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ABSTRACT
A key challengein benchmarkingis to predicttheperformanceof
anapplicationof intereston a numberof platformsin orderto de-
terminewhich platform yields the bestperformance.This paper
proposesan approachfor doing this. We measurea numberof
microarchitecture-independentcharacteristicsfrom theapplication
of interest,andrelatethesecharacteristicsto thecharacteristicsof
the programsfrom a previously pro�led benchmarksuite. Based
on thesimilarity of theapplicationof interestwith programsin the
benchmarksuite,wemakeaperformancepredictionof theapplica-
tion of interest.Weproposeandevaluatethreeapproaches(normal-
ization, principal componentsanalysisand geneticalgorithm) to
transformthe raw datasetof microarchitecture-independentchar-
acteristicsinto a benchmarkspacein which the relative distance
is a measurefor the relative performancedifferences.We evalu-
ateour approachusingall of theSPECCPU2000benchmarksand
realhardwareperformancenumbersfrom theSPECwebsite.Our
framework estimatesper-benchmarkmachinerankswith a0.89av-
erageanda 0.80worstcaserankcorrelationcoef�cient.

Categoriesand SubjectDescriptors
C.4[Performanceof Systems]: ModelingTechniques,Performance
attributes

GeneralTerms
Experimentation,Measurement,Performance
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1. INTRODUCTION
Fromabenchmarkconsumerpoint-of-view, akey challengeis to

determinetheplatformthatyieldsthebestperformancefor a given
applicationof interest. Ideally, the user's applicationof interest
is his bestbenchmark.However, in many practicalcircumstances
the userhasto rely on the performancescoresof a standardized
benchmarksuitefor estimatingtheperformanceof theapplication
of interestfor two reasons.First, it is too dif�cult or costly to port
the applicationprogramof interestto a wide rangeof platforms.
Second,therearemany platformsfor which theperformanceneeds
to bemeasuredbeforemakingachoiceaboutwhichplatformyields
to thebestperformancefor thegivenapplication.

A populartool for estimatingperformanceof anapplicationpro-
gramon anunavailableplatformis detailedcycle-accurateproces-
sorsimulation.However, next to not solvingtheportingproblem,
simulationis very time consumingand thus is dif�cult to usein
practice.

This motivatesus to comeup with a different solution to this
ubiquitousproblemin benchmarking.Themethodologyproposed
in this paperusesthe alreadyknown performancescoresof stan-
dardizedbenchmarksuiteson the systemsof our interest. As a
part of our methodologywe measurea set of microarchitecture-
independentcharacteristicsfor thenew applicationof interestand
relatethem to the samecharacteristicsof the benchmarksin the
standardizedbenchmarksuite.Themicroarchitecture-independent
characteristicscapturethe inherentprogrambehavior that is un-
biasedtowards a particular microarchitecture. We then use the
knowledgeof similarity betweentheapplicationof interestandthe
correspondingbenchmarksto predicttheperformanceof theappli-
cationof interest.In otherwords,we usethestandardizedbench-
marksasproxiesfor ourapplicationof interestbasedonsimilarity.

The key issuein a methodologythat usesprogramsimilarity
basedon microarchitecture-independentprogramcharacteristicsis
todeterminehow differencesin microarchitecture-independentchar-
acteristicstranslateinto differencesin performance.We propose
andevaluatethreeapproachesfor achieving that,namelynormal-
ization,principalcomponentsanalysisanda geneticalgorithm,of
which thegeneticalgorithmshows to bethemostaccurate.A ge-
neticalgorithmlearnshow to rescalethebenchmarkspaceso that
the Euclideandistancein the benchmarkspacebecomesa more
accuratemeasurefor performancedifferenceswhen running the
benchmarksona varietyof platforms.

We evaluateour framework for predictingmachineranksusing
SPECpublishedspeedupratesthatcover variouscommercialma-
chineswith differentISAs,compilersettingsandmicroprocessors.
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Figure 1: The framework proposedin this paper for predicting performance basedon microarchitecture-independentprogram
characteristics.

Currentpractice,which usesthe averagerank acrossall bench-
marksfor predictingranksfor speci�c applicationsof interest,a-
chievesanaverage0.83anda worstcase0.64rankcorrelationco-
ef�cient for theestimatedspeedupsversusthemeasuredspeedups.
Our framework basedon inherentprogramsimilarity achievesan
averagecorrelationcoef�cient of 0.89; the worst casecorrelation
coef�cient thatwe observe is 0.79. Theseresultsdemonstratethat
our framework is indeedcapableof tracking performancediffer-
encesacrossplatformswith different ISAs, compilersandmicro-
processors.To the bestof our knowledge, this paperis the �rst
to proposea methodologyfor predictingmachineranksfor indi-
vidual programsbasedon microarchitecture-independentprogram
similarity.

This paperis organizedas follows. We �rst detail on our per-
formancepredictionframework. Wethenpresentourexperimental
setupfollowed by the evaluationof our framework. Finally, we
discussrelatedwork andconclude.

2. PERFORMANCE PREDICTION FRAME­
WORK

Figure1 illustratesthe framework thatwe proposein this paper
for predictingperformancebasedonmicroarchitecture-independent
programsimilarity. The framework assumesa collectionof pro-
gramswhichwecall thebenchmark suite. For eachof thesebench-
marks,wehaveacollectionof microarchitecture-independentchar-
acteristicsaswell asperformancenumberson a (numberof) plat-
form(s). Theperformancenumberscouldbeobtainedfrom simu-
lation or from real hardwareexecution. Thesemicroarchitecture-
independentcharacteristicsalong with the performancenumbers
arethenusedto build a datatransformationmatrix — building the
datatransformationmatrix canalsobedonewithout usingperfor-
mancenumbers,thususingmicroarchitecture-independentcharac-
teristicssolely (hencethe dashedline betweenthe `performance
numbers'boxandthe`build datatransform'boxin Figure1). Once
thedatatransformationmatrixiscomputed,theoriginalmicroarchi-
tecture-independentdatamatrix is transformedusingthedatatrans-
formationmatrix. Thebenchmarkscannow beviewedaspointsin
a transformeddataspacewhichwe call thebenchmark space.

For anapplicationof interestfor which we want to predictper-
formance,wethencomputeasetof microarchitecture-independent
characteristics— this is the sameset of characteristicsthat we
usedto build the benchmarkspace. We subsequentlytransform

the microarchitecture-independentcharacteristicsusing the same
datatransformationmatrix asabove. This locatesthe application
of interestin thebenchmarkspace.Performanceis thenpredicted
by appropriatelyweightingtheperformancenumbersof thebench-
marksin theneighborhoodof theapplicationof interest.

We now discussa numberof aspectsof this framework: (i) the
microarchitecture-independentcharacteristics,(ii) how to build the
datatransformationmatrix,and(iii) how to computeaperformance
numberfor theapplicationof interest.

2.1 Micr oarchitecture­independentcharacter­
istics

Ideally, the programcharacteristicsthat serve as input to our
frameworkshouldbeplatform-independentcharacteristics.In other
words,they shouldbecompiler-independent,ISA-independentand
microarchitecture-independentin orderto capturethetrueinherent
programbehavior. Sincethis is dif�cult to do, we take a prag-
matic approachandusemicroarchitecture-independentcharacter-
istics. The characteristicsthat we collect are speci�c to a given
ISA andagivencompiler, however they areindependentof agiven
microarchitecture,i.e., thecharacteristicsareindependentof cache
size,branchpredictorsize,processorcorecon�guration, etc. As
will beshown in theevaluationsectionof this paper, thesecharac-
teristics,inspiteof beingISA-dependentandcompiler-dependent,
areaccurateenoughfor trackingperformanceacrossdifferentplat-
formswith differentISAsandcompilers.

Table1 summarizesthe47 microarchitecture-independentchar-
acteristicsthatweusein thispaper. Therangeof microarchitecture-
independentcharacteristicsis fairly broadin orderto cover all ma-
jor programbehaviorssuchasinstructionmix, inherentILP, work-
ing setsizes,memorystrides,branchpredictability, etc. Measur-
ing theseprogramcharacteristicscanbe doneef�ciently through
instrumentationwhich is substantiallyfasterthansimulation. We
includethefollowing characteristics:

Instruction mix. We include the percentageof loads,stores,
controltransfers,arithmeticoperations,integermultipliesand�oa-
ting-pointoperations.

ILP. In orderto quantify the amountof instruction-level paral-
lelism(ILP), weconsideranout-of-orderprocessormodelin which
everythingis idealizedandunlimitedexceptfor thewindow size—
we assumeperfectcaches,perfectbranchprediction,in�nite num-
berof functionalunits,etc. Wemeasuretheamountof IPCthatcan
beachievedfor anidealizedprocessorwith agivenwindow sizeof



category no. characteristic
instructionmix 1 percentageloads

2 percentagestores
3 percentagecontroltransfers
4 percentagearithmeticoperations
5 percentageintegermultiplies
6 percentagefp operations

ILP 7 32-entrywindow
8 64-entrywindow
9 128-entrywindow
10 256-entrywindow

registertraf�c 11 avg. numberof input operands
12 avg. degreeof use
13 prob. registerdependence= 1
14 prob. registerdependence≤ 2
15 prob. registerdependence≤ 4
16 prob. registerdependence≤ 8
17 prob. registerdependence≤ 16
18 prob. registerdependence≤ 32
19 prob. registerdependence≤ 64

working setsize 20 I-streamat the32Bblock level
21 I-streamat the4KB pagelevel
22 D-streamat the32Bblock level
23 D-streamat the4KB-pagelevel

category no. characteristic
datastreamstrides 24 prob. local loadstride= 0

25 prob. local loadstride≤ 8
26 prob. local loadstride≤ 64
27 prob. local loadstride≤ 512
28 prob. local loadstride≤ 4096
29 prob. local storestride= 0
30 prob. local storestride≤ 8
31 prob. local storestride≤ 64
32 prob. local storestride≤ 512
33 prob. local storestride≤ 4096
34 prob. globalloadstride= 0
35 prob. globalloadstride≤ 8
36 prob. globalloadstride≤ 64
37 prob. globalloadstride≤ 512
38 prob. globalloadstride≤ 4096
39 prob. globalstorestride= 0
40 prob. globalstorestride≤ 8
41 prob. globalstorestride≤ 64
42 prob. globalstorestride≤ 512
43 prob. globalstorestride≤ 4096

branchpredictability 44 GAg PPMpredictor
45 PAg PPMpredictor
46 GAsPPMpredictor
47 PAs PPMpredictor

Table 1: Micr oarchitecture-independentcharacteristics.

32,64,128and256in-�ight instructions.
Register traf�c characteristics. We collect a numberof char-

acteristicsconcerningregisters[6]. Our �rst characteristicis the
averagenumberof input operandsto an instruction. Our second
characteristicis theaveragedegreeof use,or the averagenumber
of timesaregisterinstanceis consumed(registerread)sinceitspro-
duction(registerwrite). Thethird setof characteristicsconcernsthe
registerdependency distance.Theregisterdependency distanceis
de�ned asthe numberof dynamicinstructionsbetweenwriting a
registerandreadingit.

Working set.Wecharacterizetheworkingsetsizeof theinstruc-
tion anddatastream. For eachbenchmark,we counthow many
unique32-byteblockswere touchedandhow many unique4KB
pagesweretouchedfor bothinstructionanddataaccesses.

Data streamstrides. Thedatastreamis characterizedwith re-
spectto localandglobaldatastrides[10]. A globalstrideis de�ned
asthedifferencein thedatamemoryaddressesbetweentemporally
adjacentmemoryaccesses.A local strideis de�ned identicallyex-
ceptthatbothmemoryaccessescomefrom a singleinstruction—
this is doneby trackingmemoryaddressesfor eachmemoryopera-
tion. Whencomputingthedatastreamstrideswemakeadistinction
betweenloadsandstores.

Branch predictability. The�nal characteristicwe want to cap-
ture is branchbehavior. Themostimportantaspectwould behow
predictablethe branchesare for a given benchmark. In order to
capturebranchpredictability in a microarchitecture-independent
mannerwe usedthe Predictionby Partial Matching (PPM) pre-
dictor proposedby Chenet al. [2], which is a universalcompres-
sion/predictiontechnique.

A PPMpredictoris built on thenotionof a Markov predictor. A
Markov predictorof orderk predictsthenext branchoutcomebased
uponk precedingbranchoutcomes.Eachentryin theMarkov pre-
dictor recordsthe numberof next branchoutcomesfor the given
history. To predictthenext branchoutcome,theMarkov predictor
outputsthemostlikely branchdirectionfor thegivenk-bit history.
An m-order PPM predictorconsistsof (m+1) Markov predictors
of orders0 up to m. The PPM predictorusesthe m-bit history to
index the mth orderMarkov predictor. If thesearchsucceeds,i.e.

thehistoryof branchoutcomesoccurredpreviously, thePPMpre-
dictor outputsthepredictionby themth orderMarkov predictor. If
thesearchdoesnot succeed,thePPMpredictorusesthe (m-1)-bit
history to index the (m-1)th orderMarkov predictor. In casethe
searchmissesagain,the PPM predictorindexesthe (m-2)th order
Markov predictor, etc. UpdatingthePPMpredictoris doneby up-
dating the Markov predictorthat makes the predictionandall its
higher order Markov predictors. In this paper, we considerfour
variationsof the PPM predictor: GAg, PAg, GAs andPAs. `G'
meansglobalbranchhistorywhereas̀P' standsfor per-addressor
localbranchhistory;`g' meansoneglobalpredictortablesharedby
all branchesand`s' meansseparatetablesperbranch.Theorderof
all of thesepredictorsequals13 in our measurements.We wantto
emphasizethatthesecharacteristicsfor computingthebranchpre-
dictability are microarchitecture-independent.The reasonis that
thePPMpredictoris to beviewedasa theoreticalbasisfor branch
prediction— it attainsupper-limit performance— ratherthanan
actualpredictorthatis to bebuilt in hardware.

2.2 The Data Transformation Matrix
As asecondstepin ourmethodology, theraw datamatrix,which

isamatrixwheretherowsarethebenchmarksandwherethecolumns
arethe microarchitecture-independentcharacteristics,needsto be
transformed.This is doneby multiplying theraw datamatrix with
the datatransformationmatrix. We now proposethreedifferent
methodsof datatransformation,namelynormalization,principal
componentsanalysisanda geneticalgorithm.

2.2.1 Normalization
An importantissuewith theraw datamatrixis thatsomemicroar-

chitecture-independentcharacteristicsvaryin therange10±1 where-
as other characteristicsvary in the range1 ± 0:1, e.g., the vari-
anceof the ILP metric is ordersof magnitudelarger thanthevari-
anceof the instructionmix metric. Using the Euclideandistance
in thebenchmarkspacebuilt from theraw datamatrix would thus
give higherweight to characteristicsthat take larger values. Nor-
malization so that the meanis zero and the varianceis one for
all microarchitecture-independentcharacteristicsacrossall bench-



marksalleviatesthis issue.Normalizationgivesanequalweightto
all themicroarchitecture-independentcharacteristics.

2.2.2 Principal Components Analysis
A secondimportantissueis thatsomedimensionsin thebench-

mark space(even afternormalization)canbecorrelated.TheEu-
clideandistancegiveshigherweight to correlatedcharacteristics.
In otherwords, the underlyingprogramcharacteristicthat causes
themicroarchitecture-independentcharacteristicsto correlate,gets
a higherweight in the Euclideandistance.Principalcomponents
analysis(PCA) [7] is a statisticaldataanalysistechniquethat ex-
tractsuncorrelateddimensionsfrom a dataset.

Theinput to PCAis amatrix in which therowsarethecases and
thecolumnsarethevariables. In this paper, thecasesarethevari-
ousbenchmarks;thecolumnsarethe47normalizedmicroarchitec-
ture-independentcharacteristics.PCAcomputesnew variables,cal-
led principal components, which are linear combinations of the
original variables,suchthatall principalcomponentsareuncorre-
lated.PCA tranformsthep variablesX 1 ; X 2 ; : : : ; X p into p prin-
cipal componentsZ1 ; Z2 ; : : : ; Zp with Z i =

P p
j =1 aij X j . This

transformationhastheproperties(i) V ar [Z1 ] ≥ V ar [Z2 ] ≥ : : : ≥
V ar [Zp ] — this meansZ1 containsthemostinformationandZp

the least;and(ii) Cov[Z i ; Z j ] = 0; ∀i 6= j — this meansthere
is no informationoverlapbetweentheprincipalcomponents.Note
that the total variancein thedata(variables)remainsthesamebe-
foreandafterthetransformation,namely

P p
i =1 V ar [X i ] =P p

i =1 V ar [Z i ]. In this paper, X i is the i th microarchitecture-
independentcharacteristic;Z i thenis the i th principalcomponent
afterPCA.V ar [X i ] is thevarianceof theoriginalmicroarchitecture-
independentcharacteristicX i computedoverall benchmarks.Like-
wise,V ar [Z i ] is thevarianceof theprincipalcomponentZ i over
all benchmarks.

Someof theprincipalcomponentsaccountfor a highervariance
thanothers.By removing theprincipalcomponentswith the low-
estvariancefrom theanalysis,wecanreducethedimensionalityof
thedatasetwhile controllingtheamountof informationthatis lost.
Weretainq principalcomponentswhichisasigni�cant information
reductionsinceq � p in mostcases.To measurethefractionof in-
formationretainedin this q-dimensionalspace,we usetheamount
of variance(

P q
i =1 V ar [Z i ])=(

P p
i =1 V ar [X i ]) accountedfor by

theseq principalcomponents.For example,criteriasuchas`80%
of the total varianceshouldbeexplainedby theretainedprincipal
components'couldbeusedfor datareduction.An alternative cri-
terionis to retainall principalcomponentsfor which theindividual
retainedprincipal componentexplainsa fraction of the total vari-
ancethatis at leastaslargeastheminimumvarianceof theoriginal
variables.

The output obtainedfrom PCA is a matrix in which the rows
arethevariousbenchmarksandthecolumnsaretheretainedprin-
cipal components.We subsequentlynormalizetheprincipalcom-
ponents,i.e. we rescaletheprincipalcomponentsto unit variance.
This givesequalweightto all of theprincipalcomponents[5].

2.2.3 Genetic Algorithm
SinceweusetheEuclideandistanceasadistancemeasurein the

benchmarkspace,weimplicitly assumethattheEuclideandistance
in the(microarchitecture-independent)benchmarkspaceis propor-
tional to theperformancedifferencesacrossa varietyof platforms.
NormalizationandPCA only partially addressthis issue.Normal-
izationassumesthatall normalizedmicroarchitecture-independent
characteristicshave anequalimpacton overall performance;PCA
assumesthatall normalizedunderlying(anduncorrelated)program
characteristicshaveanequalimpact.However, someprogramchar-

acteristicshave a muchlarger impacton performancethanothers.
For example,thebranchpredictionaccuracy typically hasa much
largerimpactonoverall performancethanthefractionmultiply op-
erations.As such,an appropriatedistancemeasureshouldgive a
higherweight to thebranchpredictionaccuracy metric thanto the
fractionmultiply operations.

A higheror lower impactto a particularprogramcharacteristic
canbegivenby multiplying theprogramcharacteristicby a given
factor. This scalinggives a higher or lower weight to the given
programcharacteristicwhencomputingthe Euclideandistancein
thebenchmarkspace.

Weproposeageneticalgorithm(GA) for computingtheseweights.
A geneticalgorithm is an evolutionary optimizationmethodthat
startsfrom apopulationof solutions.For eachsolutionin thepopu-
lation,a�tnessscoreis computedandthesolutionswith thehighest
�tness scoreareselectedfor constructingthenext generation.This
is doneby applyingmutationandcrossover on the selectedsolu-
tions from thepreviousgeneration.Mutation randomlychangesa
singlesolution;crossover generatesnew solutionsby mixing exist-
ing solutions.This algorithmis repeated,i.e., new generationsare
constructed,until no moreimprovementis observedfor the�tness
score.

The �tness scorethat we use here is the predictionaccuracy
of our framework to predictperformancespeedupsacrossa wide
rangeof machines.As such,thegeneticalgorithmlearnshow the
distancemeasurein the benchmarkspacecorrelateswith perfor-
manceacrossa variety of platforms. The geneticalgorithmthus
usesperformancenumbersfor building thedatatransformationma-
trix; the normalizationand PCA approachesdo not use perfor-
mancenumbers.

2.3 PerformancePrediction
Oncethe datatransformationmatrix is computedusingoneof

the approachesdiscussedin the previous section,we transform
theraw datamatrix by multiplying it with thedatatransformation
matrix. Eachbenchmarkthen is a point in the multidimensional
benchmarkspace.Predictingperformancefor anapplicationof in-
terestthen requiresthat microarchitecture-independentcharacter-
istics aremeasuredandthat thesecharacteristicsare transformed
usingthedatatransformationmatrix. This locatesthe application
of interestin thebenchmarkspace.

Predictingperformancefor theapplicationof interestis doneby
taking a weightedaverageover the performancenumbersof the
benchmarksin theneighborhoodof theapplicationof interest.All
thebenchmarksthatarepartof theneighborhoodarecalledprox-
ies of theapplicationof interest.Theweightingis donebasedon
the distancebetweenthe proxy andthe applicationof interest. In
fact,theweightwi is inverselyproportionalto thedistancedi . The
weightwi is computedas

wi =

P n
i =1

1
d i

di
; (1)

with n beingthe numberof proxiesof the applicationof interest.
In this paper, we focuson predictingperformancespeedups,rather
thanpredictingraw performance.Predictingrelative performance
differencesis often moreimportantin practice. The performance
speedupof theapplicationof interestis computedastheweighted
harmonicaverageover thespeedupsof theproxies:

S =
1P n

i =1
w i
S i

: (2)



2.4 Discussion
An inherentlimitation with this performancepredictionframe-

work is thataccurateperformancepredictionis dif�cult for anap-
plication of interestthat is isolatedin the benchmarkspace.The
fact that an applicationof interest is isolatedin the benchmark
spaceindicatesthattheapplicationof interestis dissimilarto all of
theprogramsin thebenchmarksuitein termsof itsmicroarchitectiure-
independentcharacteristics.As such,it is to be expectedthat an
accurateperformancepredictionwill bedif�cult to make basedon
thealmostnon-existingsimilarity of theapplicationof interestwith
theprogramsin thebenchmarksuite.

As a result, an important issueto our performanceprediction
framework is which programsto selectfor inclusionin thebench-
mark suite, i.e., the benchmarksuiteshouldbe diverseenoughto
cover a wide rangeof programbehaviors. In this paper, we use
SPECCPU2000asour benchmarksuitebecausethe SPECweb-
site recordsperformancenumbersfor all of the SPECCPU2000
benchmarksfor a largevarietyof platforms.Showing thatour per-
formancepredictionframework worksusingastandardizedbench-
marksuitehasa lot of practicalappeal.Peoplecancomparetheir
applicationof interestversustheSPECCPUbenchmarksbasedon
inherentprogrambehavior andmake performancepredictionsus-
ing thepublicly availableSPECCPUresultsfor a largenumberof
commercialmachines.

As apartof our futurework, wewill studyhow to build abench-
marksuitethatreducesthenumberof weakspotsin thebenchmark
spacein order to make accuratepredictionsfor a wider rangeof
applicationsof interest. Onepotentialavenuecould be to look at
programphasesof existingbenchmarksto populatethebenchmark
space.

3. EXPERIMENT AL SETUP
In thispaper, weuseall of theSPECCPU2000benchmarkswith

all of their referenceinputs.Thebinariesweretakenfrom theSim-
pleScalarwebsite;they arecompiledfor theAlphaISA. Measuring
themicroarchitecture-independentcharacteristicsdiscussedin sec-
tion 2.1 is doneusingATOM [15]. ATOM is a binaryinstrumenta-
tion tool thatallows for instrumentingfunctions,basicblocksand
instructions.The instrumentationitself is doneof�ine, i.e., an in-
strumentedbinary is storedon disk. Then the microarchitecture
characteristicsaremeasuredby runningtheinstrumentedbinary.

In theevaluationsectionof this paper, we usetherealhardware
performancenumbersreportedon the SPECCPU website1. We
usethespeedupratioswith baseoptimizationcomparedto theref-
erenceSPECCPUmachinewhich is aSUNUltra5 10workstation
with a 300MHzSPARC processorwith 256MBmainmemory. We
usespeedupnumbersfor 36 machineswith differentISAs,proces-
sorsandmachinecon�gurationsfrom avarietyof computermanu-
facturerssuchasAMD, Intel, Alpha, HP, IBM, SUN,etc. Table2
enumeratesall themachinesthatwe usein this study.

Recallthat thegeneticalgorithmusesperformancenumbersfor
learninghow to scalethemicroarchitecture-independentcharacter-
istics for accurateperformancepredictions. As such,in order to
makeafair evaluationof thegeneticalgorithm,weusealeave-one-
out methodology. Theleave-one-outmethodologyleavesa bench-
mark out of the dataset for building the modelusingthe genetic
algorithm; the modelis thensubsequentlyusedfor predictingthe
performancefor theleft-out benchmark.

1http://www.spec.org/cpu2000

AMD Epox8KHA Motherboard,AMD Athlon(TM) XP2100+
AMD TYAN ThunderK8QSPro(S4882),AMD Opteron(TM)850
CompaqAlphaServer DS106/600
Acer Altos G520(3.6GHzIntel Xeon)
Acer Altos G710(3.0GHzIntel Xeon)
Dell PrecisionWorkStation340(1.5GHzPentium4)
Dell PrecisionWorkStation340(2.2GHzPentium4)
Dell PrecisionWorkstation380(3.8GHzPentium4, 2MB L2)
FujitsuPRIMEPOWER650(1890MHz)
FujitsuPRIMEPOWER900(2160MHz)
FujitsuSiemensCelcius460
FujitsuSiemensCelsiusV810,Opteron(TM)252,Linux64-bit
FujitsuSiemensPRIMERGYBX620S2,64-bit Intel Xeon3.60GHz
AMD GigabyteGA-7DX Motherboard,1.2GHzAthlon Processor
HP Integrity rx4640-8(1.6GHz/9MBL2 Itanium2)
HP AlphaServer GS12807/1300
HP ProLiantBL25p,AMD Opteron(TM)252
IBM eServer BladecenterHS20(3.8GHzIntel Xeon,2MB L2 Cache)
IBM eServer e326(AMD Opteron(TM)246)
IBM eServer p5 575(1900MHz,1 CPU)
IBM eServer pSeries690Turbo(1700MHz,1 CPU)
ION SR2300WV2(3.2GHzIntel Xeonprocessorw. 2MB L3 cache)
Intel D850EMV2motherboard(2.53GHz,Pentium4processor)
Intel D850MDmotherboard(2.0GHz,Pentium4 processor)
Intel D875PBZmotherboard(3.2GHz,Pentium4 processor)
Intel D925XECV2motherboard(3.46GHz,Pentium4 processor)
PathscaleASUSSK8N Motherboard,AMD Opteron(TM) Model248
AMD RioworksHDAMA Motherboard,AMD Opteron246
SGI Altix3700 Bx2 (1600MHz9MB L3, Itanium2)
SGI Altix3000 (1500MHz,Itanium2)
SGI Origin200360MHzR12k
SunBlade1000Model1900
SunBlade2500(1.6GHz)
SunFire V1280(1200MHz)
SunJavaWorkstationW1100z
SupermicroX6DH8/E-G2Motherboard(Intel Xeon3.6GHz2M Cache)

Table2: Realhardwaresystemsusedin this paper.

4. EVALUATION
Wenow evaluateif our framework canpredictthespeedupranks

of real systemsfor an applicationof interest. To demonstratethe
resultswe initially plot theestimatedspeedupnumbersversusthe
actualspeedupnumbersfor four examplebenchmarks,namelyart,
gap, gcc andmesa asshown in Figure2. Eachdot in thesescat-
ter plots representsonemachine;thereare36 machinesplottedin
total. Thegraphsin theright columnarefor theGA datatransfor-
mationmethod;thegraphsontheleft arefor the`averagespeedup'
method.The`averagespeedup'approachis whatpeoplewoulduse
in currentpracticegiven the SPECCPU data;they would choose
a machinethat achieves high averageperformanceon all of the
benchmarks.Weobservethattheestimatedspeedupscorrelatevery
well with themeasuredspeedupsfor theaveragespeedupmethod.
However, the estimatedspeedupresultsfor the GA datatransfor-
mation methodcorrelatebetterwith the measuredspeedupsthan
theaveragespeedupapproach.

4.1 Predicting machineranks
To quantifytheaccuracy of predictingtheranksof differentsys-

temswe computerank correlationcoef�cients. For a given ap-
plication of interestwe rank all the machinesbasedon the pre-
dicted speedups.A similar rank can be computedbasedon the
measuredspeedups.We thencomputethe Spearmanrank corre-
lation coef�cient which is a measurefor how well the estimated
rank correspondsto the measuredrank. The closerto 1, the bet-
ter the estimatedrank. The resultsareshown in Figure3 for the
threedatatransformationmethodsthat we evaluatein this paper:
normalization,PCA andgeneticalgorithm. For PCA, we retain6
principalcomponentswhichexplain slightly morethan80%of the
total variance;we experimentedwith differentnumberof princi-
pal components,however, 6 principalcomponentsshowedto yield



Figure 2: Scatter plots showing the estimatedspeedupsversus the measured speedupsfor all 36 machinesfor four benchmarks:
art, gap, gcc and mesa; this is for the averagespeedupapproach(left column) and for the GA data transformation method (right
column).
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Figure 3: The Spearmancorrelation coef�cients for estimating the ranks for the averagebenchmark suite speedupresults,and the
normalization, PCA and GA data transformation methods.

avg speedup normalization PCA GA
normalization 21 – 17 10
PCA 17 9 – 10
GA 23 16 16 –

Table 3: Summarizing the number of benchmarks out of the
26 SPEC CPU benchmarks for which a data transformation
method in the rowsoutperforms a data transformation method
in the columns.

thebestresults.ThebaselineSpearmanrankcorrelationcoef�cient
thatwe compareagainstis obtainedfrom a rankbasedon average
speedupnumbersacrossall benchmarks.This baselinerankcorre-
lation coef�cient is 0.83on average.ThenormalizationandPCA
datatransformationmethodsachieve a higheraveragecorrelation
coef�cient, namely0.889and0.876,respectively. Thegenetical-
gorithm achievesa slightly highercorrelationcoef�cient, namely
0.892.Also important,next to achieving agoodaveragecorrelation
coef�cient, is thattheminimumcorrelationcoef�cient for ourdata
transformationtechniques(0.80 for normalization,0.77 for PCA
and0.79for thegeneticalgorithm)is signi�cantly higherthanthe
minimum correlationcoef�cient for the averagespeedupmethod
(0.64).

Table3 summarizesthe numberof benchmarksfor which one
datatransformationmethodachievesa higherrankcorrelationco-
ef�cient thananotherdatatransformationmethod.Thegenetical-
gorithmwhich outperformsthenormalizationandPCA datatrans-
formationmethodsfor 16 out of the 26 benchmarks,andoutper-
forms the averagespeedupmethodfor 23 of the 26 benchmarks,
clearlyis thebestperformingdatatransformationmethod.

In order to further quantify the signi�cance of our results,we
have done the following experiment. We quanti�ed the perfor-
mancelossby picking themachinewith thehighestrankaccording
to the averagespeedupmethodcomparedto the bestperforming
machinefor a given applicationof interest. The averageperfor-
manceloss using this approachis 20%. Using the geneticalgo-
rithm to point to themachinewith thehighestrankyieldsa perfor-
mancelossof only 13.6%.Doingthesameexperimentwith thetop
3 highestmachineranksyields 19.7%versus11.1%performance
loss,respectively. As such,we concludethatthesmalldifferences
in rankcorrelationcoef�cient canmakeabig differencein practice.

4.2 Number of proxies
As mentionedin section2.3,we computetheestimatedspeedup
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Figure 4: The averageand worst Spearmanrank correlation
coef�cient asa function of the number of proxies.

for theapplicationof interestasa weightedaverageover a number
of proxies.Figure4 quanti�estheaverageandtheworstSpearman
rankcorrelationcoef�cient asa functionof thenumberof proxies.
Usingasingleproxy for theapplicationof interestyieldsrelatively
poorresults;theworstrankcorrelationcoef�cient is 0.48.Thebest
resultsareobtainedfor threeproxies— andwe usedthreeprox-
ies for all the otherresultspresentedin this paper. More proxies
degradethepredictionaccuracy.

Table4 shows the threeproxiesalongwith their weightsfor all
of theSPECCPU2000benchmarks.It is interestingto observe that
the weightsfor all of the proxiesarevery closeto 1=3. In other
words,thedistancebetweentheproxiesandtheapplicationof in-
terestis fairly uniform. Therearea few exceptionsthough,seefor
exampleart andgalgel. Thesetwo benchmarksaresubstantially
closerto eachother than any of the other benchmarks.Another
interestingnoteis thatsomebenchmarksdo not appearasa proxy
in this table,suchasgcc, mcf, lucas andswim. This is because
thesebenchmarksareisolatedin thebenchmarkspace,or in other
words, thesebenchmarksexhibit a unique inherentprogrambe-
havior. Otherbenchmarksarevery popularproxies(bzip2 being
the mostnotableexample)andhencearesimilar to several other
benchmarks.



benchmark �rst proxy secondproxy third proxy
benchmark weight benchmark weight benchmark weight

ammp sixtrack 0.3450023 facerec 0.3298283 equake 0.3251694
applu apsi 0.3529558 mgrid 0.3321383 sixtrack 0.3149060
apsi facerec 0.3632251 applu 0.3310163 mgrid 0.3057585
art galgel 0.5262046 equake 0.2486268 applu 0.2251686
bzip2 crafty 0.3678218 vpr 0.3247506 gzip 0.3074277
crafty bzip2 0.3457154 gzip 0.3291154 mesa 0.3251692
eon vortex 0.3432195 perlbmk 0.3363128 wupwise 0.3204677
equake mgrid 0.3698197 facerec 0.3155218 wupwise 0.3146585
facerec apsi 0.3708346 wupwise 0.3234905 mesa 0.3056749
fma3d perlbmk 0.3660400 mesa 0.3522770 eon 0.2816830
galgel art 0.5048660 equake 0.2628316 applu 0.2323024
gap parser 0.3844569 perlbmk 0.3277766 bzip2 0.2877665
gcc gap 0.3390179 vortex 0.3317401 perlbmk 0.3292420
gzip bzip2 0.3723797 vpr 0.3230235 parser 0.3045968
lucas sixtrack 0.3547355 ammp 0.3331614 apsi 0.3121031
mcf twolf 0.3655187 vpr 0.3456542 bzip2 0.2888271
mesa crafty 0.3360154 fma3d 0.3327870 perlbmk 0.3311976
mgrid applu 0.3867341 equake 0.3145360 apsi 0.2987299
parser gap 0.3594303 bzip2 0.3560188 crafty 0.2845508
perlbmk mesa 0.3450405 bzip2 0.3330650 fma3d 0.3218945
sixtrack fma3d 0.3439120 applu 0.3375917 apsi 0.3184963
swim lucas 0.3569074 mgrid 0.3227215 sixtrack 0.3203710
twolf vpr 0.4386195 bzip2 0.3045816 parser 0.2567989
vortex eon 0.3465275 perlbmk 0.3282399 parser 0.3252326
vpr twolf 0.3855639 bzip2 0.3689636 parser 0.2454725
wupwise facerec 0.3516994 eon 0.3451375 equake 0.3031630

Table4: The thr eeproxiesalongwith their weightsfor eachof the benchmarks.

5. RELATED WORK
The fundamentalfacilitator for our performancepredictionap-

proachis a goodquantitative measurefor programsimilarity. Sev-
eral researchershave proposedmethodsfor quantifying program
similarity. Saavedraand Smith [13] use the squaredEuclidean
distancecomputedin a benchmarkspacebuilt up usingdynamic
programcharacteristicsat theFortranprogramminglanguagelevel
suchasoperationmix, numberof functioncalls,numberof address
computations,etc.Conte[3] useskiviat viewsto qualitatively com-
pareprogrambehavior basedonmicroarchitecture-dependentchar-
acteristicssuchascachemissrates,branchmispredictrates,etc.Yi
et al. [17] useaPlackett-Burmandesignfor classifyingbenchmarks
basedon how the benchmarksstressthe sameprocessorcompo-
nentsto similar degrees.VandierendonckandDe Bosschere[16]
rankbenchmarksbasedon their uniquenessin thestandardbench-
marksuiteusingtheSPECperformancerating,i.e., thebenchmarks
that exhibit differentspeedupson mostof themachinesaregiven
a higherrank. All of thesestudiesreveal interestinginsightsinto
how benchmarksbehave andinto how (dis)similarbenchmarksare
from eachother.

Basedon this prior work, researchershave proposedbenchmark
suitecompositiontechniques[4, 5,12]. Thesetechniques�rst mea-
sureanumberof programcharacteristics,thenapplyprincipalcom-
ponentsanalysis,and�nally applyclusteranalysisin orderto �nd
distinctgroupsof programbehavior. A representative is thencho-
senfrom eachclusterfor inclusion in the benchmarksuite. The
key ideais to selectbenchmarksso thatall majorprogrambehav-
iors are representedin the benchmarksuite. This techniquecan
beusedfor building a benchmarksuitethatcoversthebenchmark
spacewell, or it couldbeusedto build a reducedbenchmarksuite
from an existing benchmarksuite. This reducedbenchmarksuite
yields accurateperformancepredictionscomparedto the original
benchmarksuite.

Thecurrentpaperextends[11] which usedtheabove workload

characterizationmethodologyconsistingof principal components
analysisandclusteranalysisto predictperformancefor individual
benchmarks.As shown in this paper, animportantissuewith prin-
cipal componentsanalysishowever is that thedistancemeasurein
thebenchmarkspacemaynot relatewell to theperformancediffer-
encesacrossvariousplatforms. This papershows that thegenetic
algorithm for learninghow the differencesin microarchitecture-
independentcharacteristicsrelateto performancedifferencesyields
betterresults.Thecurrentpaperalsoimproves[11] in threeother
ways: (i) the useof a bettersetof microarchitecture-independent
characteristics,(ii) limiting thenumberof proxiesand(iii) theuse
of morebenchmarksin theevaluation.Doing a head-to-headcom-
parisonbetweenthemethodin [11] andourapproach,for thebench-
marksconsideredin [11], shows an improvementof the average
rankcorrelationcoef�cient from 0.76to 0.91.

A largebodyof work hasalsobeendoneon thecorrelationbe-
tweenmicroarchitecture-independentprogramcharacteristicsand
processorperformance,seefor example[1, 9, 14]. However, these
techniquesdo not predictperformancefor anapplicationof inter-
est basedon cross-programsimilarity. Instead,thesetechniques
predictperformancebasedon intra-programphase-level similari-
ties. This requiresthatparticularphasesof theapplicationneedto
be executedfor makinga performanceprediction; this is not the
casefor ourmethod.

Anotherapproachto thebenchmarkingproblemthatwe address
in this paperis analyticalmodeling. Ideally, an analyticalmodel
wouldconsumemicroarchitecture-independentcharacteristicsaswell
asmicroarchitectureparametersandproduceaccurateperformance
estimatesof the given applicationon the given microarchitecture.
The work that getscloseto suchan approachis the superscalar
processormodelpresentedby KarkhanisandSmith [8] that esti-
matesperformancebasedon microarchitecture-dependentcharac-
teristicssuchascachemiss ratesandbranchmispredictionrates.
And variousresearchershaveproposedtechniquesto predictcache



missratesbasedon microarchitecture-independentcharacteristics
suchasthestackdistance,seefor example[18]. However, we are
unawareof any work thatproposesa superscalarprocessormodel
basedon microarchitecture-independentcharacteristicssolely —
the major impedimentfor achieving this is a goodmodel for es-
timating branchmispredictionratesbasedon microarchitecture-
independentcharacteristics.

6. SUMMARY
This paperproposedan approachfor addressingtheubiquitous

problemin benchmarkingwhich is the identi�cation of the plat-
form that yields thebestperformancefor thegiven applicationof
interest. The key idea is to compareinherentprogramcharacter-
isticsof theapplicationof interestagainstthesamecharacteristics
for all programsin the standardizedbenchmarksuite. Basedon
theinherentsimilarity of theapplicationof interestwith thebench-
marksin the benchmarksuite,a numberof proxiesare identi�ed
anda performancepredictioncanbemadeusingtheperformance
numbersof theproxies.

Weevaluatedthreeapproachesfor transformingtheraw microar-
chitecture-independentdatamatrixinto abenchmarkspacein which
therelative distanceis anaccuratemeasurefor programsimilarity
andhencethe relative performancedifferencesacrossa variety of
platforms.Of thethreeapproaches,normalization,principalcom-
ponentsanalysisandgeneticalgorithm,thegeneticalgorithmis the
mostaccurate.Our framework yields anaverage0.89rankcorre-
lation coef�cient for predictingrelative performanceranksof 36
commercialmachineswith different ISAs, compilersand micro-
processors;the worst casecorrelationcoef�cient is 0.80. Current
practicewhichusestheaveragemachineratingsfor predictingma-
chine ranksachieves an average0.83 rank correlationcoef�cient
anda worstcasecorrelationcoef�cient of 0.64.
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