
How Input Data SetsChangeProgram Behaviour

LievenEeckhout HansVandierendonck KoenDeBosschere
Departmentof ElectronicsandInformationSystems(ELIS), GhentUniversity, Belgium

E-mail:
�
leeckhou,hvdieren,kdb � @elis.rug.ac.be

Abstract

Having a representativeworkloadof the target domain
of a microprocessoris extremelyimportant throughoutits
design.Thecompositionof a workloadinvolvestwo issues:
(i) which benchmarksto selectand (ii) which input data
setsto selectper benchmark.Unfortunately, weare unable
to selecta hugenumberof benchmarksandrespectiveinput
setsdueto limitationson theavailablesimulationtime. In
this paper, weuseprincipal componentsanalysis(PCA) to
efficientlyexploretheworkloadspace. Within thisworkload
space, different input data setsfor a givenbenchmarkcan
be displayedand representativeinput data setscan be se-
lectedfor the givenbenchmark. Thefinal goal is to select
a limited setof representativebenchmark-inputtuplesthat
spanthecompleteworkloadspace.

1 Intr oduction

Thefirst stepwhendesigninganew microprocessoris to
composeaworkloadthatshouldberepresentativefor theset
of applicationsthatwill berun on themicroprocessoronce
it will be usedin a commercialproduct[2, 12]. A work-
loadthentypically consistsof anumberof benchmarkswith
respective input datasetstaken from variousbenchmarks
suites,suchasSPEC,TPC,MediaBench,etc. This work-
loadwill thenbeusedduringthevarioussimulationrunsto
performdesignspaceexplorations.It is obviousthatcom-
posinga representative workloadis extremelyimportantin
order to obtain a designthat is optimal for the target en-
vironmentof operation. The questionwhencomposinga
representative workload is thustwofold: (i) which bench-
marksand(ii) which input datasetsto select. In addition,
we have to take into accountthatevenhigh-level architec-
tural simulationsareextremelytime-consuming.As such,
thetotal simulationtime shouldbelimited asmuchaspos-
sibleto limit thetime-to-market. This impliesthatthetotal
numberof benchmarksandinputdatasetsshouldbelimited
without compromisingthe final design. Ideally, we would
like to have a limited setof benchmark-inputtuplesspan-

ning thecompleteworkloaddesignspace,which containsa
varietyof themostimportanttypesof programbehaviour.

Conceptually, the completeworkloaddesignspacecan
be viewed as a � -dimensionalspacewith � the num-
berof importantprogramcharacteristicsthataffect perfor-
mance,e.g.,branchpredictionaccuracy, cachemissrates,
instruction-level parallelism,etc. Obviously, � will be too
large to display the workload design spaceunderstand-
ably. In addition, correlationexists betweenthesevari-
ableswhichreducestheability to understandwhatprogram
characteristicsarefundamentalto make thediversityin the
workloadspace.In thispaper, wereducethe � -dimensional
workloadspaceto a � -dimensionalspacewith ����� ( ���
	
or ����� typically) makingthevisualisationof theworkload
spacepossiblewithout losing importantinformation. This
is achievedby usingprincipalcomponentsanalysis(PCA).
Wewill show thatPCAcanbeusedefficiently toexplorethe
workloaddesignspacein generalandto measuretheimpact
of inputdatasetsonprogrambehaviour in particular.

Each benchmark-inputtuple is a point in this � -
dimensionalspace(obtainedafterPCA).Wecanexpectthat
different benchmarkswill be ‘f ar away’ from eachother
while differentinput datasetsfor a singlebenchmarkwill
beclusteredtogether. Thisrepresentationgivesusanexcel-
lentopportunityto measuretheimpactof inputdatasetson
programbehaviour. Weakclustering(for variousinputsand
a singlebenchmark)indicatesthat the input sethasa large
impactonprogrambehaviour; strongclusteringontheother
hand,indicatesasmall impact.

In addition, this representationgivesus an idea which
input setsshouldbeselectedwhencomposinga workload.
Strongclusteringsuggeststhata singleor only a few input
setscould be selectedto be representative for the cluster.
This will reducethe total simulationtime significantly for
two reasons:(i) the total numberof benchmark-inputtu-
plesis reduced;and(ii) thebenchmark-inputtupleselected
to representa clustercanhave a smalldynamicinstruction
countcomparedto theotherbenchmark-inputtuplesin the
cluster. Thereductionof thetotal simulationtime is anim-
portantissuefor theevaluationusingcommercialworkloads
sincecommercialworkloadstendto have largedynamicin-



structioncountsin orderto berepresentative.
This paperis organizedasfollows. In section2, thepro-

gramcharacteristicsusedareenumerated.Principalcom-
ponentsanalysisandits usein this context arediscussedin
section3. In section4, it is shown that PCA is useful in
the context of workload characterization.In addition,we
discusshow input datasetsaffect programbehaviour. Sec-
tion 5 discussesrelatedwork. We concludein section6.

2 Workload Characterization

It is importantto selectprogramcharacteristicsthat af-
fect performancefor performing PCA in the context of
workloadcharacterization.Selectingprogramcharacteris-
tics thatdo not affectperformance,suchasthedynamicin-
structioncount,mightdiscriminatebenchmark-inputtuples
on a characteristicthatdoesnot affect performance,yield-
ing no informationaboutthe behaviour of the benchmark-
input tuple whenexecutedon a microprocessor. We have
identifiedthefollowing programcharacteristics:
 Instruction mix. We considerfive instructionclasses:

integerarithmeticoperations,logical operations,shift
and byte manipulationoperations,load/storeopera-
tionsandcontroloperations.
 Branch prediction accuracy. Weconsiderthebranch
predictionaccuracy of threebranchpredictors: a bi-
modalbranchpredictor, a gsharebranchpredictorand
a hybrid branchpredictor. The bimodal branchpre-
dictor consistsof an 8K-entry table containing2-bit
staturatingcounterswhich is indexedby the program
counter of the branch. The gsharebranch predic-
tor is an 8K-entry table with 2-bit saturatingcoun-
ters indexed by the programcounterxor-ed with the
taken/not-taken branchhistory of 12 past branches.
The hybrid branch predictor [18] combinesthe bi-
modal and the gsharepredictor by choosingamong
themdynamically. This is doneusingametapredictor
that is indexedby thebranchaddressandcontains8K
2-bit saturatingcounters.
 Data cachemiss rates. Data cachemiss rateswere
measuredfor five different cacheconfigurations:an
8KB anda 16KB direct-mappedcache,a 32KB and
a 64KB two-way set-associative cacheanda 128KB
four-way set-associative cache.The line sizewasset
to 32 bytes.
 Instruction cachemiss rates. Instructioncachemiss
ratesweremeasuredfor thesamecacheconfigurations
mentionedfor thedatacache.
 Sequentialflow breaks. We have alsomeasuredthe
numberof instructionsbetweentwo sequentialflow

breaksor, in otherwords, the numberof instructions
betweentwo takenbranches.
 Instruction-levelparallelism. To measuretheamount
of ILP in a program,we consideran infinite-resource
machine,i.e., infinite numberof functionalunits,per-
fectcaches,perfectbranchprediction,etc. In addition,
we scheduleinstructionsas soonas possibleassum-
ing unit executioninstructionlatency. The only de-
pendenciesconsideredbetweeninstructionsareread-
after-write (RAW) dependenciesthroughregistersas
well asthroughmemory. In otherwords,perfectreg-
isterandmemoryrenamingareassumedin thesemea-
surements.

For this study, thereare ����	�� programcharacteristics
on whichPCA is performed.

3 Principal ComponentsAnalysis

Principalcomponentsanalysisc(PCA) [17] is a statisti-
caldataanalysistechniquethatpresentsa differentview on
the measureddata. It builds on the assumptionthat many
variables(in our case,programcharacteristics)are corre-
lated and hence,they measurethe sameor similar prop-
erties of the program-inputtuples. PCA computesnew
variables,called principal components, which are linear
combinationsof the original variables,suchthat all prin-
cipal componentsare uncorrelated. PCA tranforms the� variables ����������������������� into � principal components� ��� � � �������!� � � with

�#" ��$ �%'& �)( " % � %
. This transforma-

tion hasthe properties(i) * (,+.- � �0/213* (,+.- � �4/215�����61* (,+.- � �7/ which meansthat
� � containsthe most informa-

tion and
� � the least; and (ii) 8�9;: - � " � � % /��<�=�?>A@CB�ED

which meansthat thereis no informationoverlapbetween
theprincipalcomponents.Notethatthetotalvariancein the
dataremainsthe samebeforeandafter the transformation,
namely $ � " & � * (,+F- � " / .

Becausethetotalamountof varianceis keptunchanged,
someof the principal componentswill have only a small
variance.Hencethey have moreor lessthesamevaluefor
all program-inputtuples. By removing thesecomponents
from the measurementdata, we can reducethe number
of workload characteristics,while controlling the amount
of information that we throw away. We retain � princi-
pal componentswhich is a significant information reduc-
tion since �G� � in most cases,typically �E�H	 or�I�J� . To measurethe fraction of information retained
in this � -dimensionalspace,we usetheamountof varianceK $IL" & � * (,+.- � " /NM'O K $ � " & � * (,+.- � " /NM accountedfor by these� principalcomponents.

During principal componentsanalysis,one can either
work with normalizedor non-normalizeddata(the datais
normalizedwhen the meanof eachvariable is zero and



its varianceis one). In the caseof non-normalizeddata,
a higher weight is given in the analysisto variableswith
a highervariance. In our experiments,we have usednor-
malizeddatabecauseof our heterogeneousdata;e.g., the
varianceof the ILP is ordersof magnitudelarger thanthe
varianceof thedatacachemissrates.

In this study the � original variablesare the program
characteristicsmentionedin section2. By examining the
most important � principal components,which are linear
combinationsin theoriginalprogramcharacteristics,mean-
ingful interpretationscanbe given to theseprincipal com-
ponentsin termsof theoriginalprogramcharacteristics.To
facilitatetheinterpretationof theprincipalcomponents,we
applythevarimaxrotation[17] in the � -dimensionalspace.
This rotationmakesthe coefficients ( " % eithercloseto P 1
or zero,suchthattheoriginal variableseitherhavea strong
impacton a principal componentor they have no impact.
Notethattherotatedprincipalcomponentsarestill uncorre-
lated.

The next stepin the analysisis to display the various
benchmarksaspointsin the � -dimensionalspacebuilt upby
the � principalcomponents.As such,aview canbegivenon
theworkloaddesignspaceandtheimpactof inputdatasets
onprogrambehaviourcanbedisplayed,aswill bediscussed
in thenext section.

We usedSTATISTICA’99 edition[1], a packagefor sta-
tistical computations,to performPCA. This works asfol-
lows. A 2-dimensionalmatrix is presentedasinput to STA-
TISTICA in which thecolumnsrepresenttheoriginal vari-
ables,in our casethe ���Q	�� programcharacteristicsfrom
section2. The rows of this matrix representthe various
program-inputtuples,which will beenumeratedin thenext
section.Onthismatrix,PCAis performedby STATISTICA
whichyieldsustheprincipalcomponents.Oncetheseprin-
cipal componentsareobtained,it is up to theuserto deter-
minewhich principalcomponentsshouldberetained.This
decisionis madebasedontheamountof varianceaccounted
for by the retainedprincipal components. STATISTICA
alsocomputesthecoefficientsof thevariousprogram-input
tuplesasa function of the retainedprincipal components.
Thesedatacanbe usedto representthe program-inputtu-
ples in a � -dimensionalspacebuilt up by these� retained
principal components.The resultsof this analysiswill be
presentedin theevaluationsectionof this paper.

4 Evaluation

4.1 Experimental Setup

In this study, we have used the SPECint95bench-
marks. The reasonwhy we chooseSPECint95instead
of SPECint2000is to limit the simulation time sincewe
wantedto work with referenceinputsasmuchaspossible.

In additionto SPECint95,we usedpostgres v6.3 running
the decisionsupportTPC-D queriesover a 100MB Btree-
indexeddatabase.For postgres, we ranall TPC-Dqueries
except for query1 becauseof memoryconstraintson our
simulationmachine. Detailson the benchmarksandtheir
inputsetsaregivenin Table1.

Thebenchmarkswerecompiledwith optimizationlevel
-O4 andlinkedstaticallywith the-non shared flag for the
Alphaarchitecture.Thecharacteristicsmeasuredin thispa-
per areall dynamiccharacteristics.This wasdoneby in-
strumentingtheseprogramswith ATOM [23], a binary in-
strumentationtool for theAlpha architecture.

4.2 Results

In thissection,wewill first performPCAonthedatafor
the variousinput setsof gcc. Subsequently, the samewill
bedonefor li andpostgres, respectively. Finally, PCAwill
beappliedon thedatafor all thebenchmark-inputtuplesof
Table1.
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Figure 1. Gcc.

Gcc. PCA extractedtwo principal componentsfrom the
dataof gcc. Thesetwo principal componentstogetherac-
countfor 88.3%of the total variance.After varimaxrota-
tion, the first componentis positively dominated,seeTa-
ble 2, by thebranchpredictionaccuracy, thepercentageof
arithmeticandlogicaloperations;andnegativelydominated
by the I-cachemissrates. The secondcomponentis posi-
tively dominatedby the D-cachemiss rates,the percent-
ageof shift and control operations;and negatively domi-
natedby the ILP, the percentageof load/storeoperations
andthenumberof instructionsbetweentwo takenbranches.
Figure 1 presentsthe variousinput setsof gcc in the 2-
dimensionalspacebuilt up by thesetwo components.Data



benchmark input dyn (M) stat mem(K)

gcc amptjp 835 147,402 375
c-decl-s 835 147,369 375
cccp 886 145,727 371
cp-decl 1,103 143,153 579
dbxout 141 120,057 215
emit-rtl 104 127,974 108
explow 225 105,222 280
expr 768 142,308 653
gcc 141 129,852 125
genoutput 74 117,818 104
genrecog 100 124,362 133
insn-emit 126 84,777 199
insn-recog 409 105,434 357
integrate 188 133,068 199
jump 133 126,400 130
print-tree 136 118,051 201
protoize 298 137,636 159
recog 227 123,958 161
regclass 91 125,328 117
reload1 778 146,076 542
stmt-protoize 654 148,026 261
stmt 356 138,910 250
toplev 168 125,810 218
varasm 166 139,847 168

postgres Q2F 227 57,297 345
Q3F 948 56,676 358
Q4F 564 53,183 285
Q5F 7,015 60,519 654
Q6F 1,470 46,271 1,080
Q7a 9.6 34,103 189
Q8a 11.8 34,125 192
Q9a 9.5 32,843 189
Q10F 1,794 62,564 681
Q11a 6.6 34,126 186
Q12a 6.3 34,294 185
Q13a 5.9 32,725 184
Q14a 5.9 35,404 184
Q15F 5.5 35,138 183
Q16F 82,228 58,067 389
Q17F 183 54,835 366

benchmark input dyn (M) stat mem(K)

li boyer 226 9,067 36
browse 672 9,607 39
ctak 583 8,106 18
dderiv 777 9,200 16
deriv 719 8,826 15
destru2 2,541 9,182 16
destrum2 2,555 9,182 16
div2 2,514 8,546 19
puzzle0 2 8,728 19
tak2 6,892 8,079 16
takr 1,125 8,070 36
triang 3 9,008 15

ijpeg vigo.ppm 817 16,037 1,273
specmun.ppm 730 15,952 1,136
penguin.ppm 790 16,128 1,227

go 509 2stone9.in 593 55,894 45
50219stone21.in 35,758 62,435 57
50215stone21.in 35,329 62,841 57

compress 5000000e2231 21,495 4,494 1,715
1000000e2231 4,342 4,490 433
500000e 2231 2,182 4,496 272
100000e 2231 423 4,361 142

m88ksim train.in 24,959 11,306 4,834
perl jumble 2,945 21,343 5,951
vortex train 3,244 78,766 1,266

Table 1. Characteristics of the benc hmarks used with their inputs, dynamic instruction count (in
million), static instruction count (number of instructions executed at least once) and data memor y
footprint in 64-bit words (in thousands).

pointsin thisgraphwith ahighvaluealongthefirst compo-
nent,have high branchpredictionaccuraciesandhigh per-
centagesof arithmeticand logical operationscomparedto
theotherdatapoints;in addition,thesedatapointsalsohave
low I-cachemissrates.Notethatthesedataarenormalized.
Thus,only relative distancesare important. For example,
emit-rtl and insn-emit are relatively closer to eachother
thanemit-rtl andcp-decl.

Figure1 shows thatgcc executinginput setexplow ex-
hibits a differentbehaviour thanthe otherinput sets. This
is dueto its high D-cachemissrates,its high percentageof
shift andcontroloperations,andits low ILP, its low percent-
ageof load/storeoperationsandits low numberof instruc-
tions betweentwo taken branches.The input setsemit-rtl
andinsn-emit have a high I-cachemissrate,a low branch

predictionaccuracy anda low percentageof arithmeticand
logical operations;for reload1 the oppositeis true. The
strongclusterin themiddleof thegraphcontainsthe input
setsgcc, genoutput, genrecog, jump, regclass, stmt and
stmt-protoize. Notethatalthoughthecharacteristicsmen-
tionedin Table1 (i.e.,dynamicandstaticinstructioncount,
anddatamemoryfootprint)aresignificantlydifferent,these
inputsetsresultin quitesimilarprogrambehaviour.

Li. PCA extracted two principal componentsfrom the
dataof thelisp interpreter. Thesetwo principalcomponents
togetheraccountfor 75.6%of thetotalvariance.After vari-
max rotation,the first componentis positively dominated,
seeTable2, by the percentageof memoryoperations,the
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Figure 3. Postgres.
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Figure 2. Lisp interpreter .

numberof instructionsbetweentwo takenbranchesandthe
missratefor the8KB I-cache;andnegatively dominatedby
thepercentageof logical andshift operations,andthemiss
ratesfor D-cacheslarger than32KB. The secondcompo-
nentis positively dominatedby theamountof ILP andthe
miss rate for the D-cachessmallerthan 16KB; and nega-
tively dominatedby thepercentageof arithmeticoperations
andthemissratefor I-cacheslargerthan32KB.

Figure 2 presentsthe variousinput setsof li in the 2-
dimensionalspacebuilt upby its two principalcomponents.
Five input setsresult in a behaviour that is different from
theotherinput setslocatedat theright of thegraph.Three
of these,namely takr, browse and boyer, have a higher
missratefor largerD-caches,ahigherpercentageof logical
andshift operations,a lower percentageof load/storeoper-
ations,a lower numberof instructionsbetweentwo taken
branchesanda lowermissratefor the8KB I-cache.Two of
theseinput sets,namelypuzzle0 andtriang, have a higher
I-cachemiss rate,a smallermiss rate for small D-caches,
a higher percentageof arithmeticoperationsand a lower

amountof ILP.

TPC-D. PCA extractedthreeprincipal componentsfrom
thedataof postgres runningtheTPC-Dqueries,account-
ing for 90.2%of thetotal variance.After varimaxrotation,
thefirst componentis positively dominated,seeTable2, by
theamountof ILP, thepercentageof arithmeticoperations
andtheD-cachemissrate;andnegatively dominatedby the
branchpredictionaccuracy of the gsharebranchpredictor
andthepercentageof logical operations.Thesecondcom-
ponentis postively dominatedby theI-cachemissrateand
negatively dominatedby the percentageof shift and byte
manipulationoperations.Thethird componentis positively
dominatedby thenumberof instructionsbetweentwo taken
branchesandnegativelydominatedby thebranchprediction
accuracy andthepercentageof controloperations.

Figure3 shows thedatapointsof postgres runningthe
TPC-Dqueriesin the3-dimensionalspacebuilt by thethree
(rotated)components.In thisgraph,thereis astrongcluster
thatcontainsqueries11,12,13,14and15. Fromthisgraph,
wecanalsoconcludethatqueries5, 16and17exhibit asig-
nificantly differentbehaviour thantheotherqueries.Query
17 hassignificantlyhigherI-cachemissratesanda signif-
icantly lower percentageof shift operations.Queries5 and
16 differ from eachotherdueto a high andlow numberof
instructionsbetweentwo takenbranches,respectively; and
a low versushigh branchpredictionaccuracy andpercent-
ageof controloperations,respectively.

Workload Space. Performing PCA on all benchmark-
input tuplesasdescribedin Table 1, yields four principal
componentsaccountingfor 89.2%of thetotalvariance.Af-
tervarimaxrotation,thefirst componentis positively domi-
nated,seeTable2, by the branchpredictionaccuracy and
the percentageof logical operations. The secondprinci-
pal componentis positively dominatedby theI-cachemiss
rates.The third componentis positively dominatedby the
D-cachemiss rates. The fourth componentis positively
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Figure 4. Workload space: fir st component vs. second component on the left and thir d vs. four th
component on the right.

dominatedby the percentageof arithmeticoperationsand
thenumberof instructionsbetweentwo takenbranches;and
negatively dominatedby the percentageof control opera-
tions.

Figure4 showsthesebenchmark-inputtuplesin thefour-
dimensionalworkloadspacebuilt up by its principal com-
ponents. The benchmarksgo, ijpeg and compress are
somewhatisolatedpointsin this 4-dimensionalspace.This
is due to the high D-cachemiss ratesfor compress, the
high percentageof arithmeticoperations,the low percent-
ageof control operationsandthe high numberof instruc-
tions betweentwo taken branchesfor ijpeg and the low
branchpredictionaccuracy andthe low percentageof logi-
caloperationsfor go.

It is also interestingto note that the datapointscorre-
spondingto thegcc benchmarkarestronglyclustered,ex-
ceptfor theinputsetsemit-rtl, insn-emit andexplow. This
suggeststhat for the clustergcc only a small numberof
input setsshouldbeselectedfor theworkloadto represent
thegcc benchmark,ultimatelyreducingthetotalsimulation
timeof gcc comparedto thesimulationof all theinputsets.

Thedatapointscorrespondingto the lisp interpreterare
stronglyclusteredaswell, exceptfor thefollowing five in-
put sets:triang, takr, destrum2, browse andboyer. The
variety within thesefive input setsis causedby the data
cachemissratemeasuredby thethird principalcomponent.

The datapointscorrespondingto postgres runningthe
TPC-Dquerieson theotherhand,areweaklyclusteredex-
cept for queries11 through 15 (not clearly seenon the
graph). This suggeststhat for the TPC-Dbenchmark,sev-
eral queriesneedto be consideredin order to be repre-
sentative. Note that all queriesresult in an above-average
branchpredictionaccuracy (high valuealongthefirst prin-
cipal component).The spreadalong the secondprincipal
componentis very largeandcoversabout80%of therange

of the secondcomponent.Therefore,a wide rangeof dif-
ferentI-cachebehaviour canbeobservedwhenrunningthe
TPC-D queries.Wheninspectingthe third principal com-
ponent,we seethat the TPC-D queriesfall apartinto two
groups:thosewith relatively highdatacachemissratesand
thosewith relatively low D-cachemissrates.

The differencein behaviour betweenthe program-input
tuplesfor go andcompress is mainlydueto thedifference
in thedatacachemissrates.For ijpeg, all threeinput sets
seemto resultin moreor lessthesamebehaviour.

In general,we canconcludethat the variationbetween
programsis largerthanthevariationbetweeninput setsfor
the sameprogram. Thus,whencomposinga workload, it
is moreimportantto selectdifferentprogramswith a well
choseninput setthanto includevariousinputsfor thesame
program. For example, the program-inputtuplesfor gcc
(exceptfor explow) andijpeg arestronglyclusteredin the
workloadspace. In somecaseshowever, for examplefor
postgres runningdifferentTPC-Dqueries,theinputsethas
a relatively high impactonprogrambehaviour.

5 Relatedwork

KleinOsowskietal.[14] proposeto reducethesimulation
time of the SPEC2000benchmarksuiteby usingreduced
inputdatasets.Insteadof usingthereferenceinputdatasets
providedby SPEC,whichresultin unreasonablylongsimu-
lation times,they proposeto usesmallerinputdatasetsthat
accuratelyreflect the behaviour of the full referenceinput
sets.For determiningwhethertwo input setsresultin more
or lessthesamebehaviour, they usedthechi-squaredstatis-
tic basedon the function-level executionprofiles for each
input set. Note thata resemblanceof function-level execu-
tion profiles doesnot necessarilyimply a resemblanceof
otherprogramcharacteristicswhich areprobablymoredi-



li gcc TPC-D all
PC1 PC2 PC1 PC2 PC1 PC2 PC3 PC1 PC2 PC3 PC4

ILP 0.11 0.74 0.43 -0.70 0.87 -0.13 0.33 -0.58 0.20 0.39 0.59
bimodal 0.38 -0.59 0.94 0.30 0.04 0.05 -0.93 0.92 0.20 -0.03 -0.18
gshare 0.44 0.09 0.94 0.22 -0.70 -0.10 -0.66 0.78 -0.35 0.01 -0.48
hybrid 0.67 -0.17 0.95 0.19 -0.45 0.07 -0.83 0.80 -0.07 -0.02 -0.56
ld/st 0.91 0.30 -0.58 -0.80 -0.59 0.14 0.66 -0.66 -0.34 -0.21 -0.58
int arithmetic -0.25 -0.96 0.94 -0.06 0.84 0.48 0.10 -0.17 0.33 0.04 0.81
logical -0.84 -0.41 0.82 0.12 -0.90 -0.39 -0.01 0.95 0.11 -0.08 0.01
shift -0.97 0.17 -0.04 0.86 -0.04 -0.72 -0.47 0.52 -0.14 0.35 0.54
control -0.23 0.64 0.24 0.89 -0.41 -0.32 -0.80 0.07 0.26 0.06 -0.89
seq.flow break 0.82 0.51 -0.14 -0.95 0.40 0.11 0.89 -0.26 -0.25 -0.12 0.87
I$ 8KB 0.80 -0.51 -0.72 -0.61 -0.04 0.96 -0.13 0.24 0.88 -0.13 -0.26
I$ 16KB 0.32 -0.87 -0.76 -0.55 -0.02 0.98 -0.13 0.28 0.94 -0.05 -0.01
I$ 32KB 0.04 -0.86 -0.88 -0.41 0.20 0.93 0.06 0.11 0.97 0.04 0.03
I$ 64KB -0.05 -0.92 -0.90 -0.24 0.21 0.86 0.14 -0.08 0.93 0.00 0.05
I$ 128KB -0.04 -0.92 -0.85 -0.14 0.52 0.70 0.25 -0.27 0.75 -0.04 0.06
D$ 8KB 0.09 0.63 0.27 0.93 0.67 0.66 0.27 -0.18 0.64 0.59 -0.08
D$ 16KB -0.46 0.75 0.43 0.88 0.83 0.37 0.28 -0.14 0.46 0.84 0.01
D$ 32KB -0.93 0.30 0.50 0.86 0.95 0.15 0.18 -0.04 -0.03 0.99 0.00
D$ 64KB -0.94 0.27 0.57 0.80 0.96 0.06 0.13 0.04 -0.17 0.97 0.01
D$ 128KB -0.97 0.17 0.63 0.73 0.96 0.00 0.10 0.12 -0.20 0.95 0.07

Table 2. The factor loadings of the principal components after varimax rotation for li, gcc, postgres
and all the benc hmark-input tuples, from left to right respectivel y. For example , this means that the
fir st principal component for li is definied as follo ws: é 8�ê6���=�ëêìê�íïîñðòéôó2� � �0õöíø÷0@®ù 9ûú (+ü ó2�=� ýìýþíëÿ�� � ( +�� ó �����
Factor loadings greater than �=����� are sho wn in bold.

rectlyrelatedto performance,suchasinstructionmix, cache
behaviour, etc. The latterapproachwastakenin this paper
for exactlythatreason.KleinOsowski etal. alsorecognized
thatthis is apotentialproblem.Themethodologypresented
in this papercanbe usedaswell for selectingreducedin-
put datasets. A referenceinput set anda resemblingre-
ducedinput setwill be situatedcloseto eachother in the� -dimensionalspacebuilt up by theprincipalcomponents.

Another importantresearchtopic that is relatedto this
paperis tracesampling[5, 6, 13, 16]. In tracesampling,
severalsamplesaretakenfrom a programexecutionsothat
the total numberof instructionsin the samplesis signifi-
cantly lessthanthe total numberof instructionsof a com-
pleteexecution. In order to make viable designdecisions
basedon thesesampledtraces,a sampledtraceshouldbe
representative for the completeprogramexecution. Iyen-
gar et al. [11] proposean R-metricfor measuringthe rep-
resentativenessof a sampledtrace.LafageandSeznec[15]
proposeto chooserepresentative samplesusinga datare-
ductiontechnique,namelyclusteranalysis.Themethodol-
ogy presentedherecouldalsobe usedto validatesampled
traces.Indeed,a sampledtracethat is situatedcloseto its
referencetracein the workloadspacecould be considered

asbeingrepresentative.

Only recently, anew fastsimulationtechniquewasintro-
duced,namelystatisticalsimulation[3, 7, 8, 19, 21, 20]. In
statisticalsimulation,a statisticalprofile is extractedfrom
a programexecutionwhich is subsequentlyfed into a syn-
thetic tracegenerator. The synthetictracebeinggenerated
can then be executedon a trace-driven simulator which
yields performanceestimates.Due to the statisticalnature
of the technique,the total numberof instructionsin a syn-
thetictracecanbelimited sincetheperformancecharacter-
istics while simulatinga synthetictracequickly converge.
Typically, no morethanonemillion instructionsneedto be
simulatedto obtaina stableperformanceestimate.Statis-
tical simulation is relatedto the researchtopic presented
in this paper, since the successof both techniquesrelies
onchoosingrelevantprogramcharacteristicsto beincorpo-
ratedin theanalysis.For statisticalsimulation,relevantpro-
gramcharacteristicsareneededto obtaina high accuracy;
for the techniquepresentedin this paper, relevantprogram
characteristicsareneededto constructa reliableworkload
space.

Another possibleapplicationof using a datareduction
techniquesuchasprincipalcomponentsanalysis,is to com-



paredifferentworkloads.In [4], Chow et al. usedPCA to
comparethe branchbehaviour of Java andnon-Java work-
loads.Theinterestingaspectof usingPCAin thiscontext is
thatPCA is ableto identify on which point two workloads
differ.

HuangandShen[10] evaluatedtheimpactof input data
setson thebandwidthrequirementsof computerprograms.

Changesin programbehaviourdueto differentinputdata
setsarealsoimportantfor profile-guidedcompilation[22],
whereprofiling informationfrom a pastrun is usedby the
compiler to guide its optimisations. Fisherand Freuden-
berger [9] studiedwhetherbranchdirectionsfrom previ-
ousrunsof a program(usingdifferentinput sets)aregood
predictorsof the branchdirectionsin future runs. Their
studyconcludesthat branchesgenerallytake the samedi-
rections in different runs of a program. However, they
warn that somerunsof a programexerciseentirely differ-
entpartsof theprogram.Hence,theserunscannotbeused
to make predictionsabouteachother. By using the aver-
agebranchdirectionover a numberof runs, this problem
canbeavoided. Wall [24] studiedseveral typesof profiles
suchasbasicblock countsandthenumberof referencesto
globalvariables.Hemeasuredtheusefulnessof aprofileas
thespeedupobtainedwhenthatprofile is usedin a profile-
guidedcompileroptimisation. Seemingly, the bestresults
areobtainedwhenthe sameinput is usedfor profiling and
measuringthespeedup.This impliesthatevery input is dif-
ferentin somesenseandleadsto differentcompileroptimi-
sations.

6 Conclusion

In microprocessordesign,it is importantto havearepre-
sentative workloadto make correctdesigndecisions.This
paperproposestheuseof principalcomponentsanalysisto
efficiently explore the workload space. In this workload
space,benchmark-inputtuplescanbedisplayed.This rep-
resentationcanbeusedto measuretheimpactof input data
setson programbehaviour. An interestingapplicationfor
this techniqueis the selectionof representative input data
sets. Indeed,simulatinga singleor only a few representa-
tive input setsperbenchmarkinsteadof simulatinga large
numberof inputsetsultimatelyreducesthetotal simulation
time.
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