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Abstract

Having a representativevorkload of the target domain
of a microprocessoris extremelyimportantthroughoutits
design.Thecompositiorof a workloadinvolvestwo issues:
(i) which benthmarksto selectand (ii) which input data
setsto selectper bendimark. Unfortunately we are unable
to selecta huge numberof bendcimarksandrespectivenput
setsdueto limitations on the available simulationtime In
this paper we useprincipal componentsinalysis(PCA) to
efficientlyexplore theworkloadspace Wthin thisworkload
space differentinput data setsfor a givenbendmarkcan
be displayedand representativeénput data setscan be se-
lectedfor the givenbendmark. Thefinal goal is to select
a limited setof representativdbendmark-inputtuplesthat
spanthe completewvorkloadspace

1 Intr oduction

Thefirst stepwhendesigninga new microprocessais to
composeaworkloadthatshouldberepresentatiefor theset
of applicationghatwill be runonthe microprocessoonce
it will be usedin a commercialproduct[2, 12]. A work-
loadthentypically consistof anumberof benchmarksvith
respectie input datasetstaken from variousbenchmarks
suites,suchas SPEC,TPC, MediaBench etc. This work-
loadwill thenbe usedduringthevarioussimulationrunsto
performdesignspaceexplorations. It is obviousthatcom-
posinga representatie workloadis extremelyimportantin
orderto obtaina designthat is optimal for the target en-
vironmentof operation. The questionwhen composinga
representatie workload is thustwofold: (i) which bench-
marksand (ii) which input datasetsto select. In addition,
we have to take into accountthat even high-level architec-
tural simulationsare extremely time-consuming.As such,
thetotal simulationtime shouldbe limited asmuchaspos-
sibleto limit thetime-to-marlet. Thisimpliesthatthetotal
numberof benchmarksindinputdatasetsshouldbelimited
without compromisingthe final design. Ideally, we would
like to have a limited setof benchmark-inputuplesspan-

ning the completeworkloaddesignspacewhich containsa
variety of the mostimportanttypesof programbehaiour.

Conceptually the completeworkload designspacecan
be viewed as a p-dimensionalspacewith p the num-
ber of importantprogramcharacteristicshat affect perfor-
mance,e.g., branchpredictionaccurayg, cachemissrates,
instruction-level parallelism,etc. Obviously, p will betoo
large to display the workload design spaceunderstand-
ably. In addition, correlation exists betweenthesevari-
ableswhich reducegheability to understanavhatprogram
characteristicarefundamentato make the diversityin the
workloadspaceln this paperwe reducethe p-dimensional
workloadspaceo ag-dimensionakpacewith ¢ < p (g = 2
or ¢ = 3 typically) makingthevisualisatiorof theworkload
spacepossiblewithout losing importantinformation. This
is achieved by usingprincipalcomponent&nalysis(PCA).
Wewill shav thatPCA canbeusedefficiently to explorethe
workloaddesignspacen generabndto measurgheimpact
of inputdatasetson programbehaiour in particular

Each benchmark-inputtuple is a point in this ¢-
dimensionakpacdobtainedafterPCA). We canexpectthat
different benchmarkswill be ‘far away’ from eachother
while differentinput datasetsfor a single benchmarkwill
beclusteredogether Thisrepresentatiogivesusanexcel-
lent opportunityto measureheimpactof input datasetson
programbehaiour. Weakclustering(for variousinputsand
a singlebenchmarkjndicatesthatthe input sethasa large
impacton programbehaiour; strongclusteringontheother
hand,indicatesa smallimpact.

In addition, this representatiomgives us an idea which
input setsshouldbe selectedvhencomposinga workload.
Strongclusteringsuggestshata singleor only a few input
setscould be selectedto be representatie for the cluster
This will reducethe total simulationtime significantly for
two reasons:(i) the total numberof benchmark-inputu-
plesis reducedand(ii) thebenchmark-inputuple selected
to represena clustercanhave a small dynamicinstruction
countcomparedo the otherbenchmark-inputuplesin the
cluster Thereductionof thetotal simulationtime is anim-
portantissuefor theevaluationusingcommercialvorkloads
sincecommerciaworkloadstendto have largedynamicin-



structioncountsin orderto berepresentatie.

This paperis organizedasfollows. In section2, the pro-
gram characteristicaisedare enumerated Principal com-
ponentsanalysisandits usein this context arediscussedn
section3. In section4, it is shavn that PCA is usefulin
the context of workload characterization.In addition, we
discusshow input datasetsaffect programbehaviour. Sec-
tion 5 discusseselatedwork. We concludein section6.

2 Workload Characterization

It is importantto selectprogramcharacteristicshat af-
fect performancefor performing PCA in the context of
workload characterization Selectingprogramcharacteris-
ticsthatdo not affect performancesuchasthe dynamicin-
structioncount,might discriminatebenchmark-inputuples
on a characteristichat doesnot affect performanceyield-
ing no informationaboutthe behaiour of the benchmark-
input tuple when executedon a microprocessor We have
identifiedthefollowing programcharacteristics:

e Instruction mix. We consideffive instructionclasses:
integer arithmeticoperationsjogical operationsshift
and byte manipulationoperations,load/storeopera-
tionsandcontroloperations.

e 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
staturatingcounterswhich 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-talken branch history of 12 past branches.
The hybrid branch predictor [18] combinesthe bi-
modal and the gsharepredictor by choosingamong
themdynamically Thisis doneusinga metapredictor
thatis indexed by the branchaddressandcontains8K
2-bit saturatingcounters.

e Data cachemissrates. Datacachemissrateswere
measuredor five different cacheconfigurations:an
8KB anda 16KB direct-mappedctache,a 32KB and
a 64KB two-way set-associate cacheanda 128KB
four-way set-associate cache. The line sizewasset
to 32 bytes.

e Instruction cachemissrates. Instructioncachemiss
ratesweremeasuredor the samecacheconfigurations
mentionedor thedatacache.

e Sequentialflow breaks. We have alsomeasuredhe
numberof instructionsbetweentwo sequentialflow

breaksor, in otherwords, the numberof instructions
betweertwo takenbranches.

e Instruction-le vel parallelism. To measuréheamount
of ILP in a program,we consideran infinite-resource
machinej.e., infinite numberof functionalunits, per
fectcachesperfectbranchprediction,etc. In addition,
we scheduleinstructionsas soonas possibleassum-
ing unit executioninstructionlateng. The only de-
pendenciesonsideredetweeninstructionsare read-
afterwrite (RAW) dependenciethroughregistersas
well asthroughmemory In otherwords, perfectreg-
isterandmemoryrenamingareassumedh thesemea-
surements.

For this study therearep = 20 programcharacteristics
onwhich PCA s performed.

3 Principal ComponentsAnalysis

PrincipalcomponentsanalysisqPCA) [17] is a statisti-
cal dataanalysisechniquehatpresenta differentview on
the measurediata. It builds on the assumptiorthat mary
variables(in our case,programcharacteristicspre corre-
lated and hence,they measurethe sameor similar prop-
erties of the program-inputtuples. PCA computesnew
variables, called principal componentswhich are linear
combinationsof the original variables,suchthat all prin-
cipal componentsare uncorrelated. PCA tranformsthe
p variables Xy, X,..., X, into p principal components
71, Za, - .-, Zp With Z; = 3°%_, a;;X;. This transforma-
tion hasthe properties(i) Var[Zi] > Var[Zs] > ... >
Var[Z,] which meansthat Z; containsthe mostinforma-
tion and Z, the least; and (i) Cov[Z;,Z;] = 0,Yi # j
which meansthatthereis no informationoverlapbetween
theprincipalcomponentsNotethatthetotal variancen the
dataremainsthe samebeforeandafter the transformation,
namely}-? | Var[Z;].

Becausdhetotalamountof variances keptunchanged,
someof the principal componentswill have only a small
variance.Hencethey have moreor lessthe samevaluefor
all program-inputtuples. By remaving thesecomponents
from the measurementlata, we can reducethe number
of workload characteristicsyhile controlling the amount
of information that we throw away. We retain ¢ princi-
pal componentswvhich is a significantinformation reduc-
tion sinceq < p in most cases,typically ¢ = 2 or
g = 3. To measurethe fraction of information retained
in this g-dimensionakpacewe usethe amountof variance
L, Var[Z))/ (3%, Var[Z;]) accountedor by these
q principalcomponents.

During principal componentsanalysis,one can either
work with normalizedor non-normalizeddata(the datais
normalizedwhen the mean of eachvariableis zero and



its varianceis one). In the caseof non-normalizeddata,
a higherweight is given in the analysisto variableswith
a highervariance. In our experimentswe have usednor-
malizeddatabecausef our heterogeneoudata; e.g., the
varianceof the ILP is ordersof magnitudelargerthanthe
varianceof the datacachemissrates.

In this study the p original variablesare the program
characteristicsnentionedin section2. By examiningthe
mostimportantg principal componentswhich are linear
combinationsn theoriginal programcharacteristicanean-
ingful interpretationscan be givento theseprincipal com-
ponentsn termsof the original programcharacteristicsTo
facilitatetheinterpretatiorof the principalcomponentsye
applythevarimaxrotation[17] in theg-dimensionakpace.
This rotationmakesthe coeficientsa;; eithercloseto =1
or zero,suchthatthe original variableseitherhave a strong
impacton a principal componentr they have no impact.
Notethattherotatedprincipalcomponentsrestill uncorre-
lated.

The next stepin the analysisis to display the various
benchmarkaspointsin theg-dimensionakpaceuilt upby
thegq principalcomponentsAs such,aview canbegivenon
theworkloaddesignspaceandtheimpactof input datasets
onprogrambehaiour canbedisplayedaswill bediscussed
in the next section.

We usedSTATISTICA'99 edition[1], a packagdor sta-
tistical computationsto perform PCA. This works asfol-
lows. A 2-dimensionamatrix is presente@sinputto STA-
TISTICA in which the columnsrepresenthe original vari-
ables,in our casethe p = 20 programcharacteristicérom
section2. The rows of this matrix representhe various
program-inputuples,which will beenumerateih the next
section.Onthismatrix, PCAis performecby STATISTICA
whichyieldsusthe principalcomponentsOncetheseprin-
cipal componentsreobtainedit is up to the userto deter
mine which principal componentshouldberetained.This
decisionis madebasedntheamounif varianceaccounted
for by the retainedprincipal components. STATISTICA
alsocomputeghe coeficientsof the variousprogram-input
tuplesasa function of the retainedprincipal components.
Thesedatacanbe usedto representhe program-inputu-
plesin a ¢g-dimensionalspacebuilt up by theseq retained
principal components.The resultsof this analysiswill be
presentedn the evaluationsectionof this paper

4 Evaluation
4.1 Experimental Setup

In this study we have usedthe SPECint95bench-
marks. The reasonwhy we chooseSPECint95instead
of SPECIint2000s to limit the simulationtime since we
wantedto work with referencanputsasmuchaspossible.

In additionto SPECint95we usedpostgres v6.3 running
the decisionsupportTPC-D queriesover a 100MB Btree-
indexeddatabaseFor postgres, we ranall TPC-D queries
exceptfor query 1 becauseof memoryconstraintson our
simulationmachine. Details on the benchmarksand their
inputsetsaregivenin Tablel.

The benchmarksverecompiledwith optimizationlevel
-O4 andlinkedstaticallywith the-non_shared flag for the
AlphaarchitectureThecharacteristiceneasuredh this pa-
per are all dynamiccharacteristics.This wasdoneby in-
strumentingtheseprogramswith ATOM [23], a binaryin-
strumentatioriool for the Alpha architecture.

4.2 Results

In this sectionwe will first performPCA onthedatafor
the variousinput setsof gcc. Subsequentlythe samewiill
bedonefor li andpostgres, respectiely. Finally, PCAwill
be appliedon thedatafor all the benchmark-inputuplesof
Tablel.
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Figure 1. Gcc.
Gce. PCA extractedtwo principal componentsrom the

dataof gcc. Thesetwo principal componentdogetherac-
countfor 88.3%of the total variance. After varimaxrota-
tion, the first components positively dominated,seeTa-
ble 2, by the branchpredictionaccurag, the percentagef
arithmeticandlogical operationsandnegatively dominated
by the I-cachemissrates. The secondcomponenis 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 instructionsbetweertwo takenbranches.
Figure 1 presentshe variousinput setsof gcc in the 2-
dimensionakpacebuilt up by thesetwo componentsData



[ benchmark] input [ dyn(M) | stat | mem(K) |
gce 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
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
Qlila 6.6 34,126 186
Q1l2a 6.3 34,294 185
Q13a 5.9 32,725 184
Ql4a 5.9 35,404 184
Q15F 55 35,138 183
Q1l6F 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
dderv 777 9,200 16
derv 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 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
502109stone2l.in| 35,758 | 62,435 57
50215stone2l.in| 35,329 | 62,841 57
compress | 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.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 benchmarks used with their inputs, dynamic instruction count (in
million), static instruction count (number of instructions executed at least once) and data memory

footprint in 64-bit words (in thousands).

pointsin this graphwith a high valuealongthefirst compo-
nent,have high branchpredictionaccuracieandhigh per

centage®f arithmeticandlogical operationscomparedo

theotherdatapoints;in addition,thesedatapointsalsohave
low I-cachemissrates.Notethatthesedataarenormalized.
Thus, only relative distancesare important. For example,
emit-rtl and insn-emit are relatively closerto eachother
thanemit-rtl andcp-decl.

Figurel showvs thatgcc executinginput setexplow ex-
hibits a differentbehaiour thanthe otherinput sets. This
is dueto its high D-cachemissrates,its high percentagef
shiftandcontroloperationsandits 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

predictionaccuray andalow percentagef arithmeticand
logical operations;for reloadl the oppositeis true. The
strongclusterin the middle of the graphcontainsthe input
setsgcc, genoutput, genrecog, jump, regclass, stmt and
stmt-protoize. Notethatalthoughthe characteristicenen-
tionedin Tablel (i.e., dynamicandstaticinstructioncount,
anddatamemoryfootprint) aresignificantlydifferent,these
input setsresultin quite similar programbehaiour.

Li. PCA extractedtwo principal componentsfrom the
dataof thelisp interpreter Thesetwo principalcomponents
togetheraccounffor 75.6%o0f thetotal variance After vari-
max rotation, the first componenis positively dominated,
seeTable 2, by the percentagef memoryoperationsthe
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numberof instructionshetweerntwo takenbranchesandthe

missratefor the 8KB I-cache;andnegatively dominatechy

the percentag®f logical andshift operationsandthe miss

ratesfor D-cachedarger than 32KB. The secondcompo-
nentis positively dominatedby the amountof ILP andthe

miss rate for the D-cachessmallerthan 16KB; and nega-

tively dominatedby the percentagef arithmeticoperations
andthe missratefor I-cachedargerthan32KB.

Figure 2 presentghe variousinput setsof li in the 2-

dimensionabkpaceouilt up by its two principalcomponents.

Five input setsresultin a behaiour thatis differentfrom
the otherinput setslocatedat the right of the graph. Three
of these,namelytakr, browse andboyer, have a higher
missratefor largerD-cachesa higherpercentagef logical
andshift operationsa lower percentag®ef load/storeoper
ations,a lower numberof instructionsbetweentwo taken
branchesndalower missratefor the8KB I-cache.Two of
theseinput sets,namelypuzzleO andtriang, have a higher
I-cachemissrate, a smallermissrate for small D-caches,
a higher percentagef arithmetic operationsand a lower

amountof ILP.

TPC-D. PCA extractedthreeprincipal componentsrom
the dataof postgres runningthe TPC-D queries,account-
ing for 90.2%o0f thetotal variance.After varimaxrotation,
thefirst components positively dominatedseeTable2, by
the amountof ILP, the percentagef arithmeticoperations
andthe D-cachemissrate;andnegatively dominatecoy the
branchpredictionaccurag of the gsharebranchpredictor
andthe percentagef logical operations.The secondcom-
ponentis postively dominatedby the I-cachemissrateand
negatively dominatedby the percentageof shift and byte
manipulationoperationsThe third components positively
dominatedby the numberof instructionsbetweertwo taken
branchesndnegatively dominatedy thebranchprediction
accurag andthe percentagef controloperations.

Figure 3 shavs the datapointsof postgres runningthe
TPC-Dqueriedn the3-dimensionaspacebuilt by thethree
(rotated)}componentsln this graph thereis a strongcluster
thatcontaingqueriesl1,12,13,14and15. Fromthisgraph,
we canalsoconcludethatqueriess, 16 and17 exhibit asig-
nificantly differentbehaiour thanthe otherqueries.Query
17 hassignificantlyhigherl-cachemissratesanda signif-
icantly lower percentagef shift operations.Queriess and
16 differ from eachotherdueto a high andlow numberof
instructionsbetweenwo taken branchesrespectiely; and
alow versushigh branchpredictionaccuray andpercent-
ageof controloperationsrespectiely.

Workload Space. Performing PCA on all benchmark-
input tuplesas describedn Table 1, yields four principal
componentsiccountingor 89.2%of thetotal variance Af-
tervarimaxrotation,thefirst components positively domi-
nated,seeTable 2, by the branchpredictionaccurag and
the percentageof logical operations. The secondprinci-
pal components positively dominatedby the I-cachemiss
rates. The third componenis positively dominatedby the
D-cachemissrates. The fourth componentis positively
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Figure 4. Workload space: first component vs. second component on the left and third vs. fourth

component on the right.

dominatedby the percentagef arithmeticoperationsand
thenumberof instructionshetweertwo takenbranchesand
negatively dominatedby the percentageof control opera-
tions.

Figure4 shavsthesebenchmark-inputuplesin thefour-
dimensionaworkload spacebuilt up by its principal com-
ponents. The benchmarkgyo, ijpeg and compress are
someavhatisolatedpointsin this 4-dimensionakpace.This
is dueto the high D-cachemissratesfor compress, the
high percentagef arithmeticoperationsthe low percent-
ageof control operationsandthe high numberof instruc-
tions betweentwo taken branchesfor ijpeg and the low
branchpredictionaccuray andthe low percentagef logi-
cal operationdor go.

It is alsointerestingto note that the datapoints corre-
spondingto the gcc benchmarlare strongly clustered ex-
ceptfor theinput setsemit-rtl, insn-emit andexplow. This
suggestghat for the clustergcc only a small numberof
input setsshouldbe selectedor the workloadto represent
thegcc benchmarkultimatelyreducingthetotal simulation
time of gcc comparedo thesimulationof all theinput sets.

The datapointscorrespondingo 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 datapoints correspondindo postgres runningthe
TPC-Dquerieson the otherhand,areweakly clusteredex-
cept for queries11 through 15 (not clearly seenon the
graph). This suggestshat for the TPC-D benchmarkser-
eral queriesneedto be consideredin orderto be repre-
sentatve. Note thatall queriesresultin an above-arerage
branchpredictionaccuray (high valuealongthefirst prin-
cipal component). The spreadalongthe secondprincipal
components very largeandcoversabout80% of therange

of the secondcomponent.Therefore,a wide rangeof dif-
ferentl-cachebehaiour canbe obsernedwhenrunningthe
TPC-D queries. Wheninspectingthe third principal com-
ponent,we seethatthe TPC-D queriesfall apartinto two
groups:thosewith relatively high datacachemissratesand
thosewith relatively low D-cachemissrates.

The differencein behaiour betweenthe program-input
tuplesfor go andcompress is mainly dueto thedifference
in the datacachemissrates. For ijpeg, all threeinput sets
seemto resultin moreor lessthe samebehaiour.

In general,we canconcludethat the variation between
programss largerthanthe variationbetweennput setsfor
the sameprogram. Thus, whencomposinga workload, it
is moreimportantto selectdifferentprogramswith a well
chosennput setthanto includevariousinputsfor the same
program. For example,the program-inputtuplesfor gcc
(exceptfor explow) andijpeg arestronglyclusteredn the
workload space. In somecaseshowever, for examplefor
postgres runningdifferentTPC-Dqueriestheinputsethas
arelatively highimpacton programbehaiour.

5 Relatedwork

KleinOsaowskietal.[14] proposeéo reducethesimulation
time of the SPEC2000benchmarksuite by usingreduced
inputdatasets.Insteadf usingthereferencenputdatasets
providedby SPECwhichresultin unreasonabljong simu-
lationtimes,they proposeo usesmallerinput datasetsthat
accuratelyreflectthe behaiour of the full referencenput
sets.For determiningwhetherntwo input setsresultin more
or lessthe samebehaiour, they usedthe chi-squaredstatis-
tic basedon the function-level executionprofilesfor each
input set. Note thata resemblancef function-level execu-
tion profiles doesnot necessarilyimply a resemblancef
otherprogramcharacteristicsvhich are probablymore di-



gcc TPC-D all

PC1| PC2|| PC1| PC2]| PC1| PC2| PC3| PCl| 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
Id/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
first principal component for li is definied as follows: PC1 = 0.11-ILP+0.38-bimodal +0.44-gshare+. ..

Factor loadings greater than 0.70 are shown in bold.

rectlyrelatedto performancesuchasinstructionmix, cache
behaiour, etc. The latterapproactwastakenin this paper
for exactlythatreasonKleinOsawski etal. alsorecognized
thatthisis a potentialproblem.Themethodologypresented
in this papercanbe usedaswell for selectingreducedn-
put datasets. A referenceinput setand a resemblingre-
ducedinput setwill be situatedcloseto eachotherin the
g-dimensionakpacebuilt up by the principalcomponents.

Anotherimportantresearchopic 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-
plete execution. In orderto make viable designdecisions
basedon thesesampledtraces,a sampledtraceshouldbe
representatie for the completeprogramexecution. lyen-
garetal. [11] proposean R-metricfor measuringhe rep-
resentatienesof a sampledrace.LafageandSezned15]
proposeto chooserepresentatie samplesusing a datare-
ductiontechnique namelyclusteranalysis.The methodol-
ogy presentecherecould alsobe usedto validatesampled
traces.Indeed,a sampledracethatis situatedcloseto its
referencetracein the workload spacecould be considered

asbeingrepresentatie.

Only recently anew fastsimulationtechniquevasintro-
duced namelystatisticalsimulation[3, 7, 8, 19, 21, 20]. In
statisticalsimulation,a statisticalprofile is extractedfrom
a programexecutionwhich is subsequentlyed into a syn-
thetic tracegeneratar The synthetictracebeinggenerated
can then be executedon a trace-drizen simulator which
yields performanceestimates.Due to the statisticalnature
of the techniquethe total numberof instructionsin a syn-
thetictracecanbelimited sincethe performancecharacter
istics while simulatinga synthetictracequickly converge.
Typically, no morethanonemillion instructionsneedto be
simulatedto obtaina stableperformanceestimate. Statis-
tical simulationis relatedto the researchtopic presented
in this paper sincethe succesf both techniqueselies
on choosingelevantprogramcharacteristicto beincorpo-
ratedin theanalysis.For statisticalimulation,relevantpro-
gramcharacteristicare neededo obtaina high accurag;
for the techniquepresentedn this paper relevantprogram
characteristicare neededo constructa reliable workload
space.

Another possibleapplicationof using a datareduction
techniquesuchasprincipalcomponentsinalysisjs to com-



paredifferentworkloads.In [4], Chow etal. usedPCAto
comparethe branchbehaiour of Java and non-Jaa work-
loads.Theinterestingaspecbf usingPCAin this context is
thatPCA is ableto identify on which point two workloads
differ.

HuangandShen[10] evaluatedtheimpactof input data
setson the bandwidthrequirement®f computerprograms.

Changesn programbehaiour dueto differentinputdata
setsarealsoimportantfor profile-guidedcompilation[22],
whereprofiling informationfrom a pastrun is usedby the
compilerto guide its optimisations. Fisherand Freuden-
bemer [9] 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 [24] studiedsereraltypesof profiles
suchasbasicblock countsandthe numberof referenceso
globalvariables.He measuredhe usefulnessf a profile as
the speedumbtainedwhenthat profile is usedin a profile-
guidedcompiler optimisation. Seemingly the bestresults
areobtainedwhenthe sameinput is usedfor profiling and
measuringhe speedupThisimpliesthateveryinputis dif-
ferentin somesenseandleadsto differentcompileroptimi-
sations.

6 Conclusion

In microprocessodesign,t isimportantto have arepre-
sentatve workloadto make correctdesigndecisions. This
paperproposeghe useof principalcomponentanalysisto
efficiently explore the workload space. In this workload
space penchmark-inputuplescanbe displayed.This rep-
resentatiorcanbe usedto measureheimpactof inputdata
setson programbehaiour. An interestingapplicationfor
this techniqueis the selectionof representatie input data
sets. Indeed,simulatinga single or only a few representa-
tive input setsper benchmarkinsteadof simulatinga large
numberof input setsultimatelyreduceghetotal simulation
time.
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