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ABSTRACT

A key challengein benchmarkings to predictthe performanceof

an applicationof intereston a numberof platformsin orderto de-
terminewhich platform yields the bestperformance.This paper
proposesan approachfor doing this. We measurea numberof

microarchitecture-independettiaracteristicérom the application
of interest,andrelatethesecharacteristic$o the characteristicef

the programsfrom a previously pro led benchmarksuite. Based
onthesimilarity of theapplicationof interestwith programsn the
benchmarlsuite,we make a performanceredictionof theapplica-
tion of interest.We proposeandevaluatethreeapproachegormal-
ization, principal componentsanalysisand geneticalgorithm) to

transformthe raw datasetof microarchitecture-independeciiar

acteristicsinto a benchmarkspacein which the relative distance
is a measurdor the relative performancealifferences. We evalu-

ateour approactusingall of the SPECCPU2000benchmarksnd
real hardware performancenumbersfrom the SPECwebsite. Our

framework estimateperbenchmarkmachinerankswith a0.89av-

erageanda 0.80worstcaserankcorrelationcoefcient.
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1. INTRODUCTION

Fromabenchmarlconsumepoint-of-view, akey challengéasto
determinghe platformthatyieldsthe bestperformancédor a given
applicationof interest. Ideally, the users applicationof interest
is his bestbenchmark.However, in mary practicalcircumstances
the userhasto rely on the performancescoresof a standardized
benchmarlsuitefor estimatingthe performanceof the application
of interestfor two reasonsFirst, it is too dif cult or costlyto port
the applicationprogramof interestto a wide rangeof platforms.
Secondtherearemary platformsfor which the performanceneeds
to bemeasuretbeforemakingachoiceaboutwhich platformyields
to the bestperformancedor the givenapplication.

A populartool for estimatingperformancef anapplicationpro-
gramon anunavailableplatformis detailedcycle-accurat@roces-
sorsimulation. However, next to not solving the porting problem,
simulationis very time consumingandthusis dif cult to usein
practice.

This motivatesus to comeup with a different solutionto this
ubiquitousproblemin benchmarking The methodologyproposed
in this paperusesthe alreadyknown performancescoresof stan-
dardizedbenchmarksuiteson the systemsof our interest. As a
part of our methodologywe measurea set of microarchitecture-
independentharacteristic$or the new applicationof interestand
relatethemto the samecharacteristicof the benchmarksn the
standardizedenchmarlksuite. The microarchitecture-independent
characteristiccapturethe inherentprogrambehaior that is un-
biasedtowards a particular microarchitecture. We then use the
knowledgeof similarity betweerthe applicationof interestandthe
correspondindpenchmarkso predictthe performancef theappli-
cationof interest.In otherwords,we usethe standardizetbench-
marksasproxiesfor our applicationof interestbasecdn similarity.

The key issuein a methodologythat usesprogramsimilarity
basedon microarchitecture-independemtogramcharacteristicss
to determinenow differencesn microarchitecture-independestiar
acteristicstranslateinto differencesin performance.We propose
and evaluatethreeapproache$or achiering that, namelynormal-
ization, principal components&nalysisanda geneticalgorithm, of
which the geneticalgorithmshaws to be the mostaccurate A ge-
neticalgorithmlearnshow to rescalethe benchmarkspaceso that
the Euclideandistancein the benchmarkspacebecomesa more
accuratemeasurefor performancedifferenceswhen running the
benchmark®n avariety of platforms.

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

characteristics.

Current practice, which usesthe averagerank acrossall bench-
marksfor predictingranksfor speci ¢ applicationsof interest,a-
chievesanaverage0.83andaworstcase0.64rank correlationco-
ef cient for theestimatedspeedupsersushe measuregpeedups.
Our framavork basedon inherentprogramsimilarity achievesan
averagecorrelationcoefcient of 0.89; the worst casecorrelation
coefcient thatwe obsere is 0.79. Theseresultsdemonstrat¢hat
our frameawork is indeedcapableof tracking performancediffer-
encesacrossplatformswith differentISAs, compilersand micro-
processors.To the bestof our knowledge, this paperis the rst
to proposea methodologyfor predictingmachineranksfor indi-
vidual programshasedon microarchitecture-independeptogram
similarity.

This paperis organizedasfollows. We rst detail on our per
formancepredictionframevork. We thenpresenbur experimental
setupfollowed by the evaluationof our framework. Finally, we
discusgelatedwork andconclude.

2. PERFORMANCE PREDICTION
FRAMEW ORK

Figurel illustratesthe framewvork thatwe proposein this paper
for predictingperformancédasednmicroarchitecture-independent
programsimilarity. The framavork assumes collection of pro-
gramswhichwe call thebenchmark suite. For eachof thesebench-
marks,we have acollectionof microarchitecture-independecttar
acteristicsaswell asperformancenumberson a (numberof) plat-
form(s). The performancenumberscould be obtainedfrom simu-
lation or from real hardware execution. Thesemicroarchitecture-
independentharacteristicalong with the performancenumbers
arethenusedto build a datatransformatiormatrix — building the
datatransformatiormatrix canalsobe donewithout using perfor
mancenumbersthususingmicroarchitecture-independecttarac-
teristics solely (hencethe dashedine betweenthe “performance
numbersboxandthe build datatransform'boxin Figurel). Once
thedatatransformatiommatrixis computedtheoriginal microarchi-
tecture-independediatamatrixis transformedisingthedatatrans-
formationmatrix. Thebenchmarkgannow beviewedaspointsin
atransformediataspacewvhich we call the benchmark space.

For an applicationof interestfor which we wantto predictper
formancewe thencomputea setof microarchitecture-independent
characteristics— this is the sameset of characteristicghat we
usedto build the benchmarkspace. We subsequentlyransform

the microarchitecture-independenharacteristicaising the same
datatransformatiormatrix asabove. This locatesthe application
of interestin the benchmarkspace.Performances thenpredicted
by appropriatelyweightingthe performanceaumberof thebench-
marksin the neighborhooaf the applicationof interest.

We now discussa numberof aspectof this frameawork: (i) the
microarchitecture-independettiaracteristicg(ji) how to build the
datatransformatiormatrix,and(iii) how to computeaperformance
numberfor the applicationof interest.

2.1 Micr oarchitecture-independent
characteristics

Ideally, the programcharacteristicghat sere as input to our
framework shouldbeplatform-independerharacteristicsin other
words,they shouldbecompilerindependentiSA-independenand
microarchitecture-independentorderto capturethetrueinherent
programbehaior. Sincethis is dif cult to do, we take a prag-
matic approachand use microarchitecture-independecharacter
istics. The characteristicshat we collect are speci c to a given
ISA andagivencompiler howeverthey areindependenof agiven
microarchitecture; e., the characteristicareindependenéf cache
size, branchpredictorsize, processoicore con guration, etc. As
will beshavn in the evaluationsectionof this paperthesecharac-
teristics,inspiteof beingISA-dependenand compilerdependent,
areaccurateenoughfor trackingperformancecrosdifferentplat-
formswith differentiISAs andcompilers.

Tablel summarizeshe 47 microarchitecture-independectar
acteristicghatwe usein this paper Therangeof microarchitecture-
independentharacteristicss fairly broadin orderto cover all ma-
jor programbehaiors suchasinstructionmix, inherentlLP, work-
ing setsizes,memorystrides,branchpredictability etzc. Measur
ing theseprogramcharacteristicean be doneef ciently through
instrumentatiorwhich is substantiallyfasterthan simulation. We
includethefollowing characteristics:

Instruction mix. We include the percentageof loads, stores,
controltransfersarithmeticoperationsintegermultipliesand oa-
ting-pointoperations.

ILP. In orderto quantify the amountof instruction-leel paral-
lelism (ILP), we considemnout-of-ordemprocessomodelin which
everythingis idealizedandunlimitedexceptfor thewindow size—
we assumeerfectcachesperfectbranchprediction,in nite num-
berof functionalunits,etc. We measureheamountof IPC thatcan



256-entrywindow

cateory no. | characteristic category no. [ characteristic
instructionmix | 1 percentagéads datastreamstrides 24 | proh Tocalloadstride= 0
2 percentagstores 25 | proh localloadstride< 8
3 percentageontroltransfers 26 | proh localloadstride< 64
4 percentagarithmeticoperations 27 | proh localloadstride< 512
5 percentagénteger multiplies 28 | proh localloadstride < 4096
6 percentagép operations 29 | proh localstorestride= 0
ILP 7 32-entrywindow 30 | proh localstorestride< 8
8 64-entrywindowv 31 | proh localstorestride< 64
9 128-entrywindow 32 | proh localstorestride< 512

registertrafc avg. numberof inputoperands
avg. degreeof use

proh registerdependence- 1
proh registerdependencel 2
proh registerdependence 4
proh registerdependence 8
proh registerdependences 16
proh registerdependence 32
proh registerdependence 64
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working setsize [-streamatthe 32B blocklevel

33 | proh localstorestride< 4096
34 | proh globalloadstride= 0

35 | proh globalloadstride< 8

36 | proh globalloadstride< 64
37 | proh globalloadstride< 512
38 | proh globalloadstride< 4096
39 | proh globalstorestride= 0
40 | proh globalstorestride< 8
41 | proh globalstorestride< 64
42 | proh globalstorestride< 512
43 | proh globalstorestride < 4096

branchpredictability | 44

21 | I-streamatthe4KB pagelevel
22 | D-streamatthe32B block level
23 | D-streamatthe 4KB-pagelevel

GAg PPMpredictor
45 | PAg PPMpredictor
46 | GAsPPMpredictor
47 | PAs PPMpredictor

Table 1: Micr oarchitecture-independentcharacteristics.

beachievedfor anidealizedprocessowith a givenwindow sizeof
32,64,128and256in- ight instructions.

Registertraf ¢ characteristics. We collecta numberof char
acteristicsconcerningregisters[6]. Our rst characteristids the
averagenumberof input operandgo aninstruction. Our second
characteristids the averagedegreeof use,or the averagenumber
of timesaregisterinstancas consumedregisterread)sinceits pro-
duction(registerwrite). Thethird setof characteristiceoncernshe
registerdependencdistance.The registerdependencdistances
de ned asthe numberof dynamicinstructionsbetweenwriting a
registerandreadingit.

Working set. We characterizéheworking setsizeof theinstruc-
tion and datastream. For eachbenchmarkwe counthov mary
unique 32-byte blocks were touchedand howv mary unique4KB
pagesweretouchedfor bothinstructionanddataaccesses.

Data stream strides. The datastreamis characterizedavith re-
spectto localandglobaldatastrides[10]. A globalstrideis de ned
asthedifferencen thedatamemoryaddressebetweertemporally
adjacenmemoryaccessesA local strideis de ned identically ex-
ceptthatboth memoryaccessesomefrom a singleinstruction—
thisis doneby trackingmemoryaddressefor eachmemoryopera-
tion. Whencomputinghedatastreanstrideswve make adistinction
betweerloadsandstores.

Branch predictability. The nal characteristiave wantto cap-
tureis branchbehaior. The mostimportantaspectwould be how
predictablethe branchesare for a given benchmark. In orderto

capturebranch predictability in a microarchitecture-independent

mannerwe usedthe Predictionby Partial Matching (PPM) pre-
dictor proposecby Chener al. [2], which is a universalcompres-
sion/predictiortechnique.

A PPMpredictoris built onthenotionof a Markov predictor A
Markov predictorof orderk predictsthenext branchoutcomebased
uponk precedingoranchoutcomesEachentryin the Markov pre-
dictor recordsthe numberof next branchoutcomedor the given
history To predictthe next branchoutcome the Markov predictor
outputsthe mostlikely branchdirectionfor the given k-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 the searchsucceedsi.e.

the history of branchoutcomesccurredpreviously, the PPM pre-
dictor outputsthe predictionby the mth orderMarkov predictor If

the searchdoesnot succeedthe PPM predictorusesthe (m-1)-bit

history to index the (m-1)th order Markov predictor In casethe
searchmissesagain,the PPM predictorindexesthe (m-2)th order
Markov predictor etc. Updatingthe PPM predictoris doneby up-
datingthe Markov predictorthat malkes the predictionandall its

higher order Markov predictors. In this paper we considerfour

variationsof the PPM predictor: GAg, PAg, GAs andPAs. "G’

meangglobal branchhistorywhereasP' standsfor peraddresor

localbranchhistory; g’ meansoneglobalpredictortablesharedy

all branchesnd’s' meansseparatéablesperbranch.Theorderof

all of thesepredictorsequalsl3in our measurementdie wantto

emphasizehatthesecharacteristicéor computingthe branchpre-
dictability are microarchitecture-independent.he reasonis that
the PPM predictoris to be viewed asa theoreticabasisfor branch
prediction— it attainsuppetlimit performance— ratherthanan
actualpredictorthatis to bebuilt in hardware.

2.2 The Data Transformation Matrix

As asecondstepin our methodologytheraw datamatrix, which
isamatrixwheretherows arethebenchmarkandwherethecolumns
arethe microarchitecture-independecdiaracteristicsneedsto be
transformed This is doneby multiplying the raw datamatrix with
the datatransformationmatrix. We now proposethree different
methodsof datatransformationnamely normalization,principal
componentanalysisanda geneticalgorithm.

2.2.1 Normalization

An importantissuewith theraw datamatrixis thatsomemicroar-
chitecture-independenharacteristicgaryin therangel 0+1 where-
as other characteristicyvary in the rangel + 0:1, e.g., the vari-
anceof the ILP metricis ordersof magnituddargerthanthe vari-
anceof the instructionmix metric. Using the Euclideandistance
in the benchmarlspacebuilt from the raw datamatrix would thus



give higherweightto characteristicshat take larger values. Nor-
malization so that the meanis zero and the varianceis one for
all microarchitecture-independecitaracteristicacrossall bench-
marksalleviatesthisissue.Normalizationgivesanequalweightto
all themicroarchitecture-independetttaracteristics.

2.2.2  Principal Components Analysis

A secondmportantissueis thatsomedimensionsn the bench-
mark space(even after normalization)canbe correlated. The Eu-
clideandistancegives higherweight to correlatedcharacteristics.
In otherwords, the underlyingprogramcharacteristichat causes
the microarchitecture-independectiaracteristicso correlate gets
a higherweightin the Euclideandistance. Principal components
analysis(PCA) [7] is a statisticaldataanalysistechniquethat ex-
tractsuncorrelatedlimensiondrom a dataset.

Theinputto PCAis amatrixin whichtherows arethecases and
the columnsarethevariables. In this paperthe casesrethe vari-
ousbenchmarksthecolumnsarethe47 normalizedmicroarchitec-
ture-independergharacteristicsPCAcomputesiew variablescal-
led principal components, which are linear combinations of the
original variables,suchthatall principal componentsreuncorre-
lated. PCA tranformsthe p variablesX 1; X 2; Pl Xp into p prin-
cipal component¥1;Zz;:::;Zp with Z; = jp=1 aj X;j. This
transformatiorhasthepropertieqi) Var[Z1] > Var[Z3] > ::: >
Var[Z,] — thismeansZ; containsthe mostinformationandZ,
the least;and (i) Cov[Zi;Z;] = 0;Vi # j — this meansthere
is noinformationoverlapbetweerthe principalcomponentsNote
thatthe total variancein the data(variablgsyemainsthe samebe-
fereandafterthetransformationpamely 7, Var[Xi] =

P Var[Z;]. In this paper X; is the ith microarchitecture-
independentharacteristicZ; thenis theith principal component
afterPCA.V ar [X] isthevarianceof theoriginalmicroarchitecture-
independentharacteristiX; computedverall benchmarksLik e-
wise, V ar [Z;] is the varianceof the principal componenZ; over
all benchmarks.

Someof the principal componentgaccountfor a highervariance
thanothers. By remaving the principal componentsvith the low-
estvariancefrom theanalysiswe canreducethe dimensionalityof
thedatasetwhile controllingtheamountof informationthatis lost.
Weretaing principalcomponentsvhichis asigni cantinformation
reductionsinceq < p in mostcasesTo measureghefractionof in-
formationretginedn this g-dimgnsionakpacewe usetheamount
of variance( L, Var[Zi])=( P, Var[X;]) accountedor by
theseq principal componentsFor example,criteriasuchas 80%
of the total varianceshouldbe explainedby the retainedprincipal
componentscould be usedfor datareduction. An alternatve cri-
terionis to retainall principalcomponents$or which theindividual
retainedprincipal componenexplainsa fraction of the total vari-
ancethatis atleastaslargeastheminimumvarianceof theoriginal
variables.

The output obtainedfrom PCA is a matrix in which the rows
arethevariousbenchmarksndthe columnsarethe retainedprin-
cipal componentsWe subsequentlyiormalizethe principal com-
ponentsj.e. we rescalethe principal componentso unit variance.
This givesequalweightto all of the principalcomponent$5].

2.2.3  Genetic Algorithm

Sincewe usethe Euclideardistanceasa distancemeasurén the
benchmarlspacewe implicitly assumehatthe Euclideardistance
in the (microarchitecture-independeignchmarlspaces propor
tional to the performancalifferencesacrossa variety of platforms.
Normalizationand PCA only partially addresghis issue.Normal-
izationassumeshatall normalizedmicroarchitecture-independent

characteristichave anequalimpacton overall performancePCA
assumethatall normalizedunderlying(anduncorrelatedjprogram
characteristichave anequalimpact.However, someprogramchar

acteristicshave a muchlargerimpacton performancehanothers.
For example,the branchpredictionaccurag typically hasa much
largerimpacton overall performancehanthefractionmultiply op-
erations. As such,an appropriatedistancemeasureshouldgive a
higherweightto the branchpredictionaccurag metricthanto the
fractionmultiply operations.

A higheror lower impactto a particularprogramcharacteristic
canbe given by multiplying the programcharacteristiby a given
factor This scalinggives a higheror lower weight to the given
programcharacteristiavhen computingthe Euclideandistancein
thebenchmarlspace.

We proposeageneticalgorithm(GA) for computingheseweights.
A geneticalgorithmis an evolutionary optimizationmethodthat
startsfrom a populationof solutions.For eachsolutionin thepopu-
lation,a tness scoreis computedandthesolutionswith thehighest

tness scoreareselectedor constructinghe next generationThis

is doneby applying mutationand crosseer on the selectedsolu-
tions from the previous generation.Mutationrandomlychangesa
singlesolution;crosseer generatesew solutionsby mixing exist-
ing solutions. This algorithmis repeated;.e., new generationgre
constructeduntil no moreimprovementis obseredfor the tness
score.

The tness scorethat we use hereis the predictionaccurag
of our framework to predict performancespeedupscrossa wide
rangeof machines.As such,the geneticalgorithmlearnshow the
distancemeasuren the benchmarkspacecorrelateswith perfor
manceacrossa variety of platforms. The geneticalgorithmthus
usegerformanceumberdor building thedatatransformationma-
trix; the normalizationand PCA approacheslo not use perfor
mancenumbers.

2.3 PerformancePrediction

Oncethe datatransformationrmatrix is computedusing one of
the approachedliscussedn the previous section, we transform
the raw datamatrix by multiplying it with the datatransformation
matrix. Eachbenchmarkhenis a pointin the multidimensional
benchmarlspace Predictingperformancdor anapplicationof in-
terestthenrequiresthat microarchitecture-independeaharacter
istics are measuredand that thesecharacteristicare transformed
usingthe datatransformatiormatrix. This locatesthe application
of interestin thebenchmarlspace.

Predictingperformancédor the applicationof interestis doneby
taking a weightedaverageover the performancenumbersof the
benchmarksn the neighborhoof the applicationof interest.All
the benchmarkshat are part of the neighborhoodarecalledprox-
ies of the applicationof interest. The weightingis donebasedon
the distancebetweenrthe proxy andthe applicationof interest. In
fact,theweightw; is inverselyproportionalto thedistanced; . The
weightw; is computedas

— =4 @)

with n beingthe numberof proxiesof the applicationof interest.
In this paperwe focuson predictingperformancespeedupsather
thanpredictingraw performance Predictingrelative performance
differencess often moreimportantin practice. The performance
speedupf the applicationof interestis computedasthe weighted
harmonicaverageover the speedupsf theproxies:

1
S=Ps—w: (2)

i=1 S;



2.4 Discussion

An inherentlimitation with this performancepredictionframe-
work is thataccurateperformancepredictionis dif cult for anap-
plication of interestthatis isolatedin the benchmarkspace.The
fact that an applicationof interestis isolatedin the benchmark
spacdndicateghatthe applicationof interestis dissimilarto all of
theprogramsn thebenchmarlsuitein termsof its microarchitectiure-
independentharacteristics.As such,it is to be expectedthatan
accurateperformanceredictionwill bedif cult to make basecon
thealmostnon-isting similarity of theapplicationof interestwith
theprogramsn thebenchmarlsuite.

As a result, an importantissueto our performanceprediction
framework is which programgo selectfor inclusionin the bench-
mark suite, i.e., the benchmarksuite shouldbe diverseenoughto
cover a wide rangeof programbehaiors. In this paper we use
SPECCPU2000as our benchmarksuite becausehe SPECweb-
site recordsperformancenumbersfor all of the SPECCPU2000
benchmarkgor alargevariety of platforms.Shaving thatour per
formancepredictionframevork worksusinga standardizetbench-
mark suitehasa lot of practicalappeal.Peoplecancomparetheir
applicationof interestversusthe SPECCPUbenchmarkd®asedn
inherentprogrambehaior andmake performancepredictionsus-
ing the publicly available SPECCPU resultsfor alarge numberof
commerciaimachines.

As apartof ourfuturework, we will studyhow to build abench-
marksuitethatreduceshenumberof weakspotsin thebenchmark
spacein orderto make accuratepredictionsfor a wider rangeof
applicationsof interest. One potentialavenuecould be to look at
programphase®f existing benchmarkso populatehebenchmark
space.

3. EXPERIMENTAL SETUP

In this paperwe useall of the SPECCPU200Menchmarksvith
all of their referencenputs. Thebinariesweretakenfrom the Sim-
pleScalamebsitethey arecompiledfor the AlphalSA. Measuring
themicroarchitecture-independecttaracteristicsliscussedn sec-
tion 2.1is doneusingATOM [15]. ATOM is abinaryinstrumenta-
tion tool thatallows for instrumentingfunctions,basicblocksand
instructions. The instrumentatioritself is doneof ine, i.e., anin-
strumentedbinary is storedon disk. Thenthe microarchitecture
characteristicaremeasuredy runningtheinstrumentedinary

In the evaluationsectionof this paper we usethereal hardware
performancenumbersreportedon the SPECCPU websité. We
usethe speedupgatioswith baseoptimizationcomparedo theref-
erenceéSPECCPUmachinewhichis a SUN Ultra5_10 workstation
with a300MHz SRFARC processowith 256MB mainmemory We
usespeedumumberdor 36 machineswith differentISAs, proces-
sorsandmachinecon gurationsfrom avariety of computemmanu-
facturerssuchasAMD, Intel, Alpha, HP, IBM, SUN, etc. Table2
enumerateall themachineghatwe usein this study

Recallthatthe geneticalgorithmusesperformancenumbersfor
learninghow to scalethe microarchitecture-independectiaracter
istics for accurateperformancepredictions. As such,in orderto
male afair evaluationof the geneticalgorithm,we usealeave-one-
out methodology The leave-one-oumethodologyleavesa bench-
mark out of the datasetfor building the modelusingthe genetic
algorithm; the modelis thensubsequentlyisedfor predictingthe
performancdor theleft-outbenchmark.

http://www.spec.org/cpu2000

AMD Epox8KHA Motherboard AMD Athlon(TM) XP2100+
AMD TYAN ThunderkK8QSPro(S4882) AMD Opteron(TM)850
CompacAlphaSerer DS106/600

Acer Altos G520(3.6GHzlIntel Xeon)

Acer Altos G710(3.0GHzIntel Xeon)

Dell PrecisionWorkStation340(1.5GHzPentium4)

Dell PrecisionWorkStation340(2.2GHzPentium4)

Dell PrecisionWorkstation380(3.8GHzPentium4, 2MB L2)
Fujitsu PRIMEPQWER650(1890MHz)

Fujitsu PRIMEPQNVER900(2160MHz)

Fujitsu SiemengCelcius460

Fujitsu SiemensCelsiusvV810, Opteron(TM)252, Linux64-bit
Fujitsu SiemenPRIMERGY BX620S2,64-bit Intel Xeon3.60GHz
AMD GigabyteGA-7DX Motherboard1.2GHzAthlon Processor
HP Integrity rx4640-8(1.6GHz/9MBL2 Itanium2)

HP AlphaSerer GS12807/1300

HP ProLiantBL25p, AMD Opteron(TM)252

IBM eSererBladecenteHS20(3.8GHzIntel Xeon,2MB L2 Cache)
IBM eSerere326(AMD Opteron(TM)246)

IBM eSerer p5575(1900MHz,1 CPU)

IBM eSererpSeries690Turbo (1700MHz,1 CPU)

ION SR2300WV2(3.2GHzIntel Xeonprocessow. 2MB L3 cache)
Intel D850EMV2motherboard2.53GHz,Pentiumd4processor)
Intel DB50MD motherboard2.0GHz,Pentium4 processor)

Intel D875PBZmotherboard3.2GHz,Pentium4 processor)

Intel D925XECV2motherboard3.46GHz,Pentium4 processor)
PathscaleASUS SK8N Motherboard AMD Opteron(TM) Model 248
AMD RioworksHDAMA Motherboard AMD Opteron246

SGI Altix3700 Bx2 (1600MHz9MB L3, Itanium?2)

SGI Altix3000 (1500MHz, Itanium?2)

SGI0Origin200360MHz R12k

SunBlade1000Model1900

SunBlade2500(1.6GHz)

SunFire V1280(1200MHz)

SunJava WorkstationW1100z
SupermicraX6DH8/E-G2MotherboardIntel Xeon3.6GHz2M Cache)

Table 2: Real hardware systemsusedin this paper.

4. EVALUATION

We now evaluateif ourframevork canpredictthespeedupanks
of real systemdfor an applicationof interest. To demonstratehe
resultswe initially plot the estimatedspeedumumbersversusthe
actualspeedumumberdor four examplebenchmarkspamelyart,
gap, gcc andmesa asshavn in Figure2. Eachdotin thesescat-
ter plotsrepresent®ne machinethereare 36 machinesplottedin
total. The graphsin theright columnarefor the GA datatransfor
mationmethod;hegraphsontheleft arefor the averagespeedup'’
method.The averagespeedupapproachs whatpeoplewould use
in currentpracticegiven the SPECCPU data;they would choose
a machinethat achieves high averageperformanceon all of the
benchmarksWe obsenrethattheestimatedgpeedupsorrelatevery
well with the measuresgpeedupsor the averagespeedupnethod.
However, the estimatedspeedupresultsfor the GA datatransfor
mation methodcorrelatebetterwith the measuredspeedupshan
theaveragespeeduppproach.

4.1 Predicting machineranks

To quantifytheaccurag of predictingtheranksof differentsys-
temswe computerank correlationcoefcients. For a given ap-
plication of interestwe rank all the machinesbasedon the pre-
dicted speedups.A similar rank can be computedbasedon the
measuredspeedups.We then computethe Spearmarrank corre-
lation coefcient which is a measurefor how well the estimated
rank correspondso the measuredank. The closerto 1, the bet-
ter the estimatedrank. The resultsareshavn in Figure 3 for the
threedatatransformatiormethodsthat we evaluatein this paper:
normalization,PCA andgeneticalgorithm. For PCA, we retain6
principalcomponentsvhich explain slightly morethan80%of the
total variance;we experimentedwith differentnumberof princi-
pal componentshowever, 6 principalcomponentshavedto yield
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Figure 2: Scatter plots shawing the estimated speedupsversus the measured speedupsfor all 36 machinesfor four benchmarks:
art, gap, gcc and mesa; this is for the average speedupapproach (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
methodin the rows outperforms a data transformation method
in the columns.

thebestresults.ThebaselineSpearmamankcorrelationcoefcient
thatwe compareagainstis obtainedfrom a rankbasedon average
speedumumbersacrossall benchmarksThis baselineankcorre-
lation coefcient is 0.83 on average.The normalizationand PCA
datatransformatiormethodsachieve a higher averagecorrelation
coefcient, namely0.889and0.876,respectiely. The genetical-
gorithm achieves a slightly highercorrelationcoefcient, namely
0.892.Also important,next to achieving agoodaveragecorrelation
coefcient, is thattheminimumcorrelationcoefcient for ourdata
transformationtechniqueq0.80 for normalization,0.77 for PCA
and0.79for the geneticalgorithm)is signi cantly higherthanthe
minimum correlationcoefcient for the averagespeedupmethod
(0.64).

Table 3 summarizeghe numberof benchmarkgor which one
datatransformatiormethodachiezesa higherrank correlationco-
ef cient thananotherdatatransformatiormethod. The genetical-
gorithmwhich outperformgshe normalizationandPCA datatrans-
formation methodsfor 16 out of the 26 benchmarksand outper
forms the averagespeedupmethodfor 23 of the 26 benchmarks,
clearlyis thebestperformingdatatransformatiormethod.

In orderto further quantify the signi cance of our results,we
have donethe following experiment. We quanti ed the perfor
mancdossby picking themachinewith the highestrankaccording
to the averagespeedupmethodcomparedio the bestperforming
machinefor a given applicationof interest. The averageperfor
manceloss using this approachis 20%. Using the geneticalgo-
rithm to pointto the machinewith the highestrankyieldsa perfor
mancdossof only 13.6%.Doing the sameaxperimentwith thetop
3 highestmachineranksyields 19.7%versusl1.1%performance
loss,respectiely. As such,we concludethatthe small differences
in rankcorrelationcoefcient canmalke abig differencen practice.
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Figure 4: The average and worst Spearmanrank correlation
coef cient asa function of the number of proxies.

4.2 Number of proxies

As mentionedn section2.3,we computethe estimatedspeedup
for theapplicationof interestasa weightedaverageover anumber
of proxies.Figure4 quanti estheaverageandtheworstSpearman
rankcorrelationcoefcient asafunctionof thenumberof proxies.
Usinga singleproxy for the applicationof interestyieldsrelatively
poorresults;theworstrankcorrelationcoefcient is 0.48. Thebest
resultsare obtainedfor threeproxies— andwe usedthree prox-
iesfor all the otherresultspresentedn this paper More proxies
degradethe predictionaccurag.

Table4 shawvs the threeproxiesalongwith their weightsfor all
of the SPECCPU2000benchmarks.lt is interestingto obsere
that the weightsfor all of the proxiesare very closeto 1=3. In
otherwords,thedistancebetweertheproxiesandtheapplicationof
interests fairly uniform. Thereareafew exceptionghough,seefor
exampleart andgalgel. Thesetwo benchmarksre substantially
closerto eachotherthanary of the otherbenchmarks.Another
interestingnoteis thatsomebenchmarkslo not appearasa proxy
in this table,suchasgcc, mcf, lucas andswim. Thisis because
thesebenchmarksreisolatedin the benchmarkspacepr in other
words,theseébenchmarkexhibit auniqueinherentoehaior. Other
benchmarksarevery popularproxies(bzip2 beingthemostnotable
example)andhencearesimilarto several otherbenchmarks.



benchmark rst proxy secondoroxy third proxy
benchmark| weight benchmark] weight benchmark| weight

ammp sixtrack 0.3450023] facerec 0.3298283]| equale 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| equale 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
equale mgqrid 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| equale 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| equale 0.3145360]| apsi 0.2987299
parser gap 0.3594303] bzip2 0.3560188| crafty 0.2845508
perfomk 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| equale 0.3031630

Table 4: The threeproxiesalongwith their weightsfor eachof the benchmarks.

5. RELATED WORK

The fundamentafacilitator for our performancepredictionap-
proachis agoodquantitatve measurdor programsimilarity. Sev-
eral researchertave proposedmethodsfor quantifying program
similarity. Saaedraand Smith [13] usethe squaredEuclidean
distancecomputedin a benchmarkspacebuilt up using dynamic
programcharacteristicat the Fortranprogrammindanguagdevel
suchasoperationmix, numberof functioncalls,numberof address
computationsetc. Conte[3] useskiviat viewsto qualitatively com-
pareprogrambehaior basednmicroarchitecture-dependestiar
acteristicssuchascachemissrates pbranchmispredictrates etc. Yi
et al. [17] useaPlaclett-Burmardesignfor classifyingbenchmarks
basedon how the benchmarksstressthe sameprocessorcompo-
nentsto similar degrees. Vandierendoncland De Bosscherd16]
rankbenchmarkd®asedn their uniqguenesin the standardench-
marksuiteusingthe SPECperformanceating,i.e., thebenchmarks
that exhibit differentspeedup®n mostof the machinesare given
a higherrank. All of thesestudiesreveal interestinginsightsinto
howv benchmark®ehae andinto how (dis)similarbenchmarksare
from eachother

Basedon this prior work, researcherbave proposedenchmark
suitecompositiortechnique$4, 5, 12]. Theseechniquesrst mea-
sureanumberof programcharacteristicghenapplyprincipalcom-
ponentsanalysis,and nally applyclusteranalysisin orderto nd
distinctgroupsof programbehaior. A representagi is thencho-
senfrom eachclusterfor inclusionin the benchmarksuite. The
key ideais to selectbenchmarkso thatall major programbehar-
iors arerepresentedn the benchmarksuite. This techniquecan
be usedfor building a benchmarksuitethat coversthe benchmark
spacewell, or it couldbe usedto build areducedbenchmarksuite
from an existing benchmarksuite. This reducedbenchmarksuite
yields accurateperformancepredictionscomparedo the original
benchmarlsuite.

The currentpaperextends[11] which usedthe above workload

characterizatioormethodologyconsistingof principal components
analysisandclusteranalysisto predictperformancedor individual
benchmarksAs shavn in this paper animportantissuewith prin-
cipal componentanalysishowever is thatthe distancemeasuren
thebenchmarlspacemaynotrelatewell to the performanceliffer-
encesacrossvariousplatforms. This papershavs thatthe genetic
algorithm for learninghow the differencesin microarchitecture-
independentharacteristicselateto performancelifferenceyields
betterresults. The currentpaperalsoimproves[11] in threeother
ways: (i) the useof a bettersetof microarchitecture-independent
characteristicg(ji) limiting the numberof proxiesand(iii) theuse
of morebenchmarkén the evaluation.Doing a head-to-headom-
parisorbetweerthemethodn [11] andourapproachfor thebench-
marksconsideredn [11], shavs an improvementof the average
rankcorrelationcoefcient from 0.76to0 0.91.

A large body of work hasalsobeendoneon the correlationbe-
tweenmicroarchitecture-independeptogramcharacteristicand
processoperformanceseefor example[1, 9, 14]. However, these
techniguesdo not predictperformancdor an applicationof inter-
estbasedon cross-progransimilarity. Instead,thesetechniques
predict performancebasedon intra-programphase-leel similari-
ties. This requiresthat particularphase®f the applicationneedto
be executedfor making a performanceprediction; this is not the
casefor our method.

Anotherapproacto thebenchmarkingroblemthatwe address
in this paperis analyticalmodeling. Ideally, an analyticalmodel
wouldconsumenicroarchitecture-independesttaracteristicaswell
asmicroarchitectur@arameterandproduceaccuratgerformance
estimatef the given applicationon the given microarchitecture.
The work that getscloseto suchan approachis the superscalar
processomodel presentedy Karkhanisand Smith [8] that esti-
matesperformancebasedon microarchitecture-dependectarac-
teristicssuchas cachemiss ratesand branchmispredictionrates.
And variousresearcherkave proposedechniquego predictcache



missratesbasedon microarchitecture-independeciharacteristics
suchasthe stackdistance seefor example[18]. However, we are
unavare of ary work that proposesa superscalaprocessomodel
basedon microarchitecture-independenharacteristicsolely —
the major impedimentfor achiezing this is a good modelfor es-
timating branchmispredictionratesbasedon microarchitecture-
independentharacteristics.

6. SUMMARY

This paperproposedan approachfor addressinghe ubiquitous
problemin benchmarkingwhich is the identi cation of the plat-
form thatyields the bestperformancedor the given applicationof
interest. The key ideais to compareinherentprogramcharacter
istics of the applicationof interestagainsthe samecharacteristics
for all programsin the standardizedenchmarksuite. Basedon
theinherentsimilarity of theapplicationof interestwith thebench-
marksin the benchmarksuite, a numberof proxiesareidenti ed
anda performancepredictioncanbe madeusingthe performance
numbersof theproxies.

We evaluatedhreeapproachefor transformingheraw microar-
chitecture-independedatamatrixinto abenchmarlspacen which
therelative distanceis anaccurateneasurdor programsimilarity
andhencethe relative performancalifferencesacrossa variety of
platforms. Of the threeapproachesjormalization principal com-
ponentsanalysisandgeneticalgorithm,thegeneticalgorithmis the
mostaccurate.Our framework yields an average0.89rank corre-
lation coefcient for predictingrelative performanceranksof 36
commercialmachineswith differentISAs, compilersand micro-
processorsthe worst casecorrelationcoefcient is 0.80. Current
practicewhich usesthe averagemachineratingsfor predictingma-
chineranksachieves an average0.83 rank correlationcoefcient
andaworstcasecorrelationcoefcient of 0.64.
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