W Y�Z&jk[lb
Z^]mU`S<PnQob�d Q5e\fph i f P

h q RGr%Uos
CalculatingP Q from themeasuredV�W YtZuR�[ canbedone
asfollows:

P Q Z^UvS V%W Y:Z,R�[U`Sxw Q5e\fh i f V%W Y:Z,jk[ s
Kamin,AdamsandDubey [9] approximatedtheconditional
independenceprobability PnQ by anexponentialfunction

P/Qzy^U`SI{}| e�~oQ q

where { and � areconstantsthat aredeterminedthrough
regressiontechniquesappliedto themeasuredP\Q .

Our dataon the otherhand,reveal that P-Q canbe more
accuratelyapproximatedby apower law functionP/Q�y^U`SI{�R e/~ s
This is shown for theIBS tracereal gcc in Figure2.

Thedistribution �tting wasdoneby minimizing thesum
of squarederrorsbetweenthe theoreticaldistributionsand
themeasureddataof theconditionaldependenceprobabil-
ity. Thisminimizationgivesahigherweightto smallerval-
uesof R . This choiceis motivatedby thefactthatwe want
to usethisapproximationasanabstractworkloadmodelfor
a hybrid analytical-statisticalperformancemodelingtech-
niquein which anaccurateapproximationof themeasured
datafor small valuesof R is necessaryto 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
that this alsoleadsto a higherperformanceaccuracy. For
mostbenchmarks,we observed a comparableapproxima-
tion quality as in Figure 2. For somebenchmarkshow-
ever, theexponentialapproximationis moreaccurate;thisis
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Figure 2. Parameter estimation of the condi­
tional dependence probability �n� of the age
of register instances for real gcc. The corre­
sponding probability and cum ulative distrib u­
tion functions are as well.

true for benchmarkswith small instructionfootprints,e.g.,
li and compress. As said before, this doesnot keepus
from concludingthat thepower law approximationoutper-
formstheexponentialapproximationsincecomputerarchi-
tectsaremainly interestedin realworkloadswhendesign-
ing realmicroprocessors.

We also experimentedwith �tting theoreticaldistribu-
tions to the measuredPDF datainsteadof the conditional
dependenceprobability. We foundthat �tting to thecondi-
tionaldependenceprobabilitygenerallyyieldsamoreaccu-
rateapproximation,whichmotivatesourapproach.

The � and � valuesobtainedfrom distribution �tting are
listedin Tables1 and2 for thevariousbenchmarks:� varies

between0.20and0.33and � variesbetween0.60and0.98.

5. Hybrid Analytical-Statistical Modeling

We �rst describethe `classical' statistical simulation
techniqueafterwhichweshow whatneedsto bedoneto ob-
taina hybridanalytical-statisticalmodelingmethodology.

5.1. Statistical Modeling

The statisticalsimulationmethodologyworks in three
steps: statisticalpro�ling, synthetictracegenerationand
trace-drivensimulation.

Statistical Pro�ling . During thestatisticalpro�ling step,
a real programtrace is analyzedby a microarchitecture-
dependent pro�ling tool and a microarchitecture-
independentpro�ling tool. The completeset of statistics
collectedduring statisticalpro�ling is called a statistical
pro�le . The microarchitecture-independent pro�ling tool
extracts statistics concerning the instruction mix (we
identify 19 instructionclassesaccordingto semanticsand
numberof sourceregisters),the ageof the input register
instances(measuredper instruction classand per source
register, 22 distributions in total) and the ageof memory
instances.

The microarchitecture-dependent pro�ling tool extracts
statisticsconcerningthebranchandcachebehaviour of the
programtrace for a speci�c branchpredictor and a spe-
ci�c cacheorganization. The branch statisticsconsistof
sevenprobabilities:(i) theconditionalbranchtargetpredic-
tion accuracy, (ii) the conditionalbranch(taken/not-taken)
predictionaccuracy, (iii) the relative branchtarget predic-
tion accuracy, (iv) the relative call target predictionaccu-
racy, (v) the indirect jump target predictionaccuracy, (vi)
the indirectcall targetpredictionaccuracy and(vii) there-
turn target predictionaccuracy. The reasonto distinguish
betweenthesesevenprobabilitiesis that thepredictionac-
curaciesgreatlyvary amongthevariousbranchclasses.In
addition, the penaltiesintroducedby thesearecompletely
different. A mispredictionin cases(i), (iii) and (iv) only
introducesa single-cycle bubblein thepipeline.Cases(ii),
(v), (vi) and(vii) on the otherhand,will causethe entire
processorpipelineto be�ushed andto bere�lled whenthe
mispredictedbranchis executed.

Thecachestatisticsincludetwo setsof distributions:the
D-cacheandthe I-cachestatistics. The D-cachestatistics
containtwo probabilities,namelytheprobabilitythata load
operationneedsto accesstheL2 cache(L1 cachemiss)and
mainmemory(L2 cachemiss)to get its data. TheI-cache
statisticsconsistsof two probabilitiesaswell, namelythe
probability that thefetchunit needsto accesstheL2 cache
andmainmemoryto getaninstruction.



A statisticalpro�le canbecomputedfrom anactualtrace
but it is moreconvenientto computeit on-the-�y from ei-
theraninstrumentedfunctionalsimulator, or from aninstru-
mentedversionof thebenchmarkprogramrunningonareal
systemwhich eliminatesthe needto storehugetraces. A
secondnoteis thatalthoughcomputinga statisticalpro�le
might takea longtime,it shouldbedoneonly oncefor each
benchmarkwith agiveninput. And sincestatisticalsimula-
tion is a fastanalysistechnique,computingastatisticalpro-
�le will beworthwhile. A third importantnoteis thatmak-
ing a distinctionbetweenmicroarchitecture-dependentand
-independentcharacteristicsimplies that statisticalsimula-
tion cannotbeusedto studybranchpredictorsor cacheor-
ganizations;other microarchitecturalparametershowever,
like window size,issuewidth, instructionlatency, etc.can
bevariedfreely. A fourth noteto bemadeis thatstatistical
simulationmakesno distinctionbetweendifferentprogram
phases.If this would ever limit the accuracy of statistical
simulation,a programtracecouldbeeasilysegmentedand
differentpro�les couldbeusedfor eachprogramphase.

Synthetic Trace Generation. Oncea statisticalpro�le is
computed,asynthetictraceis generatedby asynthetictrace
generatorusing this statisticalpro�le. This is done �a la
MonteCarlo: a randomnumberis generated,that will de-
terminea programcharacteristicusinga cumulative distri-
bution function.

The generationof a synthetictrace itself works on an
operation-by-operationbasis. Considerthe generationof
operation� in thesyntheticinstructionstream:

1. Determinethe instructiontype using the instruction-
mix distribution.

2. For eachsourceoperand,determinetheoperationthat
createsthis register instanceusingthe ageof register
instancesdistribution. Noticethatwhena dependency
is createdin thisstep,we cannotassurethattheopera-
tion that is thecreatorof that registerinstance,is nei-
ther a storenor a conditionalbranchoperation1. The
demandof syntacticalcorrectnessdoesnotallow usfor
assigninga destinationoperandto a storeanda condi-
tional branchinstruction. This problemis solved as
follows: look for anothercreatorinstructionuntil we
getonethat is not a storenor a conditionalbranch.If
after a certainmaximumnumberof trials still no de-
pendency is found that is not supposedlycreatedby
a storeor a conditionalbranchinstruction,thedepen-
dency is simplysquashed.

3. If instruction� is aloadoperation,usetheageof mem-
ory instancesdistribution to determinewhethera store

1Relative jumps, indirect jumps and returnsdo not have destination
operandsaswell. However, wewill notmentionthemfor theremainderof
thispaperalthoughwe take this into account.

operation(beforeinstruction � in the trace)accesses
thesamememoryaddress.

4. If instruction � is a branch instruction, determine
whetherthebranchandits targetwill becorrectlypre-
dictedusingthebranchstatistics.

5. If instruction� is a loadoperation,determinewhether
the load will get its datafrom L1 cache,L2 cacheor
mainmemoryusingtheD-cachestatistics.

6. Determinewhetheror not instruction � will causean
I-cachemissat theL1 or L2 level.

Trace-driven simulation. The last phaseof the staticti-
cal simulationmethodis the trace-drivensimulationof the
synthetictracewhich yields IPC (numberof instructions
retired per cycle). In order to model resourcecontention
dueto instructionsalongmisspeculatedcontrol �o w paths,
we apply the following strategy whena branchinstruction
wasmarkedasmisspeculatedby thesynthetictracegener-
ator: inject instructionsinto the simulator(usingour syn-
thetic tracegenerator)andmark themcomingfrom a mis-
speculatedexecutionpath.Whenthemisspeculatedbranch
is executed,the instructionsof the misspeculatedpathare
squashedandinstructionsarefetchedfrom theright control
�o w path.

Simulatingstatisticalcachebehaviour is doneasfollows.
In caseof anI-cachemiss,theprocessorstopsfetchingnew
instructionsaslong astheI-cacheis unresolved. In caseof
aD-cachemiss,theloadthatcausesanL1 or anL2 D-cache
misswill getanL2 D-cacheaccesstime or a mainmemory
accesstimeassigned,respectively.

Simulation Speed. Our experimentsshowedthatstatisti-
cal simulationis a fastsimulationtechniquedueto thesta-
tistical natureof the technique.The standarddeviation on
theperformancecharacteristicsis lessthan1% aftersimu-
lating1 million syntheticallygeneratedinstructions.

5.2. Hybrid Analytical­Statistical Modeling

We make useof the information obtainedin section4
to transformthe `classical'statisticalsimulationtechnique
into a methodologythatbridgesthegapbetweenanalytical
andstatisticalmodeling. We �tted thepower law function
to the measuredconditionaldependenceprobability. It is
importantto notethatthemeasuredconditionaldependence
probability is averagedover all register instances;no dis-
tinction is madeper instructiontype andper sourceregis-
ter as is donein the `classical'statisticalsimulationtech-
nique. This distribution �tting yields us two parameters�
and � that fully characterizethe ageof register instances:�B����� � ����� is the probability that an operationis
dependenton its immediatelypreceedingoperationand �
is the slopeof the conditionaldependenceprobability in a



log-log diagram.As a result,theabstractworkloadmodel
only containsa few parameters:the instructionmix (19
probabilities)and � and � to characterizetheregistertraf�c
(andprobabilitiesto characterizethebranchandcachebe-
haviour). This is in sharpcontrastto thenumerousproba-
bilities includedin a statisticalpro�le of the`classical'sta-
tistical simulationtechnique;e.g., in our environment22
distributionsareincludedeachconsistingof 512probabili-
ties. In addition,ananalyticalmodelofferspossibilitiesto
performworkloaddesignspaceexplorations,seesection7.

In thenext two sections,wedescribehow thismethodol-
ogycanbeusedto doarchitecturedesignspaceexplorations
aswell asworkloaddesignspaceexplorations.

6. Ar chitecture DesignSpaceExploration

6.1. Out­of­order architecture

To validateour performancemodelingmethodology, we
assumedwide-issueout-of-ordersuperscalararchitectures.
Thefour architecturesconsideredareorganizedasfollows:
an instructionwindow w of 64, 128, 256 and512 instruc-
tions;anissuewidth i of 4, 8, 12and16;2, 4, 6 and8 mem-
ory units; 3, 5, 8 and10 non-memoryunits, respectively.
The fetchbandwidthandthe reorderbandwidthwerecho-
sento bethesameastheissuebandwidth.Thelatenciesof
theinstructiontypesare:integer1 cycle, load3 cycles(this
includesaddresscalculationandL1 D-cacheaccess),multi-
ply 8 cycles,FPoperation4 cycles,singleanddoublepreci-
sionFPdivide18and31cycles,respectively. All operations
arefully pipelined,exceptfor thedivide. Dynamicmemory
disambiguationandselective re-executionto recover from
misspeculatedloadsaremodeledin oursimulator.

The branchpredictor is a hybrid predictor with a 4K
metapredictorchoosingbetweena 4K bimodal predictor
andan 8-bit gsharethat indexes into a 4K predictor[10].
Thebranchtargetbuffer contains512setsandhasanasso-
ciativity of 4. The returnaddressstackcontainseight en-
tries.

We consideredtwo differentmemorysubsystemsin our
evaluationsection,a `small' anda `large' cachecon�gura-
tion. The`small' con�guration hasan8KB direct-mapped
L1 I-cache,an8KB direct-mappedL1 D-cacheanda64KB
uni�ed 2-way set-associative L2 cache.The`large' con�g-
urationhasa 32KB direct-mappedL1 I-cache,a 64KB 2-
wayset-associativeL1 D-cacheanda256KBuni�ed 4-way
set-associativeL2 cache.All cacheshaveablocksizeof 32
bytes. A load that needsto accessL2 cachetakes11 cy-
cles(addresscalculationplusL2 cacheaccess);a loadthat
needsto accessmainmemorytakes81cycles.A L1 I-cache
missanda L2 I-cachemisstake 10 and80 clock cyclesto
resolve,respectively.

6.2. PerformancePrediction Accuracy

To evaluate the absolute accuracy of the hybrid
analytical-statisticalmodeling technique,we have mea-
suredthe IPC predictionerror, which is the error between
the IPC by simulatinga real traceandthe IPC by simulat-
ing asynthetictracegeneratedfrom thepro�le correspond-
ing to thereal trace. We have plottedtheseIPC prediction
errors(positiveerrormeansoverestimation)for thevarious
benchmarksin Figure3 for the`small' cachecon�guration.
The `large' cachecon�guration showed lower IPC predic-
tion errors.

The IPC predictionerrorsare generallylessthan 20%
evenfor wide out-of-orderarchitectureswhich is quiteac-
ceptablefor anearlydesignstagemodelingtechnique.Sta-
tistically modeling li and compress on the other hand,
seemsto be highly inaccuratefor wide out-of-orderpro-
cessors.We believe that this is due to the fact that these
benchmarksspendmostof their time in tight loopswhich
makesa statisticaltechniquelesspowerful.

The IPC prediction errors for the hybrid analytical-
statisticaltechniqueare comparableto the `classical' sta-
tistical method. We can concludethat hybrid analytical-
statisticalmodelingis nearlyaccurateas`classical'statis-
tical simulation.

6.3. Sensitivity Analyses

A modelingabstractioncanalsobeevaluatedby its rela-
tiveaccuracy, next to its absoluteaccuracy consideredin the
previoussection.If themethodologyestimatesgradientsin
thedesignspacein a reliableway, designerscanmake ap-
propriatedesigndecisionsupon them. E.g., a low gradi-
ent indicatesthecomputerarchitectnot to further increase
theresourcesinceit will not further increaseperformance.
Threeexamplesof sensitivity analysesare shown in Fig-
ure 4: the sensitivity to load latency (performancedegra-
dationby increasingthe loadlatency from 3 to 4 cycleson
a 12-issue256-entrywindow processor),issuewidth (per-
formancegain by increasingthe issuewidth from 8 to 16
in a128-entrywindow processor)andwindow size(perfor-
mancegainby increasingthewindow sizefrom 128to 512
in a 16-issueprocessor).Theseresultsare for processors
with the `large' cachecon�guration since the processors
with the `small' cachecon�guration showed low sensitiv-
ity to theabove mentioneddesignparameters.Thegraphs
in Figure 4 indicatethat the `classical' statisticaland the
hybrid analytical-statisticalmodelingtechniqueareuseful
to make viabledesigndecisionsbecausetheestimatedgra-
dientsgivea goodindicationof therealgradients.
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Figure 3. Performance prediction accurac y of the statistical and the hybrid analytical­statistical sim­
ulation methodology for various processor con�gurations ( � is windo w size; � is issue width) with a
`small' cache con�guration.

7. Workload DesignSpaceExploration

Theoretical workload modeling, of which hybrid
analytical-statisticalmodelingis an example, is useful to
provide insight in programbehaviour and its implications
to performance.For example,in section4, theconditional
dependenceprobability was �tted to the power law distri-
bution with parameters� and � . Recallthat � is theprob-
ability that an operationis dependenton its immediately
preceedingoperationandthat � is the slopeof the condi-
tional dependenceprobability in a log-log diagram. From
this observation we canconcludethat a high � anda low� areanindicationfor theamountof ILP (instruction-level
parallelism)available in a program. A high (low) � and
low (high) � indicatemany (few) dependenciesover longer
(shorter)distancesandthusmore(less)ILP. From a com-
piler point of view, � ( � ) canbe increased(decreased)by
techniquessuchasloop unrolling,scheduling,etc.

An importantadvantageof hybrid analytical-statistical
modelingover `classical' statisticalmodelingand perfor-
manceevaluationusing real benchmarksis that workload
designspaceexplorationscanbedoneef�ciently . Theoreti-
calworkloadmodelsallow usto exploretheentireworkload
designspaceby specifyinga limited numberof parameters.

Real benchmarksuiteson the other hand,only provide a
samplefrom the entireworkloadspaceandalthoughit is
possibleto exploretheworkloadspaceby `classical'statis-
tical modeling,it is highly impracticaldueto thenumerous
numberof probabilitiesthatneedto bespeci�ed.An exam-
pleof aworkloaddesignspaceexplorationis shown in Fig-
ure5: IPCasa functionof � and � for a16-issue512-entry
window processorwith perfectcachesand a 97% branch
predictionaccuracy. Performanceis moresensitiveto � and� for low valuesof � andhighvaluesof � , respectively. For
low (high)valuesof � ( � ), performancesaturatesfor higher
(lower) valuesof � ( � ) which meansthattheavailableILP
remainsunexploiteddueto branchmispredictions.It is also
interestingto notethatthereexist pointsin thedesignspace
wheredifferentvaluesfor � and � result in the sameper-
formance,e.g., �������7� and ������� � vs. �������7�5¡ and�¢�,��� £ .

Theoreticalworkloadmodelingcanalsobe usedto in-
vestigatethe interactionbetweenprogramcharacteristics
thatarehardto vary in realprograms:e.g.,the interaction
betweentheageof registerinstancesandtheD-cachemiss
rate,asis shown in Figure6. This graphclearlyshows that
thelatency of loadoperationsthatmissin thedatacachecan
beeffectively hiddenby a longerageof registerinstances.
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Figure 4. Sensitivity analyses: perf ormance
degradation when increasing the load latenc y
from 3 cycles to 4 cycles (upper graph); per­
formance gain when increasing the issue
width from 8 to 16 in a 128­entr y windo w pro­
cessor (graph in the mid dle); perf ormance
gain when increasing the windo w size from
128 to 512 in a 16­issue processor (lower
graph).

We alsoobserve that theperformanceimprovementdueto
enlarging the ageof register instanceswill be modestfor
applicationswith low D-cachemissrates.

Similarworkloaddesignspaceexplorationsweredonein
previouswork but all of themuseda workloadmodelthat
doesnot resemblerealprogramcharacteristicswhich may
leadto incorrectconclusions.Dubey, AdamsandFlynn [3]
assumeda constantconditional independenceprobability¤/¥ ; Kamin, AdamsandDubey [9] assumedanexponential
approximationof theconditionalindependenceprobability
whichis inaccuratefor realworkloads,seesection4. Oskin,
ChongandFarrens[13] usedthe averagedependency dis-
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tancebetweeninstructionsto imposeregisterdependencies
which is unrealisticaswell, seesection3.

8. RelatedWork

Dubey, AdamsandFlynn[3] andthecontinuationof that
work doneby Kamin, AdamsandDubey [9] proposedan
analyticalperformancemodel on the basisof two param-
etersthat can be extractedfrom a programtrace. Noon-
burg andShen[11] presentedananalyticalmodelthatuses
distributions of parallelismmeasuredfrom real program
traces,withoutactuallymodelinginter-operationdependen-



cies. Noonburg and Shencontinuedtheir work in [12]
wherethey presenteda framework that modelsthe execu-
tion of a programon a particulararchitectureasa Markov
chain,in whichthestatespaceis determinedby themicroar-
chitectureandin whichthetransitionprobabilitiesaredeter-
minedby theprogram.Sorinetal. [14] proposedananalyt-
ical modelfor evaluatingshared-memorysystemswith ILP
processors.

Hsieh and Pedram[7] presenta techniqueto estimate
performanceandpower dissipationof a microprocessorby
�rst measuringa characteristicpro�le of a programexecu-
tion, andby subsequentlysynthesizinga new, fully func-
tionalprogramthatmatchestheextractedcharacteristicpro-
�le. Thecharacteristicpro�le includestheinstructionmix,
branchpredictionaccuracy, cachemiss rate,pipelinestall
rate and IPC. The major disadvantageof this approach
is that all characteristicsare microarchitecture-dependent.
Consequently, thisapproachcannotbeusedfor architecture
norworkloaddesignspaceexplorations.

Carl andSmith [2] proposedanapproach,wherea syn-
thetic instructiontracewasgeneratedbasedon a statistical
pro�le andfed into a trace-drivensimulator. Oskin,Chong
andFarrens[13] usedasimilarapproachin HLS to perform
designspaceexplorationsof microprocessorsin anef�cient
way. Our previouswork focusedon guaranteeingsyntacti-
cal correctnessof thesynthetictrace—i.e.,storesandcon-
ditional branchesshouldnot have a destinationoperand—
while preservingthe representativenessof the generated
trace[5]; andonincreasingtheaccuracy of statisticalsimu-
lationby modelingburstycachemissbehaviour [4].

9. Conclusion

Microprocessordesigntime is gettingimpracticallylong
dueto longsimulationrunsthatneedto bedoneto evaluate
variousprocessorcon�gurationsfor variousworkloads.In
thispaper, wehavepresentedanearlydesignstagemethod-
ologythatbridgesthegapbetweenanalyticalandstatistical
modeling.This methodcanbeusedto ef�ciently cull huge
designspacesto identify aregionof interestthatneedsto be
further analyzedthroughmoreaccuratesimulationsusing
real benchmarks.The hybrid analytical-statisticalmethod
proposedin this paperis basedon theobservationthatreg-
ister traf�c characteristics,suchas the ageof register in-
stances,exhibit powerlaw properties.Thisobservationmo-
tivatesour approachto �t a power law distribution to the
conditionaldependenceprobabilitywhich is moreaccurate
thanpreviouslyproposedapproximations.Thisallowsusto
presentananalyticalworkloadmethodthatfully character-
izesa workloadbasedon just a few parameters.In this pa-
per, wehavealsodemonstratedtheapplicabilityandtheac-
curacy of thehybridanalytical-statisticalmodelingmethod-
ology to explore architectureas well as workload design

spaceswhich would have beendif�cult, if not impossible,
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¨ 0.241 0.234 0.236 0.206 0.209 0.199 0.271 0.240©
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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 real gcc sdet nroff groff

dyn. instr. count(M) 99 97 106 47 110 38 110 97
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% conditionalbranches 9.63% 16.31% 14.45% 13.68% 15.01% 10.68% 20.81% 12.89%
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% 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%
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