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Abstract— Composing a representatize workload is a crucial
stepduring the designprocessof a microprocessarThe workload
should be composedin suchaway that it is representatize for the
target domain of application and yet, the amount of redundancy
in the workload should be minimized as much as possible in
order not to overly increasethe total simulation time. As a
result, there is an important trade-off that needsto be made
between workload representatvenessand simulation accuracy
versus simulation speed.

Previous work used statistical data analysis techniques to
identify representatve benchmarks and corresponding inputs,
also called a subset, from a large set of potential benchmarks
and inputs. Thesemethodologiesmeasure a number of program
characteristics on which Principal Components Analysis (PCA)
is applied before identifying distinct program behaviors among
the benchmarks using cluster analysis.In this paper we propose
Independent Components Analysis (ICA) as a better alternative
to PCA as it does not assumethat the original data set has
a Gaussian distrib ution, which allows ICA to better nd the
important axesin the workload space.Our experimental results
using SPEC CPU2000 benchmarks show that ICA signi cantly
outperforms PCA in that ICA achieves smaller benchmark
subsetsthat are more accurate than those found by PCA.

|. INTRODUCTION

Designing a new microprocessolis both a complex and
time-consumingtask. One of the tradeofs that needsto be
madeis whatbenchmarkgand appropriatenputs) needto be
choserduringthedesignprocessTheselectionof benchmarks
for inclusionin a benchmarksuite is called workload com-
positionor benchmarksubsettingA well composedvorkload
shouldaddresgwo major concernsFirst, theworkloadshould
be representatie for a larger setof applicationsj.e., we want
all typical programbehaiors to be representedn the work-
load, no major programbehaior shouldbe omitted. Second,
the numberof benchmarksn the workload shouldbe limited
becauseof simulation time concerns.As such, a tradeof
needsto be madebetweerbenchmarlsuiterepresentatieness
(andthus simulationaccurag) and simulationtime. Previous
researcthasshavn thatredundang exists acrossbenchmarks
and inputs so that the numberof benchmarksand inputs can
be reducedwithout compromisingaccurag too much[1], [2],
(3], [4]. [5].

Prior work on workload compositionand benchmarksuite
subsetting rst measureda number of program characteris-
tics for a large number of benchmarksand inputs. These
programcharacteristiceanbe microarchitecture-dependeor

microarchitecture-indepeedt or a mix of both. In a sec-
ond step, theseperbenchmark/inpuprogram characteristics
are analyzedthrough statisticaldata analysis.Previous work
applied Principal ComponentsAnalysis (PCA) to reducethe
dimensionalityof the dataset. Oncethe datasetis analyzed
through PCA, cluster analysisis appliedto group similarly
behaing benchmarks/inputsto so called clustersof distinct
program behaiors. Then, a representatie benchmark/input
can be chosenfrom eachclusterfor inclusionin the reduced
benchmarksuite.

In this paperwe proposdndependen€omponenté\nalysis
(ICA) as a better alternative to PCA. The key difference
betweenPCA andICA is thatPCA strivesto nd uncorrelated
axes whereasICA attemptsto nd independentaxes in a
multi-dimensionalpace—notehatindependentxesarealso
uncorrelatedj.e., independencés strongerthan uncorrelate-
ness.The main reasonfor ICA to be betterthan PCA is that
ICA doesnot assumehatthe original datasethasa Gaussian
distribution, as PCA does.When comparingbehaioral char
acteristicsbetweenbenchmarks/inputsit could be the case
however that the data setis clusteredin the rst place and
thus is not normally distributed. As a result, ICA is better
capableto nd the “important’ axesin the multi-dimensional
spaceThroughexperimentakvaluationusingSPECCPU2000
benchmarkswe conclude that ICA outperforms PCA for
benchmarksubsettingin that ICA producesboth (i) fewer
benchmark/inputpairs and (ii) more accurateperformance
predictions.

Many applicationscanbene t from this work. For instance,
benchmarkstandardizatiorinstitutions such as SPEC, TPC,
EEMBC, and so forth can use this methodologyfor com-
posing their benchmarksuites. Obviously, when composing
benchmarksuitesit is of primary importancethat the bench-
mark suitesbeingcomposedare representatie of the real-life
applicationdomainghey target. Themethodologypresentedh
this papercanbe usedto determinetheimportantbenchmarks
and inputs for inclusionin the benchmarksuite. Researchers
and computerdesignerscan alsobene t from this work. The
methodologypresentecherecanbe usedto identify a limited
set of importantbenchmarksand inputs from a larger set of
potentiallyinterestingbenchmarksn orderto reducethetotal
simulationtime requiredto searcha large designspace.

This paperis organizedas follows. We rst discussprior



work in workload compositionand benchmarksuite subset-
ting. We subsequentlydiscussthe workload characteristics
that we useas input for our methodologyin Sectionlll. We
then presentthe two statistical data analysistechniquesthat
we considerin this paperfor workload composition:princi-
pal componentsanalysis(PCA), as it was usedin previous
work, andindependentomponentanalysis(ICA), which we
proposein this paperas a betteralternatve than PCA. After
detailingour experimentalsetupin SectionV, we evaluatethe
feasibility of ICA for workload compositionin Section VI.
Finally, we conludein SectionVII.

Il. PRIOR WORK

Several different approacheshave been used to mea-
sure benchmarksimilarity in previous studies.Saaedraand
Smith[6] presenteéd metricthatis basedon dynamicprogram
characteristic$or the FortranlanguageTheir metricincludes
the instructionmix, the numberof function calls, the number
of addresscomputations,etc. For measuringthe difference
betweerbenchmarkshey usedthe squaredtuclideardistance.
An importantshortcomingof this methodologyis the use of
the Euclideandistancein the original workload space Corre-
lation and dependencéetweenvariablesmake the Euclidean
distancean unreliablemetric for quantifying benchmarksim-
ilarity.

To addresshis shortcoming,Eeckhoutet al. [1] proposed
the useof principal componentsanalysis(PCA) to getrid of
the correlationin the data set. The methodologypresented
in [1] forms the basisfor the work presentedn this paper A
numberof programcharacteristicere measuredor a number
of benchmarks/inputen which PCA is applied.Then,cluster
analysisis appliedon this transformediatasetin orderto nd
the distinct programbehaiors amongthe benchmarks.

The workload characteristicsused in [1] as input
to the workload analysis methodology was a mix of
microarchitecture-independe  and microarchitecture-

dependentharacteristicsThe microarchitecture-independen

metrics are instruction mix, inherent instruction-level

parallelism, etc., while the microarchitecture-dependen

metricsarecachemissrates,branchmispredictrates,etc. One
potential pitfall in using microarchitecture-dependentetrics
in a workload analysismethodologyis that the resultsof the

analysismight be biasedby the microarchitecture-dependen

metrics, i.e., it is unclear how the reducedworkload will
perform on other microarchitecturesTo addressthis issue,
Phansalkaket al. [2] feedthe workload analysismethodology
with microarchitecture-independe metrics only. Note that
thesemicroarchitecture-independemetricsare still ISA and
compiler dependentOn the oppositeside of the spectrum
there is some work done on benchmarksubsettingusing
microarchitecture-dependemetricsonly, seefor example[3],
[4].

Most of this previous work used Principal Components
Analysis(PCA) prior to applyingclusteranalysisin this paper
we show thatIndependen€omponenténalysis(ICA) outper
forms PCA. Thework presentedn this paperis orthogonatito

this previous work. The methodologywe proposeherebased
on ICA canbe appliedto any dataset,irrespectve of whether
the datasetis microarchitecture-independear not.

Yi et al. [5] take a different approachand propose a
techniquefor groupingbenchmarksasedon how they stress
the componentsof a processarTheir methodis basedon a
Placlett-Burmandesign of experiments.A Placlett-Burman
designis a techniquethat allows researcherso measurethe
impact of variablesby makinga limited numberof measure-
ments. For example, considerthe case where we want to
measurethe impact of n variableswhere eachvariable can
have b uniquevalues.The total numberof experiments(or in
our casesimulations)that needto be performedfor this full
factorial designis O(b"). The multifactorial Placlett-Burman
design,on the other hand,is a fractional designthat requires
only O(n) experimentgo determineheimpactof n variables
and a subsetof their interactions.This is done by varying
all parametersn carefully chosencombinationsto stressthe
critical cornersof the overall designspace.

Citron [7] performeda surwey on the SPEC CPU bench-
marksusedin the ISCA, Micro and HPCA computerarchi-
tecture conferencesHe obsened that somebenchmarksare
more popularthan others,i.e., researchersend to use some
benchmarksmnore frequently than others. The questionhow-
ever is whetherthesesubsetsare representatie for the whole
SPECCPU2000benchmarksuite. The methodologyproposed
in this papercould be usedto identify a representatie subset.

Reducingthe simulationtime hasreceveda lot of attention
in the recentliterature.Variousresearctgroupshave proposed
variousapproachefor reducingthe simulationtime. Examples
arereducednput sets[8], [9], sampling[10], [11], [12], [13],
and statistical simulation [14], [15], [16]. Theseapproaches
however, are orthogonalto benchmarksuite subsettingas dis-
cussedn this paper When a reducedworkloadis composed,
ary of thesesimulation speedupapproachesan be usedto
reducethe overall simulationtime even further.

I1l. PROGRAM CHARACTERISTICS

The workload spacecould be viewed as a p-dimensional
spacein which the dimensionsare determinedby a set of
workload characteristicsThe individual benchmarkganthen
be displayedby a p-dimensionalvectorwithin this space.

An important issue is the choice of the dimensionsin
this workload space. Intuitively, the program characteris-
tics that should be used are those that affect performance.
As mentioned before, one could either choose a set of
microarchitecture-dependercharacteristics,such as cache
miss rates, branch mispredict rates, IPC numbers, etc., or
one could choosea mix of microarchitecture-dependeand
microarchitecture-indepeedt characteristicspr nally, one
could choosea set of microarchitecture-indepesedt metrics
only. The program characteristicsthat are selectedin this
paperto build our dataset are a mix of microarchitecture-
dependentand microarchitecture-independenharacteristics.
The program characteristicghat we considerin this paper
are shavn in Tablel; in fact, theseare the samedataset of



Category

Programcharacteristic

Instructionmix

Percentagénteger arithmeticoperations
Percentagéogical operations

Percentagehift and byte manipulationoperations
Percentagéoad/storeoperations
Percentageontrol operations

ol s wn R ©

Branchpredictability

Branchpredictionaccurag for a hybrid branchpredictor
selectingamongan 8K-entry bimodal predictorand an 8K-entry gsharepredictor
(history of 12 branches)metapredictorcontains8K entries

7 | Control ow

Numberof instructionsbetweentwo sequentialo w breaks,
or the numberof instructionsbetweentwo taken branches

8 | Datastreambehaior

Miss ratefor anL1 8KB direct-mapped-cache
9 Miss rate for anL1 16KB direct-mapped-cache

10 Miss ratefor anL1 32KB 2-way set-associate D-cache

11 Miss ratefor anL1 64KB 2-way set-associate D-cache

12 Miss ratefor an L1 128KB 4-way set-associate D-cache

13 | Instructionstreambehaior Miss ratefor anL1 8KB direct-mapped-cache

14 Miss ratefor anL1 16KB direct-mapped-cache

15 Miss rate for anL1 32KB 2-way set-associate I-cache

16 Miss rate for anL1 64KB 2-way set-associate I-cache

17 Miss ratefor an L1 128KB 4-way set-associate I-cache

18 | Instruction-leel parallelism(ILP) | ILP on anin®nite-resourceprocessorsi.e., assumingan in®nite

numberof functional units, in®nite decode/issue/reordevidth,

in®nite window size, perfectcachesperfectbranchprediction,

unit executionlateng. In otherwords, only read-afteiwrite dependencies
are consideredhroughregistersas well asthroughmemory

TABLE |
PROGRAM CHARACTERISTICSUSED FOR CHARACTERIZING THE BENCHMARK/INPUT PAIRS.

characteristicas usedin [1]. This setconsistsof 18 metrics
measuringmicroarchitecture-independenharacteristicsuch
asinstructionmix, numberof sequentialow breaksandinher
ent instruction-level parallelism(ILP), and microarchitecture-
dependeninetricssuchasinstructionanddatacachemissrates
and branch mispredictrates. These metrics were chosenin
sucha way thatthey cover a large spectrumof programchar
acteristics.Note that a good choice of the importantmetrics
for quantifying benchmarkbehaior is extremely important
for a workload compositionmethodologyFor example,using
the characteristic§rom Table| for selectingbenchmarksand
inputs for doing researchon megabytelL2 cachesmight be
inappropriatebecausdhe cachesbeing considerecherewere
small L1 cachesNote however that the appropriateselection
of programcharacteristicgs outsidethe scopefor this paper—
the focusin this paperis on the statisticalanalysis.

Theseprogramcharacteristicare measuredor all bench-
mark/inputpairsconsideredn this study Thereare63 bench-
mark/input pairs and they are given in SectionV. As such
we obtain a 63 18 matrix in which the rows are the
benchmark/inpupairs and in which the columnsare the 18
programcharacteristicsPrior to doing ary statisticalanalysis
we rst normalizethis dataset, i.e., eachvariable (program
characteristicin the datasetis transformedso that it hasa
meanof zeroand a varianceof one over all benchmark/input
pairs.Thereasorfor doingthenormalizatiorprior to statistical
analysisis the heterogeneityof the data set. Someprogram
characteristicssuchas|ILP, vary in the rangeof tens,whereas
other program characteristicsvzary in the range of fractions
smallerthan 1, such as the cachemiss rates. Normalization
puts all the program characteristicoon a commonscale.In
the above example, measuringbenchmarksimilarity using
unnormalizeddata would give a higher weight to the ILP
metric than to the cache miss rate metrics. This 63 18
normalizeddata matrix is usedas input for both PCA and

ICA.

IV. STATISTICAL DATA ANALYSIS

This sectiondiscussedoth principal componentsanalysis
(PCA) andindependentomponentsnalysis(ICA). Thereare
basicallytwo importantreasonswvhy we want to apply these
statisticaldatareductiontechniquegor workloadcomposition.
First, a statistical data analysistechnique attemptsto nd
the key “dimensions'in a dataset. Both PCA and ICA try
to nd important axes in the original workload space so
that important underlying (latent) program metrics become
apparentin the axes obtainedfrom the analysis.The second
reasonfor applying a statistical data analysistechniqueis
to reducethe dimensionalityof the data set. Reducingthe
dimensionalityof a datasetincreasests understandability

A. Principal Components Analysis (PCA)

Principalcomponentgnalysiq17] builds ontheassumption
that mary variables(in our case,programcharacteristicsare
correlatedand hencemeasurethe sameor similar properties
of the various inputs (which, in our case, are the bench-
marks/inputpairs). PCA computesnew variablescalled prin-
cipal componentghat are linear combinationsof the original
variablessuchthatall principal componentsare uncorrelated.
PCA transformsthe p variables Xy, X5, ... » X¥p into p prin-
cipal componentsZy, Zo, ..., Zy with Z; = jp:l aj  Xj.
This transformationhas the following important properties:
() Var[Zi1] Var[Z,] Var[Zp] which means
that Z; containsthe mostinformationand Z, the least;and
(i) CovlZi, Z;] 0,8: 6 j, which meansthat there is
no information overlap betweenthe principal components.
Note that the total variation in the data rgmainsthe same

foreandafterthe transformationnamely: ip:l Var[Xi] =

i":l Var[Zi]. MathematicallyspeakingPCA actuallysolves
the eigervalue problemover the correlationmatrix.



As statedin the rst propertyin the previous paragraph,
someof the principal componenthave a high variationwhile
othershave a small variation. By removing the components
with the lowest variation from the analysis,we can reduce
the numberof program characteristicavhile controlling the
amountof informationthatis thrown away. We retain ¢ prin-
cipal componentsvhich is a signi cant informationreduction
since ¢ p In most cases.To measurethe fraction of
information retainegin this q—dimeg,sionalspace,we usethe
amountof variation L, Var[Zi]/ ., Var[Xi] accounted
for by theseq principal componentsTypically 85%to 90% of
thetotal variationshouldbe explainedby theretainedprincipal
components.

Recall that the p original variablesare the programchar
acteristicsthat build up the original workload space. By
examiningthe mostimportantg principal componentswhich
arelinearcombination®f the original programcharacteristics,
meaningful interpretationscan be given to these principal
componentdn termsof the original programcharacteristicsA
coefcient g thatis closeto +1 or -1 implies a strongimpact
of the original characteristicX; on the principal component
Zi. A coefcient a; thatis closeto 0 on the other hand,
implies no impact. We use STATISTICA [18] for applying
PCA.

An importantapplicationfor adatareductiontechniquesuch
as PCA is the visualizationof the workload space.Indeed,
the benchmark/inpupairs can be displayedas pointsin the
g-dimensionalspacebuilt up by the ¢ principal components.
This can be doneby computingthe valuesof the ¢ retained
principalcomponent$or eachbenchmarkAs such,aview can
be given on the workload spaceandbenchmarksimilarity can
be studied.The projectionin the ¢g-dimensionakpaceis much
easierto understandhana view on the original p-dimensional
spacefor two reasons{i) ¢ is muchsmallerthanp: ¢  p,
and (ii) the ¢g-dimensionalspaceis uncorrelated.

PCA malkes the following assumptions{(i) linear combi-
nations of the data dimensionsare valid, (i) the statistical
structureof the datacanbe capturedby the meanand covari-
ance,i.e, the componentdave a Gaussiandistribution. This
implies that all statistical dependencéetweencomponents
can be capturedvia correlation. When these assumptions
hold, PCA is a good tool to use.But in mary cases,not
all assumptionsare valid. In particular the notion that all
statisticaldependencés capturedby correlationis frequently
too restrictve. Nevertheless previous work using PCA has
shavn that PCA is fairly accurate(even if the datais not
Gaussiardistributed), however, the contribution of this paper
is to shawv that ICA is even more accurate.Note also that
ICA is normally usedfor sourceseparationin signals—an
example of which is the cocktail party problem,i.e., that is
given a recordingof mary signals,how canyou separateout
the varioussourceshe problembeingaddressethereis not
exactly sourceseparationAs a result, ICA did not seemto
be a solutionfor identifying benchmarksimilarity in previous
work. However, on seeingthe distribution of the underlying
data,ICA becomesapparentasa viable solution.

B. Independent Components Analysis (ICA)

IndependenComponentsanalysis(ICA) is a dataanalysis
techniquethat relaxesthe assumptiorthat the underlyingdata
be Gaussiandistributed. Instead,ICA tries to producecom-
ponentsthat are statisticallyindependentwhich is a stronger
requirementhan“uncorrelatednessasdiscussedefore.lt is
similar to PCA in thatit alsoproducesa linear representation
(although non-linearforms exist—we restrict the discussion
andimplementatiorto the linear form though).

a) Satigtical Independence and Uncorrelatedness: Two
variablesy; andy, arede ned asbeing*“statisticallyindepen-
dent”if thejoint probabilitydensityp(ys, y2) canbe expressed
asthe following:

1)

If two variablesareindependentthey are saidto be uncor
related However, theinverseis not true. Two variablesthatare
uncorrelateatanstill be dependentn eachother For example,
two randomvariablesy; andy, aresaidto be uncorrelatedf
their covarianceis zero,i.e. [19]:

(y1,92) = p(y1)p(y2)-

)

ICA estimationproceduresonsistof estimatinga mixing
matrix A, and its inverse W, such that the measureddata
consistingof column vectorsz; are relatedin the following
way to the independentomponentss;:

Efy1,y29 = Efy19Ef y20.

r= As )

and

s= Wz 4)

Next, we discussone methodof estimatingthe matrix A
(and consequenthits inverse ). At this point, we have a
representatiomhatis similar to PCA, i.e the matrix A andits
inverseW arelinear representationsf the datax. The only
differencebeingthat the spacethat the columnvectors(axes)
of A (or W) describeneednot necessarilybe an orthogonal
space.In PCA, it is alwaysthe casethat the column vectors
of A beorthogonalVectorss aretheindependentomponents
that are mutually independentof each other and are non-
gaussiardistributed.

b) Negentropy: SincelCA is interestedn extractingthe
dimensionghat highlight the non-gaussianityf the data,we
needa measurenf the non-gaussianityAn importantmeasure
is negentropy. To explain negentropy, we needto revisit the
idea of entropy. The measureof entropy is an important
conceptin informationtheory The more“random” a variable
is, the larger its entropy. For a randomvariablez, its entropy,

H(x) canbe de ned by
z

f(x)log(f(x))dx ()

If z is arandomvariablewhosedistribution is Gaussianthen
it is proventhat «'s entrogy is high. To de ne a distribution
of a random variable as non-Gaussianwe needto de ne

H(x) =



its distribution with referenceto a Gaussiandistribution.
Therefore,negentropy (J) is de ned as

J(z) = H(zgauss ) (6)

where zgauss IS a Gaussiandistribution with the sameco-
variancematrix as z. This approximationis hardto obtainin

practicebecaus@newould needan estimateof the probability
densityfunction (PDF) of « which might not alwaysbe easy
to obtain analytically for arbitrary distributions. Therefore,
negentropy is practically estimatedn the following way [19],

[20]:

H(x)

J(z) ki[EfG(zi)g  EfG(v)dl?
i=1

wherek; aresomepositive constantsy is a gaussiarrandom
variablewith mean0 and variancel and G are somenon-

guadraticfunctionsof which someexamplesare:

()

2
Gi(u) = a—lllogcoshalu, Gao(u) = exp(Tu) (8)

wherel a1 2.

The function G should be chosensuch that it does not
grow too fast—thisallows for a more robust estimator In our
analysiswe usedthe publicly availablesoftware,FastiCA[20]
to implementICA. FastICA is basedon a x ed point algo-
rithm for nding a maximumof non-Gaussianityf w' = as
estimatedoy Eqn. 7. The basicform of the algorithmchooses
initial w vectorsand iteratesuntil Eqn. 7 (the derivation of
Eqn. 8 is actuallyused)hascornvergedfor all the w vectors.

For anin-depthdiscussiorof ICA andFastICA,pleaseefer
to [19], [21].

C. Cluster Analysis

As mentionedpreviously, the next stepin our methodology
is to apply clusteranalysis[17] on the transformeddataset—
note that we can apply clusteranalysisin both the PCA and
ICA space.Clusteranalysisis a dataanalysistechniquethat
is aimed at clusteringn cases,in our casebenchmark/input
pairs, basedon the measurementsf ¢ variables,in our case
the dimensionsobtainedfrom PCA or ICA. The nal goalis
to obtaina numberof groupscontainingvariousbenchmarks
that exhibit “similar' behaior.

One particular approachto cluster analysisis K-means
clustering. K-means clustering producesexactly K clusters
with the greatesipossibledistinction. The K-meansclustering
algorithm works as follows. In eachiteration, the distance
is calculatedfor eachcaseto the centerof eachcluster A
casethen gets assignedto the closestcluster As such, new
cluster centerscan be computed.This algorithm is iterated
until no more changesare obsened. It is well known thatthe
result of K-meansclusteringcan be dependenbn the choice
of the initial clustercenters.Thereforewe considermultiple
randomly choseninitial cluster centersand then consider
the clusteringwith the optimal BIC criterion. The Bayesian
Information Criterion (BIC) is a scorethatindicateshow well
the data ts the model (numberof clustersin this case).The

progr | input insns |[ progr | input insns
vpr ref 94,331 || gcc ref-scilab 62,031
smred 6 ref-intggrate 13,164
mdred 92 ref-expr 12,086
Igred 857 ref-200 108,670
train 10,457 ref-166 46,918
vortex | refl 118,977 smred 97
ref2 128,678 mdred 551
ref3 133,044 Igred 5117
smred 88 test 2,016
mdred 415 || gzip ref-source 84,367
Igred 1,154 ref-random 82,167
train 17,813 ref-program 168,868
test 9,808 ref-log 39,527
twolf ref 346,485 ref-graphic 103,706
smred 92 smred-source 1,486
mdred 259 smred-random 1,362
Igred 973 smred-program 4,025
train 13,200 smred-log 602
parser | ref 546,748 smred-graphic 4,984
smred 269 mdred-source 1,552
mdred 612 mdred-random 1,362
Igred 4,527 mdred-program 2,732
train 13,433 mdred-log 597
test 4,203 mdred-graphic 1,209
bzip2 | ref-source 108,878 Igred-source 1,583
ref-program 124,927 Igred-random 1,361
ref-graphic 143,565 Igred-program 2,858
Igred-source 1,820 Igred-log 593
Igred-program 2,159 Igred-graphic 1,786
Igred-graphic 2,644 train 57,970
train 61,128 test 3,367
test 8,822
TABLE 1l

THE SPEC CPU2000 BENCHMARKSAND THEIR INPUTSUSED IN THIS
PAPER, ALONG WITH THEIR DYNAMIC INSTRUCTION COUNT (IN
MILLIONS).

algorithmusesa Bayesianapproachand estimatesa posterior
probabilityfor eachclusterconditionedon thedata.The model
with the highestprobability is returned.For applying the K-

meansclusteringwe use the SimPointv2.0 software! [11],

[12].

V. EXPERIMENTAL SETUP

In this paperwe use a number of SPEC CPU2000 in-
teger benchmarks;we used the Alpha binaries from the
SimpleScalarwebsité. We use multiple inputs for each
benchmark—therare63 benchmark-inpupairsin total; Table
2 lists boththe benchmarks&indinput sets.Someof the inputs
are taken from the SPECdistribution, othersare taken from
MinneSPECMinneSPEJs a setof reducednputsfor various
SPEC CPU2000benchmarks[8], [9]. Thesereducedinput
sets are derived from the referenceinputs using a number
of techniques:modifying inputs (for example, reducingthe
numberof iterations),truncatinginputs, etc. A distinctionis
madebetweenthree setsof reducedinputs: smred for short
simulations (100 million instructions), mdred for medium
length simulations (500 million instructions)and Igred for
full length, reportablesimulations(1 billion instructions).We
chosetheseseren SPECCPU benchmarkgor the following
reasons.First, for some other SPEC CPU benchmarkswe
obtained different instruction countsin our simulation and
instrumentationinfrastructures—thisis due to system call

http://www.cs.ucsd.edu/
2http://www.simplescalar.com

calder/simpoint



Programcharacteristic K-S S-W

1 [ % arithmeticops p< 0:01 | p=0:0018
2 | % logical ops p< 0:20 | p=0:0156
3 | % shift and byte ops p< 0:01 | p=0:0000
4 | % load/storeops p< 0:01 | p=0:0008
5 | % branchops p< 0:01 | p=0:0001
6 | branchpredictability p< 0:15 | p=0:0198
7 | control ow p< 0:10 | p=0:4069
8 | missrate 8KB D-cache p< 0:01 | p=0:0000
9 | missrate 16KB D-cache | p< 0:01 | p = 0:0000
10 | missrate32KB D-cache | p< 0:05 | p = 0:0000
11 | missrate 64KB D-cache | p< 0:01 | p = 0:0000
12 | missrate 128KB D-cache | p< 0:01 | p = 0:0000
13 | missrate8KB I-cache p< 0:01 | p=0:0000
14 | missrate 16KB I-cache p< 0:01 | p=0:0000
15 | missrate 32KB I|-cache p< 0:01 | p=0:0000
16 | missrate 64KB |-cache p< 0:01 | p=0:0000
17 | missrate 128KB I-cache | p< 0:01 | p = 0:0000
18 | ILP p< 0:01 | p= 0:0000

TABLE IV

TESTING FOR NORMALITY USING THE KOLMOGOROV-SMIRNOV (K-S)
AND THE SHAPIRO-WILKS' W TEST (S-W).

effects.Secondwe limited the numberof benchmarkd&ecause
of the long instrumentationand simulation times that were
requiredfor collectingthe data.Note alsothatthe goal of this
paperis to focus on the statisticaltechniquesrather than to
selectthe representatie SPECCPU2000benchmarks.

The programcharacteristicthat we measurdn this paper
areobtainedusing ATOM [22] which is a binary instrumenta-
tion tool for the Alpha architectureATOM allows for statically
instrumenting executablesat the function, basic block and
instructionlevel. Executingtheinstrumentedinarythenyields
the desiredprogramcharacteristics.

The CPI numbersusedin this paperfor thereferenceanputs
are taken from [23]; we simulatedthe otherinputs oursehes
usingthe samesimulator We reportCPI predictionerrorsfor
predictingthe CPI of an8-issueaswell asa 16-issuemachine.
Tablelll summarizeghe importantprocessomodel parame-
ters.The CPI numbersare obtainedusing SimpleScalar/Alpha
v3.0[24].

VI. EVALUATION

In this sectionwe rst evaluate whetherthe assumption
made by PCA on the normality of the data set is valid.
We subsequentlyevaluate the ability of ICA to subsetthe
benchmarkprogramscomparedo thoseobtainedby PCA. We
do this in a numberof experimentsWe rst vary the subset
size looking for the optimal subsetsize. We subsequently
inspect the subsetand the representatie benchmark/input
pairs. We nally provide someresultson simulation-centric
workload subsetting.

A. Normality of the data set

As mentionedbefore, PCA assumeghat the data has a
Gaussiaror normaldistribution, whereadCA doesnot make a
similar assumptionin orderto verify whetheror not our data
sethasa Gaussiardistribution we usetwo well known statis-
tical testsfor normality, namelythe Kolmogoros-Smirnov test
and the Shapiro-Wks' W test—in fact, the Shapiro-Wiks'
W testis the preferredtestof normality The null hypothesis

for thesetestsis thatthe datais Gaussiardistributed. We use
STATISTICA [18] to apply thesetests.The p-value reported
by thesetestsshould be greaterthan 0.05 to acceptthe null
hypothesisand thus the assumptiorof normality with a 95%
con dence.TablelV shows the outcomeof thesetests.These
p-valuesarevery low andthusprovide evidencethatassuming
thatthe datahasa Gaussiardistributionis invalid. Theseinitial
resultsgive usa rst intuition why ICA might be a betterand
more robust approachthan PCA.

B. Comparing PCA vs. ICA for subsetting

In order to comparePCA and ICA for the purpose of
subsettingwve provide the samedatasetasinput to both PCA
andICA; thisis the datasetasdetailedin Section3. PCA and
ICA thendeterminethe importantdimensionsn this dataset
and project the data set on the lower dimensionalworkload
space.These are the PCA-basedand ICA-based workload
spacesln thisreducedvorkloadspacewe subsequentlgpply
K-meansclusteringin orderto determinethe groupsof distinct
programbehaiors. This is donefor a rangeof k values;we
vary k from 5 up to 30 (recall the total numberof program-
input pairs is 63). For eachvalue of k£ we determine25
clusterings;this is done by considering25 randomseedsfor
choosingheinitial (furthest- rst) clustercentersAs discussed
in Sectiond.3,we thenretainthe clusteringwith the maximum
BIC value. For this optimal clusteringfor a given value of
k we then computethe CPI prediction error of the selected
subsetcomparedo t he completesetof benchmarks/input
our dataset. The CPI predictionerroris computedasfollows.
Our referenceCPI is computedas the averageCPI over all
the benchmarkgalulatedin TableIl. The estimatedCPI for
the reducedworkload is computedby taking a representatie
per cluster being the benchmark-inputpair that is closest
to the cluster centroid and computingthe weighted average
CPI over all clusterswith the weights being the number of
benchmark/inpupairsin the cluster The CPI predictionerror
then is the percentagdifferencebetweenthe referenceCPI
and the estimatedCPI; the reportederrorsare absoluteerror
numbers.

Figuresl and2 shaw the CPI predictionerrorasa function
of the value of k (the subsetsize) chosenin the K-means
algorithm for PCA and ICA, respectiely. Figure 3 showvs
the delta CPI predictionerror which is computedas the CPI
predictionerror for PCA minus the CPI prediction error for
ICA—a positive delta CPI predictionerror measuredCA is
betterthan PCA. Variouscurvesare shovn while varying the
dimensionalityof the reducedworkload spacefrom 2 up to 6.
As expected thesegraphsshov that the CPI predictionerror
generallydecrease$or larger subsetsizes. Thesegraphsalso
clearly shav that ICA outperformsPCA, especiallyfor the 3-,
4- and5-dimensionakpacesThe CPI predictionerrorfor ICA
is signi cantly lower acrossnearly all subsetsizes.The error
is usually belon 5% for both the 8- and 16-issuemachine;
for PCA andthe samedimensionalityof the workload space
frequentlyexceedsthe 5% and often goesup to 10%.

Thesegraphsalso shawv that neitherof thesetwo statistical



8-issuemachine 16-issuemachine
RUU/LSQ 128/64 256/128
Cachehierarchy | 32KB L1 I/D-caches 1MB L2, 16-entrystorebuffer | 64KB L1 I/D-caches2MB L2, 32-entrystorebuffer
Latencies 1/12/100cycles 2/16/100cycles
Branchpredictor | Hybrid 2K tables,7 cycle front-endpipeline Hybrid 8K tables,10 cycle front-endpipeline
Processowidth | 8-wide 16-wide
TABLE I
PROCESSOR MODELS CONSIDERED IN THIS STUDY.
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Fig. 1. Evaluatingthe CPI predictionerror for PCA as a function of subsetsize for the 8-issuemachineon the left andthe 16-issuemachineon the right.
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Fig. 2. Evaluatingthe CPI predictionerror for ICA asa function of subsetsize for the 8-issuemachineon the left andthe 16-issuemachineon the right.
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Fig. 3. The CPI predictionerror for PCA minusthe CPI predictionerror for ICA asa function of subsetsize for the 8-issuemachineon the left and the
16-issuemachineon the right.



analysistechniquesare capableof determiningan accurate
subsetn a 2-dimensionaspaceApparently the2-dimensional
workload spacedoes not contain enoughinformation from

the original spacein order to discriminatedistinct program
behaiors. The 6-dimensionalworkload spaceon the other
hand, containstoo much information which resultsin higher
CPI predictionerrors.We obsered similar resultsfor higher
dimensionality data—notshovn here to presere the read-
ability of the graphs.The reasonis that someof the higher
dimensional axes in ate some of the rather unimportant
underlying program characteristican the original data set.
This phenomenonfeduced clustering quality for a higher
dimensionalityin the data, is well known as the curse of

dimensionality.

We thus concludethat a 3- to 5-dimensionalspaceresults
in the best subsetsin conjunction with ICA. These 3, 4
and5 dimensionscollectively accountfor 74.1%,83.1% and
89.2% of the total variation, respectrely. Using 2 and 6
dimensionsaccounfor 60.4%and93.1%o0f thetotal variation,
respectiely. As such,our recommendatiorfor applying this
methodologyfor otherbenchmarksuiteswould be to selecta
numberof dimensionssothatthey accountfor 70%to 90% of
the total variation. Using fewer or more principal components
is likely to resultin poorerperformingsubsets.

C. Optimal subset size

So far we considereda rangeof subsetsizesand evaluated
the performancefor eachof them. However, in practiceit is
undesirableto evaluate a range of subsetsizesas donein
the previous sectionusing CPI predictionerror numbers—this
would meanwe needto simulateall benchmarksand this is
exactly what we aretrying to avoid in this paper As such,it
would be desirableif we could nd a well performingsubset
without having to evaluateevery subsesize basedon detailed
simulationresults.

The datapresentedn Figuresl and2 provide evidencethat
a well performing subsetexists. For example, small subset
sizes are unlikely to perform well since they are unable
to cover the range of programbehaior adequatelyLarger
subsetson the other hand, are likely to be more accurate,
although more simulation time will be required since there
are more benchmarksn the subset.

In orderto nd awell performingbenchmarlsubsetn terms
of accuray andsimultiontime required,we proposeto usethe
BIC criterion usedduring K-meansclustering.During cluster
analysiswe evaluatedthe BIC scoredor all the subsesizesk
from 5 up to 20 (andfor eachk we evaluate25 randomseeds
for nding theinitial clustering)andthenpickedthe clustering
thatresultsin the highestBIC score.Figure4 shaws evidence
that the BIC scoreindeedis a good metric for the subset
quality. This graphshaws the subsetCPI predictionerrorasa
function of the BIC scoreobtainedthroughclusteringfor the
3-dimensionalPCA and ICA spacesWe clearly obsene that
higher BIC scorescorrespondo lower CPI predictionerrors.

When picking the clusteringwith the optimal BIC score
overarangeof k£ valueswe obtaintheresultsgivenin TableV.

This table shavs the percentageCPI predictionerror for the
8- and 16-issuemachinedor PCA andICA. We obsenre that
ICA achievesbetteraccurag with smallersubsetdor the 3-,
4- and 5-dimensionalworkload spacesFor example,in the
3-dimensionalspace,ICA yields a subsetsize of 11 with a
CPI predictionerror in the rangeof 2% to 3%; PCAyieldsa
subsetsize of 18 with a CPI predictionerrorin the range7%
to 8%.

Sofar we consideredhe optimal BIC scorefor determining
the optimal clustering,i.e., we considereda rangeof k values
and for eachk we considereda numberof random seeds;
the optimal clusteringis then determinedasthe one with the
highestBIC score.In generalthe clusteringwith the highest
BIC scoreis likely to be a clusteringwith a large numberof
subsetsHowever, we couldfor examplerelaxthe constrainion
the optimal BIC scoreandpick the clusteringthat corresponds
to a given BIC percentage (e.g., 90%) of the obsened BIC
range.Figure 5 quanti es the impact of the BIC percentage
on predictionaccurag and subsetsize. We concludethat as
the BIC percentagdancreasesthe prediction error tendsto
decreasavhile the subsetsize increasesilt is alsointeresting
to notethata low-dimensionakpaceseemdo be lesssensitie
to the BIC percentageomparedo a high-dimensionakpace.
As a result, if oneis interestedin a rather small workload,
it is betterto considera low-dimensionalspacethan a high-
dimensionakpacewith asmallBIC percentagdf ontheother
hand,a fairly large reducedworkload works ne for a given
purposea high-dimensionaspaceanda high BIC percentage
would be recommended.

D. Benchmark clusters

Tables VI and VII shav the clusters and the bench-
marks/inputperclusterobtainedrom applyingk-meansclus-
tering in a 3-dimensionalCA spaceand PCA spacefrespec-
tively. Therepresentatiesper clusterareshavn in bold. There
are 11 clustersin total and thusthereare 11 representates.
The representatie is the one closestto the cluster centroid.
In casea clusteronly containstwo benchmarks/inputsither
one canbe chosenasthe clusterrepresentatie.

We rst analyzethe clusteringresult basedon ICA. The
results given in Table VI showv that for mary benchmarks,
severalinputsresultin similar programbehaior. For example,
for twolf all inputsresidein onesinglecluster;for gzip mary
of its inputsresidein a single cluster althougha few inputs,
especiallyprogram, seemto resultin differentbehaior. This
clusteringresultalso provides valuableinformation aboutthe
representatienessof the MinneSPEC reduced inputs. For
examplefor vortex only the mdred input seemsto resultin
a programbehavior thatis similar to the referencanputs;the
smred and Igred inputs do not. Similarly, for gcc only the
Igred inputresultsin programbehaior similarto thereference
inputs; the other reducedinputs do not.

The resultswe obtainfrom PCA arequite different,seeTa-
ble VII. WhencomparingTable VIl for PCA versusTableVI
for ICA thereseemdo be only two clustersthat areidentical,
namely clusters10 and 11. There are a numberof clusters
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PCA ICA
err. 8-issue | err 16-issue| subsetsize | err. 8-issue | err 16-issue| subsetsize
2-dim 5.5% 4.7% 12 12.5% 14.9% 7
3-dim 7.6% 7.5% 18 3% 2% 11
4-dim 3.4% 3.9% 18 2.8% 1.5% 13
5-dim 7.8% 8.6% 19 1.8% 1.6% 20
6-dim 7.5% 7.6% 20 3.5% 3.1% 20
TABLE V

CPI PREDICTION ERROR AND SUBSET SIZE FOR OPTIMAL SUBSETS OBTAINED THROUGH PCA AND ICA.
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Fig. 5. CPI predictionerror for the 8-issuemachine(on the left) and subsetsize (on the right) asa function of the BIC percentagdor the ICA space.

that shov somesimilarities betweenPCA and ICA, namely
clusters?7 up to 9. The remainingclusters,1 to 6, shav large
disagreementbetweenPCA and ICA.

An interestingnote that could be made here is that ICA
seemsto group the benchmarksmore on a perbenchmark
basis,i.e., multiple inputs for the samebenchmarkseemto
be groupedin a single cluster This is lessthe casefor PCA,;
several clusters contain inputs from multiple benchmarks.
This gives some additional intuitive support for the ICA
approachover the PCA approachnext to the higheraccurayg
obtainedfor the ICA approach.ndeed,it is to be expected
intuitively thatthereis moresimilarity acrossnputsfor agiven
benchmarkprogramthanthereis acrossdifferentbenchmark
programs.This is also shavn in Figures6 and 7 wherethe
3-dimensionalworkload spaceis shovn for PCA and ICA,
respectiely. In thesegraphs,the benchmark/inputpairs are
shawvn in the workload spacethe axesin the workload space
aretheprincipalcomponentsin the ICA spacehepointsseem
to be groupedmoreon a perbenchmarlbasis;andthis seems
to be more the casethan in the PCA space.This explains

the clusteringresults of TablesVI and VII. Basedon this

obsenationwe canconcludethatICA is especiallyinteresting
for selectingrepresentatie inputsfrom a setof potentialinputs
for a given benchmark.Note that the simulation speedup
obtained through ICA comesfrom two sources:(i) cross-
program similarity—there are a few clusters that contain
multiple benchmarksand (i) more importantly cross-input
similarity—ICA selectsa reducedinput as a representatie

for the referencenput.

E. Smulation-time centric workload composition

In the above clusteringresults,a representate is chosenas
the benchmark/inpupair thatis closestto the centroidfor that
cluster Simulating only thesebenchmark/inpupairs instead
of the completesetof benchmarkgesultsin a CPI prediction
error of 3% and 1.9% for the 8-issueand 16-machine,re-
spectvely, when applying the clusteringin the 3-dimensional
ICA space.The simulationspeeduphat is obtainedby only
simulating theseselectedbenchmarkds 12.2X comparedto
simulatingthe completeset of benchmark/inpupairs.
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An alternative to selectingas the representatie the one
benchmarkclosestto the centroid would be to selectthe
benchmark/inputpair with the smallestdynamic instruction
countin that cluster This might be an attractve alternatve
when simulation speedis a primary concern.By doing so,
we achieze a simulation speedof 180.6X over simulating
all benchmark/inpufpairs, which is a substantialsimulation
speedumver selectinga representatie closestto the centroid.
Obviously, by doingsowe tradesimulationspeedor accurag.
In our case,the CPI predictionerror now is 6.3% and 6.1%
for the 8-issueand 16-issuemachine,respectiely. In future
work it would beinterestingo studyhow simulationspeedand
accurag canbe traded-of morecarefully sothata major part
of the 180.6X simulationspeedups preseredwhile reducing
the predictionerror asmuchas possible.

VIlI. CONCLUSION

Composinga workloadis crucial throughoutthe designcy-
cle of amicroprocessoiTheworkloadshouldberepresentatie
of the target applicationdomain and at the sametime the
redundang within the workload should be minimized. The
goal is to make an intelligent trade-of betweenworkload
representatienesgand thus simulationaccurag) versussim-
ulation speed.

Prior work on benchmarksubsettingor workload composi-
tion typically measureda numberof programcharacteristics
and subsequentlyperformedPrincipal ComponentsAnalysis
(PCA) on theseinputsin orderto remove the correlationin
the dataset. ClusterAnalysisis then performedon this trans-
formeddataset.This papemproposedndependen€omponents
Analysis (ICA) as a better alternatve for selectingthe key
dimensionsin the input datathan PCA. The primary differ-
encebetweenPCA and ICA is that PCA focuseson nding
uncorrelatedaxesin a multi-dimensionalspacewhereasiCA
triesto nd the (strongerin a statistical sense)independent
axes. Furthermorewe obsenre that the datais not Gaussian
acrossall 18 original dimensions.As a result, PCA is not
capableof capturingthe true succinctrepresentationThe ICA
algorithmis estimatedy measuringhe non-gaussianitgf the
data,which is more appropriatefor the measurediata. These
differenceamakes|CA a morerobusttechniquethan PCA for
quantifying benchmarksimilarity.

Applying ICA for benchmarksubsettingor workload com-
positionleadsto both smallerand more accuratesubsetghan
PCA. Our experimentalresults using SPEC CPU2000have
shavn that ICA is indeedcapableof identifying reducedbut
representatie workloads. For example, in a 3-dimensional
space|CA identi es a subsetof 11 benchmark/inpupairsto
be optimalwhereadPCA nds asubsebf 18 benchmark/input
pairs. Additionally, the CPI predictionerror for ICA is in the
rangeof 2% to 3% whereaghe error for PCAis in the range
of 7% to 8%.
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