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Abstract

Having a representativewvorkload of the target domain
of a microprocessoris extremelyimportantthroughoutits
design.Thecompositiorof a workloadinvolvestwo issues:
(i) which bendcimarksto selectand (ii) which input data
setsto selectper bendimark. Unfortunately it is impossi-
ble to selecta huge numberof bendymarksand respective
inputsetsdueto thelargeinstructioncountsperbendmark
anddueto limitations on the availablesimulationtime In
this paper we usestatisticaldata analysistechniquessud
as principal componentsanalysis(PCA) and clusteranal-
ysisto efciently explore the workload space Within this
workloadspace differentinput datasetsfor a givenbend-
markcanbedisplayeda distancecanbemeasuedbetween
program-inputpairs that givesus an idea abouttheir mu-
tual behavioal differencesand representativeinput data
setscanbe selectedor thegivenbendmark. Thismethod-
ologyis validatedby showingthat program-inputpairs that
are closeto ead otherin this workload spaceindeedex-
hibit similar behavior The nal goalis to selecta limited
setof representativebendimark-inputpairs that spanthe
completeworkload space Next to workload composition,
there are a numberof other possibleapplications,namely
gettinginsightin the impactof input data setson program
behaviorand pro le-guided compileroptimizations.

1 Intr oduction

The rst stepwhendesigninga new microprocessors
to composeworkloadthatshouldberepresentatie for the
setof applicationsthat will be run on the microprocessor
onceit will beusedin acommerciaproduct{1, 7]. A work-
loadthentypically consistof anumberof benchmarksvith
respectire input datasetstaken from variousbenchmarks
suites,suchas SPEC,TPC, MediaBenchgtc. This work-
loadwill thenbeusedduringthevarioussimulationrunsto
performdesignspaceexplorations.lt is obviousthatwork-
load design or composingarepresentatie workload,is ex-
tremelyimportantin orderto obtaina microprocessode-
signthatis optimalfor thetargetenvironmentof operation.
The questionvhencomposinga representatie workloadis
thustwofold: (i) which benchmarksand (ii) which input
datasetsto select.In addition,we have to take into account
thatevenhigh-level architecturabimulationsareextremely
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time-consumingAs such,thetotal simulationtime should
be limited asmuchaspossibleto limit the time-to-marlet.
This implies that the total numberof benchmarksandin-
put datasetsshouldbe limited without compromisingthe
nal design. Ideally, we would like to have a limited set
of benchmark-inpupairs spanningthe completeworkload
spacewhich containsa variety of themostimportanttypes
of programbehavior.

Conceptually the completeworkload designspacecan
be viewed as a -dimensionalspacewith  the num-
ber of importantprogramcharacteristicshat affect perfor
mance,e.g.,branchpredictionaccurag, cachemissrates,
instruction-level parallelism,etc. Obviously, will betoo
large to display the workload design spaceunderstand-
ably. In addition, correlationexists betweenthesevari-
ableswhichreducegheability to understandvhatprogram
characteristicarefundamentato make the diversityin the
workloadspaceln this paperwereducethe -dimensional
workloadspacedo a -dimensionakpacewith (
to typically) makingthevisualisatiorof theworkload
spacepossiblewithout losing importantinformation. This
is achieved by using statisticaldatareductiontechniques
suchas principal componentsanalysis(PCA) and cluster
analysis.

Eachbenchmark-inpupairis apointin this (reduced) -
dimensionakpaceobtainedafter PCA. We canexpectthat
different benchmarkswill be “far away' from eachother
while differentinput datasetsfor a single benchmarkwill
be clusteredtogether This representatiomivesus an ex-
cellentopportunityto measureéheimpactof input datasets
on programbehaior. Weak clustering(for variousinputs
and a single benchmarkjndicatesthat the input sethasa
largeimpacton programbehaior; strongclusteringon the
otherhand,indicatesasmallimpact. This claimis validated
by shawving that program-inpufpairsthat are closeto each
otherin theworkloadspacendeedexhibit similar behaior.
l.e., close'program-inpupairsreactin similarwayswhen
changesremadeto thearchitecture.

In addition, this representatiomgives us an ideawhich
input setsshouldbe selectedvhencomposinga workload.
Strongclusteringsuggestshata singleor only a few input
setscould be selectedto be representatie for the cluster
This will reducethe total simulationtime signi cantly for
two reasons{i) thetotal numberof benchmark-inpupairs
is reducedand(ii) we canselectthe benchmark-inpupair
with the smallestdynamicinstructioncountamongall the



pairsin the cluster The reductionof the total simulation
time is an importantissuefor the evaluationof micropro-
cessordesignssincetodaysand future workloadstend to
have large dynamicinstructioncounts.

Another important application, next to getting insight
in programbehaior andworkloadcomposition,s pro le-
driven compiler optimizations. During pro le-guided op-
timizations, the compiler usesinformation from previous
programruns (obtainedthrough pro ling) to guide com-
piler optimizations.Ohviously, for effective optimizations,
the input setusedfor obtainingthis pro ling information
should be representatie for a large set of possibleinput
sets.Themethodologyproposedn this papercanbe useful
in thisrespecbecausénput setsthatarecloseto eachother
in theworkloadspacewill have similar behaior.

This paperis organizedasfollows. In section2, the pro-
gramcharacteristicasedareenumeratedPrincipalcompo-
nentsanalysis clusteranalysisandtheir usein this context
are discussedn section3. In section4, it is shovn that
thesedatareductiontechniquesreusefulin the context of
workloadcharacterizationln addition,we discusshow in-
put datasetsaffect programbehaior. Section5 discusses
relatedwork. We concludein section6.

2 Workload Characterization

It is importantto selectprogramcharacteristicshat af-
fect performancefor performing dataanalysistechniques
in the context of workload characterization. Selecting
program characteristicsthat do not affect performance,
suchasthe dynamicinstructioncount, might discriminate
benchmark-inpupairson a characteristi¢hat doesnot af-
fect performanceyielding no informationaboutthe behav-
ior of the benchmark-inpupair whenexecutedon a micro-
processar On the other hand, it is importantto incorpo-
rateasmary programcharacteristicaspossiblesothatthe
analysisdoneonit will bepredictie. I.e.,wewantstrongly
clusteredprogram-inputpairsto behae similarly sothata
singleprogram-inpupair canbe choserasa representatie
of the cluster The determinatiorof what programcharac-
teristicsto be includedin the analysisin orderto obtaina
predictive analysisis a studyon its own andis out of the
scopeof this paper The goal of this paperis to shav that
dataanalysistechniquessuchas PCA andclusteranalysis
can be a helpful tool for getting insight in the workload
spacevhencomposingarepresentatie workload.

We have identi ed the following programcharacteris-
tics:

Instruction mix. We consider ve instructionclasses:
integer arithmeticoperationsjogical operationsshift

and byte manipulationoperations,load/storeopera-
tionsandcontroloperations.

Branch prediction accuracy. We considerthebranch
predictionaccurag of three branchpredictors: a bi-
modalbranchpredictor a gsharebranchpredictorand
a hybrid branchpredictor The bimodal branchpre-
dictor consistsof an 8K-entry table containing2-bit

saturatingcounterswhich is indexed by the program
counterof the branch. The gsharebranch predic-
tor is an 8K-entry table with 2-bit saturatingcoun-
tersindexed by the programcounterxor-ed with the
taken/not-talen branch history of 12 pastbranches.
The hybrid branch predictor [10] combinesthe bi-
modal and the gsharepredictor by choosingamong
themdynamically Thisis doneusinga metapredictor
thatis indexed by the branchaddressndcontains8K
2-bit saturatingcounters.

Data cachemiss rates. Datacachemissrateswere
measuredor ve different cachecon gurations: an
8KB anda 16KB direct mappedcache,a 32KB and
a 64KB two-way set-associate cacheand a 128KB
four-way set-associate cache.Theblock sizewasset
to 32 bytes.

Instruction cachemissrates. Instructioncachemiss
ratesweremeasuredor the samecachecon gurations
mentionedor thedatacache.

Sequential o w breaks. We have also measuredhe
numberof instructionsbetweentwo sequentialo w

breaksor, in otherwords, the numberof instructions
betweentwo taken branches.Note that this metricis

higher than the basicblock size becausesomebasic
blocks fall through'to the next basicblock.

Instruction-le vel parallelism. To measuré¢heamount
of ILP in a program,we consideranin nite-resource
machinej.e., in nite numberof functionalunits, per

fectcachesperfectbranchprediction,etc. In addition,
we scheduleinstructionsas soonas possibleassum-
ing unit executioninstructionlateng. The only de-
pendenciesonsidereetweeninstructionsare read-
afterwrite (RAW) dependenciethroughregistersas
well asthroughmemory In otherwords, perfectreg-

isterandmemoryrenamingareassumedh thesemea-
surements.

For this study thereare programcharacteristics
in total onwhichtheanalysesredone.

3 Data Analysis

In the rst two subsection®f this section,we will dis-
cusstwo dataanalysigechniquesnamelyprincipalcompo-
nentsanalysis(PCA) andclusteranalysis. In the last sub-
section,we will detail how we usedthesetechniquedor
analyzingtheworkloadspacan this study

3.1 Principal ComponentsAnalysis

Principal componentsanalysis(PCA) [9] is a statisti-
cal dataanalysistechniquethat presentsa different view
on the measureddata. It builds on the assumptionthat
mary variables(in our case,programcharacteristicsare
correlatedand hence,they measurethe sameor similar
propertiesof the program-inputpairs. PCA computesnewn



variables, called principal componentswhich are linear
combinationsof the original variables,suchthat all prin-
cipal componentsare uncorrelated. PCA tranformsthe

variables into  principal components

with . This transforma-
tion hasthe properties(i)
which meansthat

tion and  the least; and (i)
which meansthat thereis no informationoverlapbetween
theprincipalcomponentsNotethatthetotal variancein the
dataremainsthe samebeforeandafter the transformation,
namely .

As statedin the rst propertyin the previous paragraph,
someof the principal componentswill have a high vari-
ancewhile otherswill have a smallvariance.By removing
thecomponentsvith the lowestvariancefrom the analysis,
we canreducethe numberof programcharacteristicsvhile
controllingthe amountof informationthatis thrown away.
We retain principalcomponentsvhichis a signi cant in-
formationreductionsince in mostcasestypically

containsthe mostinforma-

to . To measurehe fraction of information
retainedn this -dimensionakpacewe usethe amountof
variance accountedor

by these principalcomponents.

In this study the original variablesare the program
characteristicsnentionedin section2. By examiningthe
mostimportant principal componentswhich are linear
combination®f theoriginal programcharacteristicanean-
ingful interpretationsanbe givento theseprincipal com-
ponentsn termsof the original programcharacteristicsTo
facilitatetheinterpretatiorof the principalcomponentsye
applythevarimaxrotation[9]. This rotationmakesthe co-
efcients  eithercloseto 1 orzero,suchthattheorigi-
nalvariablesitherhave astrongimpactonaprincipalcom-
ponentor they have noimpact. Notethatvarimaxrotationis
anorthogonatransformatiorwhich impliesthattherotated
principalcomponentsirestill uncorrelated.

The next stepin the analysisis to display the various
benchmarkaspointsin the -dimensionakpacebuilt upby
the principalcomponentsThiscanbedoneby computing
the valuesof the retainedprincipal componentgor each
program-inputpair. As such,a view canbe given on the
workloaddesignspaceandtheimpactof input datasetson
programbehaior canbedisplayedaswill bediscussedn
the evaluationsectionof this paper

During principal componentsanalysis,one can either
work with normalizedor non-normalizeddata(the datais
normalizedwhen the meanof eachvariableis zero and
its varianceis one). In the caseof non-normalizeddata,
a higherweight is givenin the analysisto variableswith
a highervariance. In our experimentswe have usednor-
malizeddatabecauseof our heterogeneoudata; e.g., the
varianceof the ILP is ordersof magnitudelargerthanthe
varianceof the datacachemissrates.

3.2 Cluster Analysis

Clusteranalysis[9] is anotherdataanalysistechnique
thatis aimedat clustering cases,n our caseprogram-

inputpairs,basednthemeasurements variablesjn our

caseprogramcharacteristics.The nal goalis to obtaina

numberof groups containingprogram-inpupairsthathave

“similar' behavior. A commonlyusedalgorithmfor doing

clusteranalysisis hierarchic clusteringwhich startswith a

matrix of distancedetweenthe casesor program-input
pairs. As a startingpoint for the algorithm,eachprogram-
input pair is consideredisa group. In eachiterationof the

algorithm,the two groupsthataremostcloseto eachother
(with thesmallesdistancealsocalledthelinkage distancé

will be combinedto form a new group. As such, close
groupsare graduallymemgeduntil nally all caseswill be

in a singlegroup. This canbe representedn a so called

dendogram, which graphicallyrepresentshe linkagedis-

tancefor eachgroup memge at eachiteration of the algo-

rithm. Having obtaineda dendrogramit is up to the user
to decidehow mary clustersto take. This decisioncanbe

madebasedon the linkagedistance.lndeed,smalllinkage
distancesmply strongclusteringwhile large linkage dis-

tancesmply weakclustering.

How we de ne the distancebetweerntwo program-input
pairs will be explainedin the next section. To compute
the distancebetweentwo groups,we have usedthe near
estneighbourstrategyy or singlelinkage. This meansthat
the distancebetweertwo groupsis de ned asthe smallest
distancebetweertwo memberf eachgroup.

3.3 Workload Analysis

The workloadanalysisdonein this paperis a combina-
tion of PCA andclusteranalysisandconsistof the follow-
ing steps:

1. The programcharacteristicas discussedn
section2 are measureddy instrumentingthe bench-
mark programswith ATOM [13], a binaryinstrumen-
tationtool for the Alpha architecture.With ATOM, a
staticallylinkedbinarycanbetransformedo aninstru-
mentedbinary. Executingthis instrumentedinaryon
an Alpha machineyields us the programcharacteris-
ticsthatwill be usedthroughouthe analysis.Measur
ing these programcharacteriticsvasdonefor
the 79 program-inpupairsmentionedn sectiord.1.

2. In asecondstep,these  (numberof program-input
pairs) (, numberof programcharacteristics)
datapoints are normalizedso that for eachprogram
characteristicthe averageequalszero and the vari-
anceequalsone. On thesenormalizeddata points,
principal componentsanalysis(PCA) is done using
STATISTICA [14], a packag€or statisticalcomputa-
tions. This works asfollows. A 2-dimensionalma-
trix is presentedsinput to STATISTICA thathas20
columnsrepresentinghe original programcharacter
istics as mentionedin section2. Thereare 79 rows
in this matrix representinghe variousprogram-input
pairs. On this matrix, PCA is performedby STATIS-
TICA whichyieldsus principalcomponents.



3. Oncethese principal componentsare obtained,a
varimaxrotationcanbedoneonthesedatafor improv-
ing the understandingf the principal components.
This canbedoneusingSTATISTICA.

4. Now, it is up to theuserto determinehow mary prin-
cipal componentseedto beretained.This decisionis
madebasedon the amountof varianceaccountedor
by theretainedprincipalcomponents.

5. The principal componentghat are retainedcan be
analyzedanda meaningfulinterpretatiorcanbe given
tothem.Thisis donebasednthecoefcients , also
calledthe factor loadings asthey occurin thefollow-
ing equation , with
theprincipalcomponentsnd theorig-
inal programcharacteristicsA positive coefcient
meansa positive impactof programcharacteristic
on principal component ; a negative coefcient
implies a negative impact. If a coefcient is close
to zero,thismeans has(nearly)noimpacton

6. Theprogram-inpupairscanbedisplayedn thework-
load spacebuilt up by these principal compo-
nents. This can easily be doneby computing

for eachprogram-inpugpair.

7. Within this -dimensionalspacethe Euclideandis-
tancecanbe computedbetweenthe variousprogram-
input pairsasareliablemeasurdor the way program-
input pairsdiffer from eachother Therearetwo rea-
sonssupportingthis statementFirst, the valuesalong
the axesin this spaceare uncorrelatedsincethey are
determinedy the principalcomponentsvhichareun-
correlatedby construction. The absenceof correla-
tion is importantwhen calculatingthe Euclideandis-
tance becausetwo correlatedvariables—thatessen-
tially measureghe samething—will contribute a sim-
ilar amountto the overall distanceas an independent
variable; as such, thesevariableswould be counted
twice, which is undesirable. Second,the variance
alongthe principal componentss meaningfulsince
it is a measurdor the diversity alongeachprincipal
componenby construction.

8. Finally, clusteranalysiscanbedoneusingthedistance
betweerprogram-inpupairsasdeterminedn the pre-
vious step. Basedon the dendrograna clearview is
givenonthe clusteringwithin theworkloadspace.

Thereasorwhy we choseto rst performPCA andsub-
sequentlyclusteranalysisinsteadof applyingclusteranal-
ysison theinitial datais asfollows. The original variables
arehighly correlatedwhich implies that an Euclideandis-
tancein thisspaces unreliabledueto this correlationasex-
plainedpreviously. The mostobvious solutionwould have
beento usethe Mahalanobisdistance9] which takesinto
accountthe correlationbetweenthe variables. However,
the computationof the Mahalanobisdistanceis basedon
a pooledestimateof the commoncovariancematrix which
mightintroduceinaccuracies.

4 Evaluation

In this section,we rst presenthe program-inputpairs
that are usedin this study Second,we shav the results
of performingthe workload analysisas discussedn sec-
tion 3.3. Finally, the methodologyis validatedin sec-
tion 4.3.

4.1 Experimental Setup

In this study we have usedthe SPECint95benchmarks
(http://www.spec.org ) and a databaseworkload
consistingof TPC-D queries(http://www.tpc.org ),
seeTablel. Thereasonwhy we choseSPECint95nstead
of the morerecentSPECint2000s to limit the simulation
time. SPECoptedto dramaticallyincreasethe runtimes
of the SPEC2000benchmarkscomparedto the SPEC95
benchmarksvhichis bene cial for performancesvaluation
on real hardware but impracticalfor simulationpurposes.
In addition,thereare more referencanputs provided with
SPECint9%henwith SPECint2000For gcc (GNU C com-
piler) andli (lisp interpreter)we have usedall thereference
input les. For ijpeg (imageprocessing)penguin, spec-
mun andvigo weretakenfrom thereferencenputset. The
otherimagesthat senedasinputto ijpeg weretakenfrom
theweh Thedimensionof theimagesareshovnin brack-
ets. For compress (text compression)we have adapted
thereferencanput 14000000 e 2231' to obtaindifferent
input sets. For m88ksim (microprocessosimulation)and
vortex (object-orienteddatabase)we have usedthe train
andthereferencanputs. The samewasdonefor perl (perl
interpreter): jumble was taken from the train input, and
primes andscrabbl were taken from the referencenput;
aswell asfor go (game):"50 9 2stone9.in' from thetrain
input,and 50 21 9stone21.in' and50 21 5 stone2l.in'
from thereferencenput.

In additionto SPECint95we usedpostgres v6.3 run-
ning the decisionsupportTPC-D queriesover a 100MB
Btree-indexed database For postgres, we ranall TPC-D
gueriesexceptfor query 1 becausef memoryconstraints
onourmachine.

The benchmarksvere compiledwith optimizationlevel
-0O4 andlinkedstaticallywith the-non_shared ag for the
Alphaarchitecture.

4.2 Results

In this section,we will rst perform PCA on the data
for the variousinput setsof gcc. Subsequentlythe same
will bedonefor postgres. Finally, PCA andclusteranaly-
siswill be appliedon the datafor all the benchmark-input
pairsof Tablel. We presenthe datafor gcc andpostgres
beforepresentingheanalysisof all theprogram-inpupairs
becaus¢hesawo benchmarkdlustratedifferentaspect®f
thetechniquesn termsof the numberof principal compo-
nentsclustering etc.



[ benchmark] input [ dyn(M) ] stat [ mem(K) |
gcc amptjp 835 | 147,402 375
c-decl-s 835 | 147,369 375
ccep 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
reloadl 778 | 146,076 542
stmt-protoize 654 | 148,026 261
stmt 356 | 138,910 250
topler 168 | 125,810 218
varasm 166 | 139,847 168
postgres Q2 227 57,297 345
Q3 948 | 56,676 358
Q4 564 | 53,183 285
Q5 7,015 | 60,519 654
Q6 1,470 | 46,271 1,080
Q7 932 69,551 631
Q8 842 61,425 11,821
Q9 9,343 | 68,837 10,429
Q10 1,794 | 62,564 681
Q11 188 | 65,747 572
Q12 1,770 | 65,377 258
Q13 325 | 65,322 264
Q14 1,440 | 67,966 448
Q15 1,641 | 67,246 640
Q16 82,228 | 58,067 389
Q17 183 | 54,835 366

[ benchmark] input [ dyn(M) | stat [ mem(K) |

i boyer 226 9,067 36
browse 672 9,607 39

ctak 583 8,106 18

dderv 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

puzzleO 2 8,728 19

tak2 6,892 | 8,079 16

takr 1,125 8,070 36

triang 3 9,008 15

ijpeg band(2362x1570) 2,934 16,183 5,718
beach(512x480) 254 | 16,039 405

building (1181x1449) 1,626 | 16,224 2,742
car(739x491) 373 | 16,294 596
desser{491x740) 353 | 16,267 587
globe(512x512) 274 | 16,040 436

kitty (512x482) 267 | 16,088 412
monalisa(459x703) 259 | 16,160 508
penguin(1024x739) 790 | 16,128 1,227
specmur(1024x688) 730 | 15,952 1,136

vigo (1024x768) 817 | 16,037 1,273

compress | 14000000 2231(ref) 60,102 | 4,507 4,601
1000000Ce 2231 42,936 4,507 3,318

5000000e 2231 21,495 | 4,494 1,715

1000000e 2231 4,342 4,490 433

500000e 2231 2,182 | 4,496 272

100000e 2231 423 4,361 142

m88ksim train 24,959 [ 11,306 4,834
ref 71,161 | 14,287 4,834

vortex train 3,244 | 78,766 1,266
ref 92,555 | 78,650 5,117

perl jumble 2,945 | 21,343 5,951
primes 17,375 | 16,527 8

scrabbl 28,251 | 21,674 4,098

509 2stone9.in 593 | 55,894 45
50219stone2l.in 35,758 | 62,435 57

5021 5stone2l.in 35,329 | 62,841 57

Table 1. Characteristics of the benchmarks used with their inputs, dynamic instruction count (in
millions), static instruction count (number of instructions executed at least once) and data memory

footprint in 64-bit words (in thousands).

4.2.1 Gcce

PCAandvarimaxrotationextracttwo principalcomponents
from the dataof gcc with 24 input sets. Thesetwo prin-
cipal componentdogetheraccountfor 96.9% of the total
variance;the rst andthe secondcomponentaccountfor
49.6%and47.3%of thetotal variancerespectiely. In Fig-
ure 1, the factorloadingsare presentedor thesetwo prin-
cipal components.E.g., this meansthatthe rst principal
componenis computedas

. The rst componentis
positively dominated seeFigure 1, by the branchpredic-
tion accurag, the percentagef arithmeticandlogical oper
ations;andnegatively dominatedoy thel-cachemissrates.
The secondcomponenis positively dominatedby the D-
cachemissrates,the percentagef shift and control oper
ations; and negatively dominatedby the ILP, the percent-
ageof load/storeoperationsaandthe numberof instructions
betweentwo taken branches. Figure 2 presentshe vari-
ousinput setsof gcc in the 2-dimensionakpacebuilt up

by thesetwo componentsDatapointsin this graphwith a
highvaluealongthe rst componenthave high branchpre-
diction accuraciesand high percentagesf arithmeticand
logical operationcomparedo the otherdatapoints;in ad-
dition, thesedatapointsalso have low I-cachemissrates.
Notethatthesedataarenormalized.Thus,only relative dis-
tancesareimportant. For example,emit-rtl andinsn-emit

arerelatively closerto eachotherthanemit-rtl andcp-decl.

Figure2 showvs thatgcc executinginput setexplow ex-
hibits a differentbehaior thanthe otherinput sets. This
is dueto its high D-cachemissrates, its high percentage
of shift and control operations,and its low ILP, its low
percentag®f load/storeoperationsandits low numberof
instructionsbetweentwo taken branches. The input sets
emit-rtl andinsn-emit have a high I-cachemissrate,a low
branchpredictionaccurag anda low percentagef arith-
metic and logical operations;for reloadl the oppositeis
true. This canbe concludedfrom the factorloadingspre-
sentedn Figurel; we alsoveri ed thatthis is true by in-
spectingthe original data. The strongclusterin the middle
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of the graphcontainsthe input setsgcc, genoutput, gen-
recog, jump, regclass, stmt andstmt-protoize. Notethat
althoughthe characteristicenentionedn Table1 (i.e., dy-
namicand staticinstructioncount,and datamemoryfoot-
print) aresigni cantly different,theseinput setsresultin a
quitesimilar programbehavior.

4.2.2 TPC-D

PCA extractedfour principal componentgrom the dataof
postgres running16 TPC-Dqueriesaccountingor 96.2%
of the total variance; The rst componentaccountsfor
38.7%0f thetotal varianceandis positively dominatedsee
Figure 3, by the percentagef arithmeticoperationsthe I-
cachemissrate andthe D-cachemissratefor small cache
sizes;andneggatively dominatedy thepercentagef logical
operations.The secondcomponentaccountsor 24.7% of
thetotal varianceandis postively dominatedoy thenumber
of instructionsbetweentwo taken branchesand negatively
dominatedby the branchpredictionaccurag. The third
componenticcountsor 16.3%of thetotal varianceandis
positively dominatedby the D-cachemiss ratesfor large

0.8
0.6
0.4 A
0.2

-0.2
0.4

@ principal component 1
-0.6 W principal component 2
08 1 O principal component 3
’ O principal component 4

ILP
bimodal BP
gshare BP
hybrid BP
Id/stops
arith ops
log ops
shift ops
ctrl ops
flow break
1$ 8KB

1$ 16KB

1$ 32KB

1$ 64KB

1$ 128KB
D$ 8KB
D$ 16KB
D$ 32KB
D$ 64KB
D$ 128KB
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Figure 5. Factor loadings for all program-
input pairs.

cachesizes. The fourth componentccountsor 16.4%of
the total varianceand is positively dominatedby the per
centagef shift operationsandnegatively dominatedy the
percentagenemoryoperations.

Figure4 shaws the datapointsof postgres runningthe
TPC-Dqueriesn the4-dimensionaspacebuilt up by these
four (rotated)components.To display this 4-dimensional
spaceunderstandablywe have shavn the rst principal
componentversusthe secondin one graph; and the third
versusthefourth in anothergraph. This graphdoesnot re-
veal a strongclusteringamongthe variousqueries. From
this graph,we canalso concludethat somequeriesexhibit
asigni cantly differentbehavior thantheotherqueries.For
example,queries7 and8 have signi cantly higherD-cache
miss ratesfor large cachesizes. Query 16 hasa higher
percentageof shift operationsand a lower percentageof
load/storeoperations.

4.2.3 Workload Space

Now we changethe scopeto the entire workload space.
PCA extractsfour principal componentsrom the dataof
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Figure 4. Workload space for postgres:

all 79 benchmark-inpupairs asdescribedn Table 1, ac-
countingfor 93.1%o0f the total variance.The rst compo-
nentaccountsfor 26.0% of the total varianceandis pos-
itively dominated,seeFigure5, by the I-cachemissrate.
Thesecondorincipalcomponentccountgor 24.9%of the
total varianceandis positively dominatecby theamountof
ILP andneggatively dominatedby the branchpredictionac-
curag andthe percentagef logical operations.The third
componentccountdor 21.3%of thetotal varianceandis
positively dominatedy the D-cachemissrates.Thefourth
componentccountdor 20.9%o0f the total varianceandis
positively dominatedby the percentageof load/storeand
controloperationandnegatively dominatedyy thepercent-
ageof arithmeticandshift operationsaaswell asthenumber
of instructionsbetweerntwo sequentialo w breaks.

Theresultsof theanalyseshatweredoneon thesedata,
are showvn in Figures6 and 7. Figure 6 representghe
program-inputpairsin the 4-dimensionalworkload space
built up by the four retainedprincipal components. The
dendrograntorrespondingdo the clusteranalysisis shovn
in Figure7. Program-inpupairsconnectedy small link-
agedistancesreclusteredn earlyiterationsof theanalysis
andthus,exhibit “similar' behaior. Program-inpupairson
theotherhand,connectedy largelinkagedistancexhibit
differentbehavior.

Isolated points. From the data presentedn Figures6
and7, it is clearthatbenchmarkgo, ijpeg andcompress
areisolatedin this 4-dimensionaspacelndeed,n theden-
drogramshown in Figure 7, thesethree benchmarksare
connectedo the other benchmarkghroughlong linkage
distances.E.g., go is connectedo the other benchmarks
with a linkage distanceof 12.8 which is muchlargerthan
thelinkagedistancefor morestronglyclusteredpairs,e.g.,
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r st component vs. second component (graph on the left)
and third vs. fourth component (graph on the right).

2 or 4. An explanationfor this phenomenormrtanbe found
in Figure6. Compress discriminatestself alongthe third
componentvhich is dueto its high D-cachemissrate. For
ijpeg, thedifferentbehavior is dueto, alongthefourth com-
ponent,the high percentagef arithmeticand shift opera-
tions, the high numberof instructionsbetweentwo taken
branchesandthe low percentagef load/storeand control
operationsFor go thediscriminationis madealongthesec-
ond componenbr the low branchpredictionaccurag, the
low percentagef logical operationsand the high amount
of ILP.

Strong clusters. There are also several strong clusters
which suggestshatonly a smallnumber(or in somecases,
only one)of the input setsshouldbe selectedo represent
thewholecluster Thiswill ultimatelyreducethetotal sim-
ulationtime sinceonly a few (or only one)program-input
pairsneedto besimulatednsteadof all thepairswithin that
cluster We canidentify severalstrongclusters:

The datapointscorrespondingo the gcc benchmark
are strongly clustered exceptfor the input setsemit-
rtl, insn-emit andexplow. Thesethreeinput setsex-
hibit adifferentbehaior from therestof theinputsets.
However, emit-rtl andinsn-emit have a quite similar
behaior.

The datapointscorrespondingdo thelisp interpreteri

exceptfor browse, boyer andtakr arestronglyclus-
teredaswell. This canbe clearly seenfrom Figure7

wherethis groupis clusteredwith a linkage distance
thatis smallerthan2. Thethreeinput setswith a dif-

ferentbehavior aregroupedwith the otherli input sets
with alinkagedistanceof approximately3. The vari-

etywithin li is causedy thedatacachemissratemea-
suredby thethird principalcomponentseeFigure6.
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r st component vs. second component (upper

graph) and third vs. fourth component (bottom graph).

Accordingto Figure7,thereis alsoasmallclustercon-
taining TPC-D queries,namelyqueries6, 12, 13 and
15.

All inputsetsfor ijpeg resultin similar programbeha-

ior sinceall input setsare clusteredn onegroup. An
importantconclusionfrom this analysids thatin spite
of the differencesn imagedimensionsyangingfrom
smallimageg(512x482)to largeimages(2362x1570),
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thebehaior of ijpeg remainsquitethe same.

Theinput setsfor compress arestronglyclusteredas
well exceptfor 100000 e 2231".

Referencevs. train inputs. Along with its benchmark
suite SPECint, SPECreleasegeferenceand train inputs.
The purposefor the train inputsis to provide input sets
that should be usedfor pro le-based compiler optimiza-
tions. Thereferencenputis thenusedfor reportingresults.
Within thecontext of this papertheavailability of reference
andtraininputsetsis importantfor two reasonsFirst,when
referenceandtrain inputsresultin similar programbeha-
ior we canexpectthat pro le-dri ven optimizationswill be
effective. Secondtrain inputshave a smallerdynamicin-
structioncountswhich malke themcandidategor moreef-
cient simulationruns. l.e., whena train input exhibits a
similar behaior asareferencenput, thetrain input canbe
usedinsteadof thereferencenput for exploring the design
spacewhichwill leadto amoreefcient designo w.
In this respectye take thefollowing conclusions:

Thetrainandreferencenputfor vortex exhibit similar
programbehavior.

For m88ksim on theotherhand,thisis nottrue.

For go, the train input 50 9 2stone9.in' leadsto
a behaior thatis differentfrom the behaior of the
referenceinputs 50 21 9stone2l.in' and “50 21
5stone2l.in'. Thetwo referencenputson the other
hand,have a quite similar behaior.

All threeinputsfor perl (two referencanputsandone
traininput) resultin quitedifferentbehavior.

Reducedinputs. KleinOsawski et al. [8] proposeto re-

ducethe simulationtime of benchmarksy usingreduced
input sets. The nal goal of their work is to identify a re-

ducedinput for eachbenchmarkhat resultsin similar be-
havior asthe referencenput but with a signi cant reduc-
tion in dynamicinstructioncountsandthussimulationtime.

Fromthedatain Figures6 and7, we canconcludethat,e.g.,
for ijpeg thisis aviable optionsincesmallimagesesultin

quite similar behaior aslarge images. For compress on

the other hand, we have to be careful: the reducedinput
"100000 e 2231" whichwasderivedfrom thereferencen-

put 14000000 e 2231’ resultsin quite differentbehaior.

The otherreducednputsfor compress leadto a behaior

thatis similar to thereferencenput.

Impact of input seton program behavior. As statedbe-
fore, this analysisis usefulfor identifying theimpactof in-
put setson programbehaior. For example:

Thedatapointscorrespondingo postgres runningthe
TPC-Dqueriesareweaklyclustered Thespreadhlong
the rst principal componenis very large andcovers
a large fraction of the rst component. Therefore,a
wide rangeof different|-cachebehaior can be ob-
sened when running the TPC-D queries. Note also
thatall the queriesresultin an above-averagebranch



predictionaccurag, a high percentagef logical op-
erationsandlow ILP (negative valuealongthe second
principalcomponent).

The differencein behaior betweenthe input setsfor
compress is mainly dueto the differencein the data
cachanissrates(alongthethird principalcomponent).

In general,the variation betweenprogramsis larger
thanthevariationbetweerinput setsfor the samepro-
gram. Thus,whencomposinga workload, it is more
importantto selectdifferentprogramswith awell cho-
seninputsetthanto includevariousinputsfor thesame
program. For example, the program-inputpairs for

gcc (exceptfor explow, emit-rtl andinsn-emit) and
ijpeg arestronglyclusteredn theworkloadspace.In

somecaseshowever, for examplepostgres andperl,

the input sethasa relatively high impacton program
behaior.

4.3 Preliminary validation

As statedbefore,the purposeof the analysispresented
in this paperis to identify clustersof program-inputpairs
that exhibit similar behaior. We will showv that pairsthat
arecloseto eachotherin theworkloadspacandeedexhibit
similar beharior whenchangesaremadeto themicroarchi-
tectureon which they run.

In this section,we presenta preliminary validation in
whichwe obsenethe behavior of severalinput setsfor gcc
andoneinput setof eachof the following benchmarksgo
andli. Thereasonfor doing a validationusinga selected
numberof program-inputpairsinsteadof all 79 program-
input pairsis to limit simulationtime. The simulationsthat
arepresentedh this sectionalreadytook severalweeks.As
a consequencesimulatingall program-inputpairs would
have beenimpracticallylong'. However, sincegcc presents
a very diversebehaior (strongclusteringversusisolated
points,seeFigure2), we believe thata succesfulalidation
ongcc with someadditionalprogram-inpupairscanbeex-
trapolatedo the completeworkloadspacewith con dence.

We have usedseveninput setsfor gcc, namelyexplow,
insn-recog, gcc, genoutput, stmt, insn-emit and emit-
rtl. Accordingto theanalysisdonein sectiond.2.1,emit-rtl
andinsn-emit shouldexhibit a similar behaior; the same
shouldbe true for gcc, genoutput andstmt. explow and
insn-recog on the otherhand,shouldresultin a different
programbehaior sincethey are quite far away from the
otherinput setsthat are selectedor this analysis. For go
andli, we useds50 9 2stone9.in andboyer, respectiely.

WeusedSimpleScalav3.0[2] for theAlphaarchitecture
assimulationtool for this analysis. The baselinearchitec-
turehasawindow sizeof 64 instructionsandanissuewidth
of 4.

In Figures8, 9,10and11, thenumberof instructionsre-
tired percycle (IPC) is shovn asa function of the I-cache
con guration,theD-cachecon guration,thebranchpredic-
tor andthe window size versusissuewidth con guration,

1This is exactly the problemwe aretrying to solve.
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respectiely. We will rst discusgheresultsfor gcc. After-
wards,we will detailontheotherbenchmarks.

For gcc, we clearly identify threegroupsof input sets
that have similar behaior, namely (i) explow andinsn-
recog, (ii) gcc, genoutput and stmt, and (iii) insn-emit
andemit-rtl. For example,in Figure10, the branchbehar-
ior of group(i) is signi cantly differentfrom theotherinput
sets.Or, in Figurel1, the scalingbehaior asa function of
window sizeandissuewidth is quite differentfor all three
groups. This could be expectedfor groups(ii) and (iii) as
discussecbarlier Thefactthatexplow andinsn-recog ex-
hibit similarbehaior ontheotherhand,is unexpectedsince
thesawo inputsetsarequitefarawayfrom eachotherin the
workloadspace seeFigure2. The discriminationbetween
thesetwo input setsis primarily alongthe secondcompo-
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nent. Along the rst componenbn the otherhand,explow
andinsn-recog have a similar value. This leadsus to the
conclusionthattheimpacton performanceof the program
characteristiceneasure@longthe secondprincipalcompo-
nentis smallerthanalongthe rst component.

The othertwo benchmarksgo andli, clearly exhibit a
different behaior on all four graphs. This could be ex-
pectedfrom the analysisdonein section4.2.3since PCA
andclusteranalysigointedoutthatthesebenchmark$iave
adifferentbehaiior. Most of the mutualdifferencexanbe
explainedfrom the analysisdonein this paper For exam-
ple, go hasa differentD-cachebehaior thangcc whichis
clearlyre ectedin Figure9. Also, li hasa differentl-cache
behaior thangcc and go which is re ected in Figure 8.

Other differenceshowever, are more dif cult to explain.
Again, this phenomenons dueto the fact that somemi-

croarchitecturaparameterfiave a minor impacton perfor

mancefor a given microarchitecturaton guration. How-

ever, for othermicroarchitecturaton gurationswe canstill

expectdifferentbehaior. For example,go hasa different
branchbeharior thangcc, accordingto the analysisdone
in section4.2.3;in Figure 10, go andgcc exhibit thesame
behaior.

5 Relatedwork

SaaedraandSmith[11] addressethe problemof mea-
suring benchmarksimilarity. For this purposethey pre-
sentechmetricthatis basedn dynamicprogramcharacter
istics for the Fortranlanguagefor exampletheinstruction
mix, the numberof function calls, the numberof address
computationsgtc. For measuringthe differencebetween
benchmarkshey usedthe squaredcuclideandistance.The
methodologyin this paperdiffers from the one presented
by SaaedraandSmith[11] for two reasonsFirst, the pro-
gramcharacteristiceneasuredherearemoresuitedfor per
formancepredictionof contemporanarchitecturesincewe
include branchpredictionaccurag, cachemissrates,ILP,
etc. Secondwe preferto work with uncorrelategprogram
characteristicgobtainedafter PCA) for quantifyingdiffer-
encesbetweenprogram-inputpairs, as extensvely argued
in section3.3.

Hsuetal. [5] studiedtheimpactof inputdatasetsonpro-
grambehaior usinghigh-level metrics,suchasprocedure
level pro les andIPC, aswell aslow-level metrics,suchas
the executionpathsleadingto datacachemisses.

KleinOsaowski et al.[8] proposeo reducethe simulation
time of the SPEC2000benchmarksuite by usingreduced
inputdatasets.Insteadf usingthereferencenputdatasets
providedby SPECwhichresultin unreasonabljong simu-
lationtimes,they proposeo usesmallerinput datasetsthat
accuratelyre ect the behaior of the full referenceinput
sets.For determiningwhethertwo input setsresultin more
or lessthesamebehaior, they usedthechi-squaredtatistic
basedon the function-level executionpro les for eachin-
putset.Notethataresemblancef function-level execution
pro les doesnot necessarilymply a resemblancef other
programcharacteristicsvhich are probably more directly
relatedto performancesuchasinstructionmix, cachebe-
havior, etc. Thelatterapproachwastakenin this paperfor
exactly that reason. KleinOsowski et al. alsorecognized
thatthisis apotentialproblem.Themethodologypresented
in this papercanbe usedaswell for selectingreducedn-
put datasets. A referenceinput setand a resemblingre-
ducedinput setwill be situatedcloseto eachotherin the

-dimensionakpacebuilt up by theprincipalcomponents.

Another possibleapplicationof using a datareduction
techniquesuchasprincipalcomponentanalysisjs to com-
paredifferentworkloads. In [3], Chow etal. usedPCAto
comparethe branchbehaior of Java and non-J&a work-
loads.Theinterestingaspecbf usingPCAIn this context is
thatPCA is ableto identify on which point two workloads
differ.



Huangand Shen[6] evaluatedthe impactof input data
setson the bandwidthrequirement®f computemprograms.

Changesn programbehaior dueto differentinput data
setsarealsoimportantfor pro le-guided compilation[12],
wherepro ling informationfrom a pastrun is usedby the
compilerto guide its optimisations. Fisherand Freuden-
bemer [4] studiedwhetherbranchdirectionsfrom previ-
ousrunsof a program(usingdifferentinput sets)aregood
predictorsof the branchdirectionsin future runs. Their
study concludeghat branchegenerallytake the samedi-
rectionsin different runs of a program. However, they
warn that somerunsof a programexerciseentirely differ-
entpartsof the program.Hence theserunscannotbe used
to make predictionsabouteachother By usingthe aver
agebranchdirection over a numberof runs, this problem
canbe avoided. Wall [15] studiedseveraltypesof pro les
suchasbasicblock countsandthe numberof referenceso
globalvariables He measuredhe usefulnessf apro le as
the speedumbtainedwhenthatpro le is usedin a pro le-
guidedcompiler optimisation. Seemingly the bestresults
areobtainedwhenthe sameinput is usedfor pro ling and
measuringhe speedupThisimpliesthateveryinputis dif-
ferentin somesensendleadsto differentcompileroptimi-
sations.

6 Conclusion

In microprocessodesignit is importantto have arepre-
sentatve workloadto make correctdesigndecisions.This
paperproposeshe use of principal componentsanalysis
and cluster analysisto ef ciently explore the workload
space.In this workload space benchmark-inpupairs can
bedisplayedandadistancecanbecomputedhatgivesusan
ideaof thebehaioral differencebetweerthesebenchmark-
input pairs. This representatiosanbe usedto measurghe
impactof input datasetson programbehaior. In addition,
our methodologywassuccesfullyalidatedby shaving that
program-inpupairsthatarecloseto eachotherin the prin-
cipal componentspacejndeedexhibit similar behavior as
afunctionof microarchitecturathangesinterestingappli-
cationsfor this techniquearethe compositionof workloads
andpro le-basedcompileroptimizations.
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