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Abstract

Processorarchitectshavea challengingtask of evalu-
ating a large designspaceconsistingof several interact-
ing parametes and optimizations. In order to assistar-
chitectsin makingcrucial designdecisions,we build lin-
earregressiormodelsthat relateprocessoiperformancdo
micro-architectural parametes, usingsimulationbasedex-
periments. e obtain good approximatemodelsusing an
iterative processin which Akaike's information criteria is
usedto extract a good linear modelfrom a small set of
simulationsandlimited further simulationis guidedby the
modelusingD-optimal experimentaldesigns.Theiterative
processs repeatedintil desiederror boundsare achieved.
We usedthis procedue to establishthe relationshipof the
CPI performanceresponseo 26 key micro-architectural
parametesusinga detailedcycle-by-cyclsupescalarpro-
cessorsimulator The resultingmodelsprovide a signi -
canceordering on all micro-architectural parametes and
their interactions,and explain the performancevariations
of micro-architectural techniques.

1. Intr oduction

Modern processorsire evolving at a rapid paceandin
thequestfor betterperformancarchitectsntroducesophis-
ticatedmicro-architecturaknhancements eachnew gen-
erationof processorsHowever, the increasingcomplexity
of modernarchitecturesiasdirectconsequencen the pro-
cessof designingprocessors.To arrive at optimal design
points, architectsare expectedto evaluatea large design
spaceconsistingof several micro-architecturaparameters
suchascachesizesandassociatiities, queuesizes,branch
predictor con guration, pipeline depth etc., eachwith a
wide rangeof potentialsettings. Comple interactionsbe-
tweentheseparametersaleit hardto gainanintuitive un-
derstandingf theirimpacton performance.

Designersn mary disciplinesof scienceandengineer
ing dealwith designcompleity by building abstractmod-
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els of the systemthat relate input parameterdo the re-
sponse. The modelshelp designersgain a better under
standingof the systemand answerseveral key questions;
for instance,which input parametersiave the largestim-
pactonresponseMow doesa particularparametemteract
with theothersAWhatis theexpectedoene t of anenhance-
ment? Although therehave beensereral attemptsto build
modelsfor processoperformanceverthepastyeard6, 9],
they rely on prior knowledgeaboutthe signi cant parame-
ters,fail to modelthe designspacein sufcient detail,and
theirvalidity acrossalargerdesignspacds unknown.

The aim of our researchis to develop empirical mod-
elsfor processort¢hatcharacterizéherelationshipbetween
processoresponsendmicro-architecturaparametersAs
a rst stepin building suchmodelswe quantify the sig-
ni cance of micro-architecturalparametersand their in-
teractions. Quantifying the interactionsbetweenmicro-
architecturaparameterss important,andis bestillustrated
througha simple experiment. We measuredhe improve-
mentin averageinstructionsissuedper cycle (IPC) dueto
out-of-orderissueover in-orderissuefor differentL1 data
cachecon gurations. Improvementsn IPC for the SPEC
twolf benchmarlareplottedin Figurel. Theimpactof out-
of-orderissuevarieswith datacachesize, and the varia-
tion depend®n cachdateng. Suchsigni cant interactions
needto beincludedin the model. In this paper we showv
that preciseestimatesf the signi cance of all parameters
andinteractionscanbe obtainedby building linear regres-
sionmodelsusingsimulation-baseéxperiments.We shav
how the parameter®f the regressionmodel, which re ect
the signi canceof the correspondingerms,canbe empiri-
cally computedvithoutary prior knowledgeor understand-
ing of processodynamics. Sincethesesigni cant factors
have a large impacton performanceandare usually small
in numberthey areideal candidategor furtheranalysis.

In this paperwe draw from pastresearctin the eld of
designof experimentsand linear model constructionand
proposean iterative processfor constructingaccuratere-
gressiormodelsof processoperformanceaonsistingof all
signi cant main effectsandinteractiontermsusing a rea-
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Figure 1. IPC performance improvement of
out-of-or der issue over in-order issue .

sonablenumberof simulations. We usethis procedureto
build a linear modelrelating superscalaprocessoperfor
manceto 26 key micro-architecturaparameters.We also
shav how parametershatwereoriginally not a partof the
experimentcanbe addecto thelinear modelusingfew ad-
ditional simulations.

The restof the paperis organizedas follows. In Sec-
tion 2, we discussthe basicconceptsof linear regression
models. We describeour iterative procedurefor building
thelinearmodelin Section3, andthe experimentalframe-
work in Section 4. Section5 presentgheresultsof model
construction We presentanoverview of existing processor
modelingtechniquesn Section6 andconcluden Section?
with a discussiorof futurework.

2. Linear RegressionModels

A regressiormodelis acompacimathematicatepresen-
tationof therelationshipbetweertheresponseariableand
theinput parameterin agivendesignspacg8]. Linearre-
gressiommodelsarewidely usedto obtainestimatesf pa-
rametersigni cance aswell aspredictionsof the response
variableat arbitrarypointsin the designspace.Oneof the
simplerformsof suchmodelsis

1)

where is thedependenbr response&ariable,
aretheindependenbr regressorvariablesand is the
residual- the error dueto lack of t. is interpretedas
the interceptof the responsesurface with the y-axis and
are known asthe partial regressionco-
efcients. The co-efcient valuesrepresenthe expected

changen theresponse perunitchangan  andindicate
therelative signi canceof thecorrespondingerms.

It is often the casethat the regressorvariablesinteract
i.e. theeffectof achangen on depend®nthevalue
of . In suchcasesthe simple modelin Eq. 1 is not
sufcient. It is necessaryo introducetermsthat explicitly
modeltwo-factorinteractionsasshavn below.

(@)

Eq. 3 represents: completemodel that include three-
factor, four-factor andall higherorderinteractions.There
are termsin thismodelandanequalnumberof unknown
regressiorco-efcients.

(3)

The linear regressiormodelswe developin this papercan
berepresentedsasumof termsfromthiscompletdinear
model,expressedn agenericform as

(4)

whereeach s adistincttermfrom the completemodel,
andcanbe singlefactor, two factor, threefactoror of ary
higherorder The collection of termschosenfor a given
linearmodelwill bereferredto asthemodelterms

In matrixterms,Eq. 4 canbewrittenas

()

where isthevectorof regressiorcoefcients and isthe
modelmatrix. The modelmatrix hascolumnscorrespond-
ing to the regressovariables , columnsfor
interactiontermsof ary order anda columnof onesde n-
ing theintercept.

Ourgoalin this paperis to accuratelyestimateall signi -
cantmicro-architecturaparametersandinteractionsaffect-
ing processoperformanceWe achieve this by performing
simulation-basedxperimentsin which the regressorvari-
ablesare set to different valuesand the resulting perfor
mancemetricis tted asperEqg. 4, minimizing the num-
berof terms andtheresidualerror simultaneously As
a by-product,we obtainpreciseestimateof the partialre-
gressionco-efcients andhenceestimatesandan ordering
of the signi cant factorsandinteractionsaffecting proces-
sorperformance.

Thereareafew guidelineghatanarchitectmustkeepin
mind while planningand designingthe simulationexperi-
ments.The guidelineshelpin the selectionof the response



variable the setof factorsto beincludedin the experiment,
their rangesand the levels at which eachfactoris varied
duringthe experiments.

Factor selection:A designemustinitially identify a set

of factorsthatcanpotentiallyin uencethesystenresponse.

For our experimentswe assumano prior knowledgeof fac-
tor effectsandselectfactorsconseratively i.e. factorsare
includedin the experimentseven thoughtheir impacton
performancemay notbesigni cant.

Factor rangesand levels: The choiceof factorranges
and levels is primarily governed by technologicalcon-
straintsandthe objective of the experiment.If the primary
objectiveis to determinesigni cant coefcients in alinear
model,asis the casewith our study wide factorrangesare
preferred We choosearangeconsistingof valuegustlower
andhigherthanpotentialfactorsettingsundercurrenttech-
nology. Duringourexperimentseachfactoris variedattwo
levels (encodedas-1 and 1) correspondindo the low and
highvalueof its range.

ResponseariableandoutputtransformationsOur sim-
ulatorreportssimulatedorocessoperformanceneasuredh
IPC. However, to build alinearmodel,it is oftenbene cial
to usea transformatiorof the responsevariableinsteadof
theresponseariableitself [8]. Suchtransformationsnight
resultin responsesurfacesthat are more linear and easier
to t. We evaluatea family of suchtransformationsn the
context of processomodelingin thefollowing section.

2.1 A CaseStudy on Building a Linear Model

We illustrate our approachby building a linear regres-
sion modelthatrelatesthe IPC of SPECCPU2000integer
benchmarkso six micro-architecturaparameters namely
thepipelinedepth,reorderbuffer size,issuequeuesize,L2
cachesize,out-of-ordercapability andthe memorycon g-
uration. We limit the numberof factorsto six so thatall
regressiorco-efcients in thecompletdinearmodelcanbe
exactly determinedusing a reasonablenumberof simula-
tions. Thefactorrangesverechoserbasedn experimental
designguidelines Duringtheexperimentsimulationswvere
conductedor the  possiblecombinationf factorlevels
and the regressionco-efcients were obtainedby solving
Eq. 3 for themeasuredPC. The experimentled to the fol-
lowing obsenations.

Output transformations: We measuredthe effect of
output transformationson the accurag of linear mod-
els. We considereda family of transformations

and as potentialcandidates.

For eachtransformationye computedhe regressioncoef-
cients andsortedthemin decreasingrderof magnitude.
We thenbuilt linear modelsincorporatingthe rst  terms,
for differentvaluesof and usedthe modelsto predict
the IPC of 64 processorcon gurations mentionedabove.
We then computedthe residualsby subtractingthe actual
IPCfrom thepredictedPC andusedthemaximumresidual

Terms

intercept 1.230
pipe.depth -0.566
ROB_size -0.480
pipe.depth*ROB_size 0.378
IQ_size -0.347
ROB_size*IQ_size 0.289
pipe.depth*IQ.size 0.274
pipe.depth*ROB_size*|Q_size -0.219
mem.con g -0.037
L2 size -0.033
issueorder -0.026
L2_size*memcon g 0.023
ROB_size*issueorder -0.015
pipe_depth*issueorder -0.009
IQ_size*issueorder -0.007
pipe.depth*ROB_size*|Q_size*L2 size  0.006

Table 1. The most signi cant terms from the
6-factor model for the weighted mean CPI of
benchmarks. * denotes interaction.

valueasanindicatorof theaccurag of themodel.

Figure 2 plots the maximumresidualvalue againstthe
numberof termsincorporatedn themodel. We obsenethat
for all outputtransformationsthe maximumresidualre-
ducego acceptabléevelsevenwhenmary termshave been
excludedfrom the models.Further theinversetransforma-
tion( ) resultsin thelowestmaximumresidualsWe ob-
sene similar behavior for all benchmarksHence usingthe
inversetransformatiorallows the constructionof accurate
linearmodelswith theleastnumberof terms.Notethatthe
inversetransformatiorof IPC resultsin the CPImetric. CPI
is anintuitive metric expressibleasa dot productof event
frequenciesand event penaltieswithin a processof2] and
it is mostamenabldor linear modelconstruction.We use
CPlasthe performancenetricin therestof this paper

Spassity of effects: Our experimentrevealsthat proces-
sorsexhibit the principle of sparsity of effects— system
responsés largely governedby a few mainfactorsandlow
orderinteractionsandthe in uence of higherorderinter
actionson responsés maminal. As a consequencderms
correspondingo higherorderinteractionscanbe excluded
from the model. Tablel liststhe  terms,out of the
termsin our experimentthatweidenti ed for inclusionin a
simpli ed modelof the processos CPI performanceThis
obsened sparsityof signi cant effectshasa large bearing
on the feasibility of our simulation-basednodel building
processWe discussghis furtherin section2.2.

Signi canceof factors: Table1 shows the mostsigni -
cantfactorsandinteractionsn our regressiormodel. Some
of thetwo-factorinteractiontermsarealsocritical, asis the
three-fctorinteractionbetweenpipeline depth, ROB size
andissuequeuesize. Theseobsenationshighlight theim-
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Figure 2. Number of terms required in linear model under diff erent data transf ormations.

portanceof incorporatingsecondand third order interac-
tionsin models.

2.2 Linear Models Incorporating All Factors

Ouraimisto build alinearmodelinvolving all processor
parametersFor this purposeit is infeasibleto experiment
with all combinationsof factorlevels aswasdonein the
previoussection.However, sparsityof effectsmakesit pos-
sibleto have accurateandcompactinearmodelsof thetype
speciedin Eg. 4 incorporatingonly signi cant effects.
Coefcients of the mostsigni cant parameterganusu-
ally be estimatedirom processos responseat n different
factorlevel combinationausingleastsquare tting, where

and . Theleastsquareestimate®f thek-
dimensionakoefcient vector ) in Eq.

5is
(6)

where is the model matrix for the experimentedfactor
settings. The varianceof the errortermin Eq. 5 canbe
estimatedas

(7)

where is the tted response.This leastsquare
tting methodprovidesusefulapproximationsvith simula-
tionsreducectloseto the numberof signi cant effects.
Thecoefcients computedasabose areonly estimatesf
theactuallinearmodelcoefcients. However, we cancom-
putea boundon this error. Underthe simplifying assump-
tion thaterrorsdueto non-incorporatedermsarenormally
distributed,a percenton denceerrorboundfor
is

(8)

where is the upper percentaggoint of thet
distribution with degreesof freedom,and is the
entry of matrix [8]. It follows that the

accurag of our estimateslepencbn:

Error Degreeof Freedom:

Increasing
term,reduces
tion decreaseas

, the degreeof freedomfor the error
in Eq. 8. However, this reduc-
is increasedeyonda point.

ExperimentaDesign:

The speci ¢ setof factorlevel combinationsusedfor
theexperimentdeterminghe  termin Eq. 8. Hence
appropriatexperimentabesignsarecritical to achiev-
ing good accurag. We choseD-optimal experimen-
tal designs[8 which maximizedet(X'X) for a setof
modelterms,for our modelconstructiorprocess[h

Error Variance:

Minimization of the error variance, , in Eq. 8 re-
quiresall signi cant termsto be in the model. How-
ever, sincethesigni cant termsarenotknown a priori
they needto beidenti ed from experimentaldata. We
next describethe procedurewne useto identify andin-
cludeall signi cant effects.

3. Procedure for Model Construction

Ouraimin modelconstructions to obtainaccurateesti-
matesof all signi cant coefcients with minimum number
of simulations.Sincethesigni cant effectsarenotknown a
priori, thisinformationhasto be extractedfrom experimen-
tal data.However, designingthe bestexperimentalstrateyy
requiresknowledgeof signi cant terms;D-optimal designs
areoptimizedfor anidenti ed setof modelterms. Hence,



in orderto obtainthe bestexperimentabesignshaving min-
imal simulationswe useaniterative proceduravhereinitial
smallD-optimaldesignsareusedto learnsigni cant effects,
andthis informationis usedto guidefurther simulationus-
ing augmented-optimal designsuntil anadequatenodel
is achiered. Eachof the requiredstepsandthe complete
iterative procedureare describedn the following subsec-
tions.

3.1 Obtaining the BestModel

Givenanexperimentaldesignandsimulationresultswe
have to determinethe bestmodelthat ts the datawell.
We useAkaike's InformationCriteria(AIC) [11] to selecta
modelthat ts well andhasa minimumnumberof parame-
ters,resultingin the mostsigni cant effectsbeingincluded
in themodel,andthusreducingthemodelover- tting prob-
lem. In our procedurave usethe correctedversionof
( ) developedfor smallexperimentasampleg4] since
it allows us to keepthe simulation count low. for
linearregressiormodelscanbewritten as

(9)

where is the numberof simulations,k is the numberof

termsin the linear model, and is the error variance.
Thismeasureaccountgor modelaccurag usingerrorvari-

anceandmodelsimplicity usingthe countof modelterms.
Amongst several models possiblefor x ed experimental
data,the bestmodelhasthelowest [11].

Arriving atthe bestmodelinvolvessearchindor the set
of modeltermsproducingthe lowest . Sincean ex-
haustve searchof all modelcombinationds computation-
ally expensve we useda procedurewhich stepwisere nes
aninitial model. This procedurds basedon our obsena-
tion that the more signi cant higherorder termsare typi-
cally composedf the signi cant lower ordertermsandis
detailedin [5].

3.2 Determining Model Adequacy

We use the maximum error of estimatedcoefcients
as the main measureof model adequag, since our
aim is to get accurateestimatesof all signicant ef-
fects. This error bound can be obtainedfrom Eq. 8 as

, where is the maximum

valueof themodel. We follow theiterative modelcon-

structionschemauntil a prescribednaximumboundon er

ror is achieved. We also checkfor violations of the basic

assumptionsn estimatingregressioncoefcients andtheir
boundsby examiningtheresiduals

3.3 The lterati ve Procedure

Ourmodelconstructiorprocedurdakesasinputs  (the
numberof experimentedfactors), (the prescribedmaxi-
mumerror),and (thecon dencelevel requiredontheer-
ror), andoutputsError BoundedLinear Models (EBLMS).
We describét below.

1. Design an initial D-optimal experimentaldesign
with runsfor aninitial linearmodelhaving all main
effects. Obtainthe bestlinearmodel

2. Measurethe error variance  of model , andthe
maximumerrorin estimateccoefcients. Stopand -
nalizethemodelif theerroris lessthan , andresidual
plotsarefreefrom grossdeviations.

3. Augmentthe experimentaldesign with additional
D-optimal experimentsensuringthe following: (i) the
new designis D-optimalfor amodelcontainingunion
of termsin  andthe maineffectterms,(ii) thereare
sufcient numberof additionalexperimentssuchthat
themaximum  valueis reducedby half.

4. Obtainthebestlinearmodel
design . Goto step2.

for thenew augmented

Theabove procedureanbeusedto obtainlinearmodels
atary speci edlevel of accurag. Weimplementedhispro-
cedureasaMATLAB scriptwhichtakestherequiredinputs
andcompletedsimulationexperimentaldata,and provides
eithertheaccurateoefcient estimate®r aprescriptiorfor
furtherexperimentation.

4. Experimental Framework
4.1 ProcessoiSimulator and Benchmarks

We developedand validateda detailedsuperscalapro-
cessoisimulatorfor usein our experimentation Our simu-
lation framewvork - FAFSIM - modelspipelined, multiple-
issue, dynamically scheduled,speculatre execution pro-
cessors. It models all the performancecritical micro-
architecturalevents and structuresin superscalaproces-
sorsandis detailedin [5]. The pipeline, cachesbranch
directionandtarget predictors,variousmicro-architectural
gueues,functional units, DRAM device timing, queuing
at the memorycontroller, and contentionfor the memory
bus areall modeled. We veri ed the functionality of each
componentandin addition validatedthe summarystatis-
tics againstanothersimilarly con guredveri ed simulator
alphasim[1]. This validationwasdonefor several design
pointsto verify the simulators accuray acrossthe design
space.

We usedour simulatorto runall SPECCPU2000nteger
benchmarksisingthe Igred datasetin MinneSPE(7] re-
duceddatasets.This wasdoneusingtracesgeneratedvith



PipelineDepth pipe.depth

ReordeBuffer Size ROB_size [ Parameter | Low Value | High Value |
IssueQueueSize IQ-size pipe.depth 24 7

L2 CacheSize L2_size ROB_size 24 128
L2 CacheAssociatvity L2_assoc IQ_size (1/4)*

L2 CacheBlock Size L2_bsize L2 size 256KB 8MB
L2 CachelLateny L2 lat L2_assoc 1 8
InstructionCacheSize il1_size L2_bsize 64 256
InstructionCacheAssociatvity | il1_assoc L2 lat 20 5
InstructionCacheBlock Size il1_bsize iI1_size 8KB 128KB
InstructionCachelLateny il1_lat il1_assoc 1 8
DataCacheSize dil_size iI1_bsize 16 64
DataCacheAssociatvity dl1_assoc i1 _lat 2 1
DataCacheBlock Size dl1_bsize dl1l_size 8KB 128KB
DataCachel ateny di1_lat di1l_assoc 1 8
FTB entries ftb_ent di1_bsize 16 64
FTB associatiity ftb_assoc diLat 4 1
OperationLateng op_lat ftb_ent 128 8192
IssueOrder issueorder ftb_assoc 1 8
Load-StoreQueueSize LSQsize issueorder | In-order | Out-of-order
Numberof FunctionalUnits numunits LSQsize (1/4)*

DRAM MemoryCon guration | memcon g predtype gshae percepton
PredictorType predtype predsize 2KB 16KB
PredictorSize predsize width 4 8
Processowidth width RAS_size 4 64
ReturnAddressStackSize RAS_size

. . Table 3. Parameter ranges.
Table 2. Micro-architectural parameter s.

IBM PawverPCexecutablescompiledwith xlc compilerap-

. . Functional unit Settings

plying the-O3 option. Low Width | High Width
Low | High | Low | High

4.2 Micr o-architectural Parametersand Ranges IntegerALU 1 4 2 8

Integer mult/div 1 2 1 4

We experimentedvith the26 key micro-architecturapa- Float 1 4 2 8

rameterdistedin Table2. Therangeof parameterarecho- Floatmult/div 1 2 1 4

sento includethecompleterangeof settingsgpossibleunder Branch 1 2 1 4

currenttechnology andis listedin Table3. Someparam- Load/store 1 2 1 4

eterslike issueorderhave only two potentialsettingsand
the low andhigh valuescorrespondo these. Someof the
parameters operationlateng, numberof functionalunits,
andthe DRAM con guration- combineseveralparameters
for easeof experimentatiorandtheir settingsare reported

Table 4. Number of functional units (num.units).

in Tables4, 5 and6. Operation Latency Func. Unit
Low | High

5. Results Int. arith./logic 2 1 IntegerALU

Int. mult. 15 2 Integer mult/div
. Simple oat 5 1 Float

5.1 Resultsof Model Construction Float. mult. 5 > Floatmultdv

Float. div. 35 10 Floatmult/div
Table 7 presentghe mostsigni cant termsin the con- Branch 3 1 Branch

structederror boundedinear models. The signi canceor- Load Cachdateny | Load/store

deringin the tableis basedon an EBLM of the weighted Store NIL Load/store

meanCPIlresponseomputedrom the EBLMs constructed . )

for all benchmarksApartfrom providing anorderingof the Table 5. Operation latencies (op.at).

performanceigni canceof effects,themodelsalsoprovide



Terms WeightedMean crafty eon gap gcc gzip vortex
intercept 1974 2279 2085 2325 2304 1.664 1.885
pipe.depth -0.517 -0.563 -0.501 -0.542 -0.574 -0.494 -0.511
ROB_size -0.444 -0.399 -0.477 -0.408 -0.385 -0.456 -0.458
pipe.depth*ROB_size 0.346 0.317 0.351 0.317 0.315 0.367 0.317
IQ_size -0.280 -0.291 -0.247 -0.283 -0.270 -0.307 -0.302
ROB_size*IQ_size 0.264 0.268 0.233 0.274 0.270 0.283 0.260
L2 lat -0.233 -0.409 -0.312 -0.195 -0.314 -0.113 -0.249
pipe.depth*IQ size 0.232 0.227 0.208 0.277 0.221 0.251 0.236
pipe.depth*ROB_size*|Q_size -0.209 -0.216 -0.191 -0.156 -0.209 -0.227 -0.202
il1_size -0.177 -0.466 -0.287 -0.164 -0.294 0.014 -0.319
di1 lat -0.153 -0.081 -0.150 -0.201 -0.170 -0.152 -0.126
iI1_size*L2 lat 0.120 0.293 0.210 0.107 0.168 - 0175
dil_size -0.100 -0.102 -0.093 -0.039 -0.124 -0.102 -0.060
op_lat -0.092 -0.095 -0.130 -0.113 -0.077 -0.072 -0.047
issueorder -0.082 -0.060 -0.066 -0.111 -0.056 -0.113 -0.042
il1_bsize -0.079 -0.222 -0.170 -0.007 -0.099 0.011 -0.079
ftb_ent -0.075 -0.239 -0.082 -0.068 -0.160 - -0.151
iI1_size*il1l bsize 0.074 0.206 0.162 - 0.072 - 0.071
L2 size -0.071 -0.070 -0.013 -0.155 -0.134 -0.076 -0.078
di1_size*L2 lat 0.064 0.049 0.066 0.017 0.057 0.077 0.028
L2_size*memcon g 0.059 0.050 — 0201 0.099 0.069 0.092
dil_assoc -0.059 -0.041 -0.065 -0.158 -0.035 -0.059 -0.062
iI1_bsize*L2 lat 0.059 0.156 0.137 - 0.053 - 0.031
mem.con g -0.058 -0.053 - -0.260 -0.100 -0.063 -0.069
iI1_size*ill_bsize*L2 lat -0.053 -0.140 -0.109 - -0.063 - -0.040
ROB_size*LSQsize 0.052 0.034 0.082 - 0.038 0.042 0.061
IQ_size*LSQsize -0.051 -0.034 -0.085 - -0.021 -0.046 -0.051
LSQsize -0.049 -0.038 -0.070 -0.060 -0.023 -0.050 -0.023
pipe.depth*LSQsize 0.045 0.033 0.076 — 0.017 0.041 0.044
L2_assoc -0.044 -0.030 -0.019 -0.068 -0.053 -0.054 -0.085
ROB_size*IQ_size*LSQsize 0.043 0.030 0.055 — 0.029 0.046 0.049
num.units -0.042 -0.047 -0.061 -0.014 -0.034 -0.036 -0.016
ROB_size*issueorder -0.038 -0.043 -0.036 -0.056 -0.022 -0.049 -0.022
pipe.depth*ROB_size*LSQsize -0.037 -0.024 -0.060 - -0.030 -0.027 -0.039
L2_size*L2 assoc 0.036 0.035 — 0.046 0.058 0.049 0.058
L2_assoc*mermncon g 0.034 0.024 — 0.060 0.052 0.047 0.057
pipe_depth*IQ._size*LSQsize 0.034 - 0071 — 0.002 0.029 0.027
pipe.depth*ROB_size*|Q_size*LSQsize -0.031 - -0.044 - -0.017 -0.034 -0.033
icacheassoc -0.028 -0.074 -0.025 -0.088 -0.052 - -0.089
L2_size*L2 assoc*memncon g -0.028 -0.017 - — -0.046 -0.031 -0.048
issueorder*dlllat 0.027 0.013 - — 0.050 0.038 0.033
issueorder*dllsize 0.024 0.012 0.048 — 0.002 0.022 -

Table 7. The most signicant terms and their co-efcients in the EBLMs of the CPI performance
response of superscalar processor s.

Diagnostics crafty eon gap gcc  gzip vortex
Numberof simulations 364 217 158 287 222 222
Numberof terms 193 108 93 139 94 119
Errorvariance 0.001 0.002 0.001 0.002 0.001 0.002
Max. 0.007 0.011 0.019 0.008 0.009 0.012
Errorbound 0.006 0.009 0.008 0.008 0.006 0.008
(95%con dence)

Table 8. Diagnostics of the EBLMs with error bound of 0.01 at 95% con dence level.



DRAM parameter Low | High
CPUclock:DRAM clock ratio 24 6
Modulereadlateng 5 3
Moduleburstlength 4 8
Modulepagesize 512bytes
Buswidth in bytes 8 16
CPUclock:Busclockratio 12 3
No. of DRAM channels 1 2
No. of banks 1 8

Table 6. mem_cong parameter settings.

information on the interdependencef parametersettings
on processorresponse.For example,the termsinvolving

issueorder provide the completeset of parametersvhich

determinethe performancevariationof out-of-orderissue.
Fromthe wealthof informationprovidedby theseEBLMs

we summarizea few importantobsenationsbelow:

Pipeline depth, reorderbuffer size, and issuequeue
sizearethethreemostimportantparametersn uenc-

ing CPI performanceof superscalaprocessors.The
two-factor interactions,and the three-fctor interac-
tion involving thesethree parametersare highly sig-

ni cant. Theloadstorequeuesizeandits interactions
with thesehreeparameterarealsosigni cant, though
atalowerlevel. Hence aprocessoarchitectshouldsi-

multaneoushtunetheseparametergor optimumsys-
temperformance.

L2 cachesizeandlateny have highimpacton perfor
mance L2 lateng interactswith instructioncachesize
andblock size,andwith datacachesize andassocia-
tivity. L2 cachesizeinteractswith instructioncache
sizeandDRAM con guration. Sincefor a givenim-
plementationiechnologyL2 lateng is primarily deter
minedby L2 cachesize,theprocessoarchitectshould
choosean optimal L2 cachesizein conjunctionwith
theseinteractingparameters.

Theperformancevith out-of-orderissueis largely de-
pendenton reorderbuffer size, datacachesize, and
datacachdateng.

Operationlateng hashigh signi cance, but it hasno
signi cant interactions. Hence,thereis performance
to begainedby reducingoperationateng irrespectve
of theotherprocessosettings.

Amongstthe predictorrelatedparametershe number
of fetchtargetbuffer (FTB) entrieshasthehighestsig-
ni cance and the branchpredictorsize and type are
lesssigni cant.

The processomwidth hasnegligible impacton perfor
mance. However, the functional unit settingschosen

for agivenwidth isimportant.Hence providing anad-
equatenumberof functionalunitsis likely to be more
bene cial thanincreasingheissuewidth beyond4 in-
structions.

Our error boundingproceduremakesit feasibleto pro-
ducea completelist of sucheffectsto ary desiredlevel of
signi cance.

5.2 Diagnosticsof Model Construction

Our model constructionprocessconstructsthe EBLMs
with numberof simulationscloseto theminimumrequired.
Table 8 reportsthe numberof simulationsand otherdiag-
nosticsof the constructionprocessf the EBLMs reported
in theprevioussection.Notethatthesimulationcountis ap-
proximatelytwice thenumberof extractedsigni cant terms
for eachmodel. The table alsoreportsthe maximum
valuesfor constructedxperimentaldesignsthe errorvari-
anceof the EBLMs, andthe actualerror boundsachieved
by themodels.

0.08

—— gcc
—o— vortex

0.07

Error Bound of Coefficient Estimates

o . . , . . . \ . .
50 100 150 200 250 300 350 400 450 500 550
Number of Simulations

Figure 3. Tightening of error bounds.

Achieving better error boundsis possibleat the cost
of increasedsimulation. Figure 3 plots simulationcounts
againstachiesed error bounds. The error boundsglobally
decreasavith increasedsimulation,thoughtherearesome
local increasesn the estimatederror bounds. While we
have usedanerrorboundof to obtainour EBLMs, bet-
ter boundsarenecessaryo accuratelyestimateeffectswith
valuesnearandlessthan . In orderto understandhc-
tual CPIvariationscausedy effectsat this range we stud-
ied themwith all other parameterg&ept at suitably chosen
centerpoints. We obsene thatthey contritutelessthan2%
of variation. Hence,error boundssmallerthan
arenecessarpnly for studyingperformancevariationsat a
ner level. The error boundingprocedurecan be usedto
constructmodelsat ary level of accurag.



Benchmark gce vortex

Modeltype

Numberof simulations 287 56 56 222 56 56
Numberof modelterms 139 26 22 119 26 24
Errorbound 0.008 0.231 0.072 0.008 0.238 0.078
(95%con dence)

Table 9. Chief characteristics of the linear models constructed using diff erent procedures.

eon gzip vortex
Additional simulations 70 40 64
Error Bound 0.010 0.006 0.009

Table 10. The number of additional
tions to include a new factor in model.

simula-

Terms eon gzip vortex
il1_bsize*acrosgaken -0.023 - -0.039
L2_assoc*acrossaken -0.017 - -
ROB_size*acrosgaken - -  0.025
ftb_ent*acrosstaken - - -0.021
ftb_assoc*acrossaken - - 0.017
acrosstaken 0.010 — 0.005

Table 11. The additional terms in new model
involving fetch across taken branc h.

In otherwork [12, 13], foldover Plackett-Burmanexper
imentaldesignshave beenusedto obtaina signi canceor-
dering of micro-architecturaparameters.Hence,we next
comparedhesimulationcostsandestimatiorerrorof using
suchdesignsagainstthat of our approach. We ran simu-
lationsfor the foldover Placlett-Burmandesignsandcom-
putedthe coefcients in a main effects model as donein
[12] ( model), and also extractedthe bestmodelfrom
the resultsusing the basedmodel extraction pro-
cedure( model). Table 9 presentghe simula-
tion count, numberof modelterms, and error boundsfor

, , and for gccandvortex. Though
the requiredsimulationcountis approximatelyfour times
lower for and , the achieved error bounds
are much higher achieveslower error bounds
with asmallnumberof simulations However, thesebounds
still precludethe correctestimationof mary signi cant ef-
fects. More simulationsare clearly requiredto extractall
thesigni cant effects.

5.3 Evaluating Enhancements

We usedour error bounding procedureto rekuild the
model after incorporatinga micro-architecturalenhance-
ment. An additional parametemwas introducedinto the

model,with theabsencef theenhancemergsits low value
andits presencasthe high value. We conductaugmented
experimentsusing our error boundingprocedure after en-
suring that the basemodel without the parameteris sta-
ble - i.e. increasedsimulationsdo not increasethe error
bound. The augmenteaxperimentgypically have the en-
hancementandour procedurausestheresultdatafrom the
additionalsimulationsto extract the signi cant parameter
estimatesinderthe enhancementt producesa new setof
signi cant termsand estimatesand typically someterms
with the new factor

The enhancemente examinedis the capabilityto fetch
beyondtakenbranchesipto theprocessowidth, whichwas
themotivationbehindthedesignof tracecacheg10]. Table
10 givesthe numberof additionalsimulationsthatwerere-
quiredto producethe 27 factormodelwith coefcient error
bounddessthan0.01. Thenumberof experimentss always
lessthanthrice the total numberof experimentedfactors.
Table11 givesthetermsinvolving thenew factorwhich ac-
countfor the performancevariationsof the enhancement.
Theinstructioncacheblock sizehasthe highestvariational
effect for both eonandvortex. The main effect term has
low signi cance,shawving thatthe bene t of this optimiza-
tionis hearily dependenbnotherparametesettingsgzipgs
performanceés almostunafectedby theenhancement.

6. Related Work

Much of the early researchn the areaof modelingand
analysisof processorsocusedon deriving performance
limits imposedby programmingmodelconstraintssuchas
dataandcontroldependencieshile assumingn nite hard-
wareresourcesSubsequennodelingtechniquesiave used
theselimits to estimateperformancdor realisticprocessor
con gurations by accountingfor slowdowns due to vari-
ous hardware limitations [6, 9]. For instance,Karkhanis
andSmith[6] proposeananalyticalmodelin which perfor
manceis composedf two componentsa constantideal-
istic throughputin the absencef ary misseventsandthe
lossin throughputdueto branchmispredictionsandcache
misses. The impact of individual miss eventson perfor
manceis modeledand estimatef the lossin throughput
areobtainedusingvariousbranchmispredictionandcache
missstatisticscollectedvia tracedrivensimulations.In an-
otherapproachFieldset al. [3] modelprogramexecution



usinga dynamicdependencgraphandmeasurehe signif-

icanceof micro-architecturabventsandtheir interactions
by the changen thelengthof the critical paththroughthe

dependencgraphbroughtby idealizingtheseevents. Per

hapsthe approachclosestto our work is the experimental
methodologyproposedby Yi et al. [12, 13]. Here, the

signi cance of the main micro-architecturaparameterss

obtainedusing experimentsbasedon the Placlett-Burman
design.

Our approachovercomesseveral dravbacks of these
techniques.1) In existing modelingschemesthe designer
is assumedo have prior knowledgeor mustmake simpli-
fying assumptiongbouttherelative signi cance of micro-
architecturalparametersand their interactions. For in-
stance gxperimentatiorbasedon the PB designinherently
assumeshatall parameteinteractionsare negligible, and
Karkhanisand Smith [6] assumea setof signi cant miss
events. Our proceduréor building linear modelsdoesnot
requireary prior knowledgeor assumptionsall parameters
andinteractionsareassumedo be signi cant until experi-
mentsprove otherwise 2) Insteadof modelingthe effect of
micro-architecturakbvents, our approachdirectly captures
the impactof individual micro-architecturaparameteren
performanceThe modelthereforeenhanceshe designers
understandingf thein uence of hardwarechange®n per
formance.3) Adding parameterso themodelis a matterof
afew additionalsimulations.

7. Conclusionand Dir ectionsof Work

We have developed an algorithmic procedureto de-
termine accurate estimates of all signi cant micro-
architecturaparametersndinteractionsusingdatafrom a
reasonablewumberof simulations. This procedurebuilds
linear modelsrelatinga processos performanceesponse
to the micro-architecturaparameterskurther it allows the
impactof micro-architecturaknhancement® beincluded
in themodelwith a smallnumberof additionalsimulations.
Thus, our procedureprovides a cost effective way to ex-
perimentwith all relevantparametersThe constructecer-
ror boundedinear modelsexplain the variability in perfor
manceof micro-architecturatechniques.

Our useof the reducedMinneSPECdatainputs, moti-
vatedby the needto reducesimulationtime, doesin uence
the estimatedcoefcients and especiallythe datamemory
hierarchyrelatedcoefcients [13]. We have usedthe re-
ducedinputs sinceour primary aim wasto shav the ef -
cag of thelinearmodelconstructiorprocedure The same
procedurecan be usedto build modelsfor full or sampled
simulationsusingrealisticdatainputs.

Theconstructedinearmodelscanbe usedto predictthe
responseatotherparametesettings.We arecontinuingour
work to usethesemodelsto predictthe responset combi-
nationsof arny choserparametetevelsin the experimented

range.
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