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Abstract

It is well known that a programexecutionexhibits time-varying behaior, i.e., a
progranmtypically goesthroughanumberof phasesluringits executionwith eachphase
exhibiting relatively homogeneoubehaiior within a phaseanddistinctbehavior across
phaseslin fact, several recentresearctstudieshave beenexploiting this time-varying
behaior for variouspurposes.

This paperproposegphasecompleity surfacesto characterizea computerpro-
gram's phasebehaior acrossvarioustime scalesin an intuitive manner The phase
compleity surfacesncorporatametricsthatcharacterizehasebehavior in termsof the
numberof phasesits predictability the degreeof variability within andacrossphases,
andthephasebehaior's dependencen thetime scalegranularity

1 Intr oduction

Understandingrrogrambehaior is at the foundationof computersystemdesignand
optimization.Deepinsight into inherentprogrampropertiesdrive software and hard-
wareresearchand development A programpropertythat hasgainedincreasednter-
estover the pastfew years,is time-varying programbehaior. Time-varying program
behaior refersto the obsenation that a computerprogramtypically goesthrougha
numberof phasesat run-timewith relatively stablebehaior within a phaseanddis-
tinct behavior acrosgphasesVariousresearctstudieshave beendonetowardsexploit-
ing programphasebehaior, for examplefor simulationacceleratiorf9,2€], hardware
adaptationfor enegy consumptiornreduction[1,6,7,27], programpro ling and opti-
mization[11,21], etc.

This paperconcernsharacterizing: programs phasebehaior. To identify phases,
we divide a programexecutioninto non-overlappingntervals.An intervalis a contigu-
oussequencef instructionsfrom aprogramsdynamicinstructionstreamA phases a
setof intervalswithin aprogramsexecutionthatexhibit similarbehavior irrespectve of
temporaladjaceny, i.e., aprogramexecutionmay go throughthe samephasemultiple
times.

Basically therearefour propertieghatcharacterize programs phasebehaior.

— The rst propertyis thetimescaleatwhichtime-varyingprogrambehaior is being
obsened.Someprogramsaxhibit phasebehavior at a smalltime granularitywhile
other programsonly exhibit phasebehaior at a coarsegranularity;andyet other
programanayexhibit phasébehaior atvarioustime scalesandthephasebehavior



may be hierarchicalj.e., a phaseat onetime scalemay consistof multiple phases
ata ner time scale.

— The secondpropertyis the numberof phasesa programgoesthroughat run-time.
Someprogramsrepeatedlystay in the samephase for examplewhen executing
the samepieceof codeoverandover again;otherprogramsmnay go throughmary
distinctphases.

— The third property concernsthe variability within phasesversusthe variability
acrosgphasesThepremiseof phasebehaior is thatthereis lessvariability within
a phasethanacrossphasesi.e., the variability in behavior for intervals belonging
to agivenphasas fairly smallcomparedo internvalsbelongingto differentphases.

— The fourth and nal propertyrelatesto the predictability of the programphase
behaior. For someprogramsits time-varyingbehaior is very regularandby con-
sequenceery predictable For otherprogramson the otherhand time-varyingbe-
havior is rathercomple, irregularandhardto predict.

Obviously, all four propertiesare relatedto eachother More in particular the time
scaledetermineshe numberof phasedo befoundwith agivendegreeof homogeneity
within eachphasethephasegound,in their turn, affect the predictabilityof the phase
behaior. By consequencgettingagoodunderstandingf a programs phasebehavior
requiresall four propertieshecharacterizedimultaneously

This paperpresentphasecompleity surfacesas a way to characterizgprogram
phasebehaior. Theimportantbene t over prior work in characterizingorrogramphase
behaior is thatphasecompleity surfacescaptureall of thefour propertiesmentioned
abovein auni ed andintuitive way while enablingthereasoningn termsof thesefour
propertiegndividually.

As a subsequenstep,we usethesephasecompleity surfacesto characterizeand
classifyprogramsn termsof their phasebehaior. Within SPECCPU2000we identify
a numberof prominentgroupsof programswith similar phasebehaior. Researchers
canusethis classi cationto selectbenchmarkgor their studiesin exploiting program
phasebehaior.

2 RelatedWork

Thereexists a large body of relatedwork on programphasebehavior. In this section,
we only discusgheissuescoveredin prior work thatrelatemostcloselyto this paper

Granularity . Thegranularityat which time-varyingbehavior is studiedandexploited
varieswidely. Someresearchertok for programphasebehaior atthe 100K instruc-
tion interval size[1,6,7]; otherslook for programphasebehaior atthe 1M or 10M in-
structioninterval granilarity [23]; andyet othersidentify phasebehaior atyetalarger
granularityof 100M or even1B instructiong22,26€]. Thegranularitychoserobviously
depend®n the purposeof the phase-lgel optimization.The advantageof a smalltime
scaleis that the optimizationcan potentially achieve betterperformancebecausehe
optimizationcanbe appliedmoreaggressiely. A largertime scaleon the otherhand
hasthe advantagethatthe overheacbf exploiting the phasebehaior canbe amortized
moreeasily



Someresearcherstudyphaseébehaior atdifferenttime scalesimultaneouslyWavelets

for example provide a naturalway of characterizingphasebehaior at varioustime
scaled4,1324], andLauetal. [17] identify a hierarchyof phasebehaior.

Fixed-length versus variable-length phases. Variousresearchergim at detecting
phasebehaior by lookinginto x ed-lengthinstructionintervals[1,6,7]. The potential
problemwith the x ed-lengthinterval approachthoughis thatin somecasest maybe
hardto identify phasebehaior becausef the effect of dissonancdetweerthe x ed-
lengthinterval andthe naturalperiod of the phasebehaior. In casethe lengthof the
x ed-lengthinterval is slightly smalleror biggerthanthe periodof the phasebehaior,
the obsenation madewill be out of syncwith the naturalphasebehaior. To address
this issue,someresearcheradwcateidentifying phasesusing variable-lengthinter-
vals.Lau etal. [17] usepatternmatchingto nd variable-lengthintervals,andin their
follow-onwork [16] they identify programphasesy looking into a programs control
o w structureconsistingof loops,andmethodscallsandreturns.Huangetal. [12] de-
tect (variable-lengthphasesat methodentry andexit pointsby trackingmethodcalls
via acall stack.

Micr oarchitecture-dependentzersusmicroarchitecture-independencharacteriza-
tion. ldentifying phasesanbedonein anumberof ways.Someidentify programphase
behavior by inspectingmicroarchitecture-dependeptogrambehaior, i.e., they infer
phasebehavior from inspectingtime-varying microarchitectur@erformancenumbers.
For example,Balasubramoniamt al. [1] collect CPI and cachemiss rates.Duester
wald et al. [8] collect IPC numbersgcachemissratesandbranchmispredictionrates.
Isci and Martonosi[14] infer phasebehaior from power vectors.A concernwith
microarchitecture-dependmasedhaseletections thatoncephasebehaior is being
exploited, it may affect the microarchitecture-dependemetricsbeingmeasuredthis
potentiallyleadsto the problemwhereit is unclearwhetherthe obsenedtime-varying
behaior is a resultof naturalprogrambehaior or is a consequencef exploiting the
obsenedphasebehaior.

An alternatize approachs to measuremicroarchitecture-independemetricsto in-
fer phasebehaior from. Dhodapkarand Smith [7,6] for examplekeeptrack of a pro-
gram's working set; whenthe working setchangesthey infer thatthe programtransi-
tionsto anothemphase Sherwod et al. [26] useBasicBlock Vectors(BBVSs) to keep
track of the basicblocks executed— BBVs are showvn to correlatewell with perfor
mancein [18]. Othermicroarchitecture-indepesedt metricsarefor examplememory
addressefl 3] anddatareusedistance$24], aprogramscontrol o w structuresuchas
loopsandmethodq11,12 16|, a collectionof programcharacteristicsuchasinstruc-
tion mix, ILP, memoryaccespatternsetc.[9,19.

Phaseclassi cation. Differentresearcherbhave comeup with differentapproacheto
partitioning instructionintenvals into phasesSomeusethresholdclustering[6,7,27);
othersusemachindearningtechniquesuchask-meanslustering[26], patternmatch-
ing [17,24]; yetothersusefrequeng analysishroughwavelets[4,5,1324].



Phaseprediction. An importantaspectto exploiting phasebehaior is to be ableto
predictandanticipatefuture phasebehaior. Sherwoodet al. [27] proposedastphase,
RLE andMarkov phasepredictorsin theirfollow-onwork [20], they addedcon dence
countersto the phasepredictors.Vandeputteet al. [28] proposedconditionalupdate
which only updateghe phasepredictorat thelowestcon dencelevel.

Relationto this paper. In thispaperwe characteriz@rogramphasebehaior atdiffer-
enttime scalegranularitiesTo this end,we consider x ed-lengthintervals,useBBVs
to identify phasebehavior, usethresholdclusteringfor phaseclassi cation,andusea
theoreticalpredictorto studyphasepredictability We will go in moredetail aboutour
phasecharacterizatiompproachin the next section.

The importantdifferencebetweenthis papercomparedto prior work is that the
explicit goal of this paperis to characterizethe complexity of a programs phasebe-
havior in anintuitively understandableay. Most of this prior work on the otherhand
concernedxploiting programphasebehavior. The work mostly closelyrelatedto this
papermprobablyis thework doneby ChoandLi [4,5]. They usewaveletsto characterize
the compleity of a programs phasebehaior by looking at differenttime scalesThis
complity measureénterminglesthe four phasebehavior propertiesmentionedn the
introduction;phasecompleity surfacesontheotherhandprovideamoreintuitive view
onaprograms phasebehaior by factoringoutall four properties.

3 PhaseComplexity Surfaces

As mentionedin the introduction,thereare four propertiesthat characterizehe pro-
gram's overall phasebehaior: (i) the time scale,(ii) the numberof phases(iii) the
within andacrossphasevariability, and(iv) phasesequencandtransitionpredictabil-
ity. The phasébehaior characterizatiosurfacegproposedn this papercaptureall four
propertiesin a uni ed way. Thereare threeforms of surfaces:the phasecountsur
face,the phasepredictability surface and the phasecompleity surface.This section
discusseall threesurfaceswhich give anoverallview of thecomplexity of aprograms
time-varying behavior. Before doing so, we rst needto de ne a BasicBlock Vector
(BBV) anddiscusshow to classifyinstructioninternvalsinto phasesisingBBVs.

3.1 BasicBlock Vector (BBV)

In this paper we usethe BasicBlock Vector(BBV) proposedy Sherwood et al. [25]
to capturea programs time-varying behaior. A basicblock is a linear sequencef
instructionswith oneentry andoneexit point. A BasicBlock Vector(BBV) is a one-
dimensionakarraywith oneelementper staticbasicblock in the programbinary. Each
BBV elementcaptureshow mary timesits correspondindasicblock hasbeenexe-
cuted.This is doneon anintenval basis,i.e., we computeoneBBV perinterval. Each
BBV elementis alsomultiplied with the numberof instructionsin the corresponding
basicblock. This givesa higherweightto basicblocks containingmoreinstructions.
A BBV thusprovidesa picture of what portionsof codeare executedand also how
frequentlythoseportionsof codeareexecuted.



We usea BBV to identify a programstime-varyingbehaior becausdt is amicro-
architecture-independemetric and by consequencegives an accuratepicture of a
programs time-varying behaior acrossmicroarchitecturesPrevious work by Lau et
al. [18] hasshawn that thereexists a strongcorrelationbetweenthe codebeing exe-
cuted— thisis whata BBV captures— andactualperformanceTheintuition is thatif
two instructionintenvalsexecuteroughlythe samecode,andif thefrequeng of thepor-
tions of codeexecuteds roughly the same thesetwo intervals shouldexhibit roughly
thesameperformance.

3.2 Phaseclassi cation

Oncewe have a BBV per instructioninterval, we now needto classifyintervals into
phasesAs suggestedbove, andintuitively speakingthisis doneby comparingBBVs
to nd similarities.Intervalswith similar BBVs are consideredelongingto the same
programphase.

Classifyinginstructionintenvalsinto phasesanbe donein a numberof ways.We
view it asa clusteringproblem.Thereexist a numberof clusteringalgorithms,suchas
linkage clustering,k-meansclustering,thresholdclustering,and mary others.In this
paper we usethresholdclusteringbecauset providesa naturalway of boundingthe
variability within a phaseAs will becomeclearlater, the advantageof usingthreshold
clusteringis that, by constructionjt builds phasedor which the variability (in terms
of BBV behaior) is limited to a threshold . Classifyingintervals into phasesusing
thresholdclusteringworks in an iterative way. It selectsan instructioninterval asa
clustercenterandthencomputeghedistancewith all the otherinstructionintenvals. If
thedistancameasuras smallerthanagiventhreshold , theinstructioninterval is con-
sideredto be part of the samecluster/phaseOut of all remaininginstructionintervals
(not partof previously formedclusters)anotherinterval is selectedchsa clustercenter
andthe above processs repeatedThis iterative procesontinuesuntil all instruction
internvalsareassignedo acluster/phase.

In our clusteringapproachwe scanall instructionintervalsoncefrom thebeginning
until theendof thedynamicinstructionstreamThis meanghattheclusteringalgorithm
hasa compleity of O(KN ) with N the numberof instructionintervalsandk clusters
(k << N), whichis muchmoreef cient thantheiterative approactasdescribedabore
which hasanO(N 2) computationatompleity.

We usethe Manhattardistanceasour distancemetric betweertwo BBVSs:

D
d=">[lA;—Bil:
=1

with A andB beingtwo BBVs andA; beingthei-th elementof BBV A; the dimen-
sionality of the BBV, or the numberof basicblocksin the programbinary, equalsD .
The advantageof the Manhattandistanceover the Euclideandistances thatit weighs
differencesnoreheaily. Assumingthatthe BBVs arenormalized— the sumover all
BBV elementequalsone— the ManhattardistancevariesbetweerD (bothBBVs are
identical)and2 (maximumpossibledifferencebetweertwo BBVs). The thresholds



expressedsa percentagef the maximumpossibleManhattandistancebetweentwo
instructionintervals.

After having appliedthresholdclustering therearetypically a numberof clusters
thatrepresenbnly a smallfraction of the total programexecution,i.e., clusterswith a
small numberof clustermembersWe groupall the smallestclustersto form a single
cluster the so calledtransitionphase20]. The transitionphaseaccountsor no more
than5% of thetotal programexecution.

3.3 Phasecount surfaces

Having discussedhow to measurdehaioral similarity acrosdnstructionintenvalsus-
ing BBVs andhow to groupsimilar instructionintenalsinto phaseghroughthreshold
clustering,we cannow describewhata phasecountsurfacelookslike. A phasecount
surfaceshaws the numberof programphasesas a function of intra-phasevariability
acrosdlifferenttime scalesj.e., eachpointona phasecountsurfaceshavs thenumber
of programphasest agiventime scaleata givenintra-phasevariability threshold The
time scaleis representedstheinstructioninterval length,andthe perphasevariability
is representetdy usedto drive thethresholdclustering.

3.4 PhasePredictability Surfaces

As aresultof thethresholdtlusteringstepdiscussedh the previoussectionwe cannow
assignphasdDs to all theinstructionintervals.In otherwords,the dynamicinstruction
streamcanberepresentedsa sequencef phasdDs with onephasdD perinstruction
interval in the dynamicinstructionstream.We arenow concernedvith the regularity
or predictability of the phaselD sequenceThis is whata phasepredictability surface
characterizes.

Prediction by Partial Matching. We usethe Predictionby Partial Matching (PPM)
techniqueproposediy Chenet al. [3] to characterizgphasepredictability The reason
for choosinghePPMpredictoris thatit is auniversalcompression/predicticechnique
which presentsa theoreticalbasisfor phaseprediction,andis not tied to a particular
implementation.

A PPM predictoris built onthe notionof a Markov predictor A Markov predictor
of orderk predictsthe next phasdD baseduponk precedingphasedDs. Eachentryin
the Markov predictorrecordsthe numberof phaselDs for the given history. To pre-
dict the next phaselD, the Markov predictoroutputsthe mostlikely phaselD for the
givenk-lengthhistory. An mrorderPPM predictorconsistof (m+1) Markov predictors
of orders0O up to m. The PPM predictorusesthe m-bit history to index the mth order
Markov predictor If the searchsucceedsi,e., the history of phaselDs occurredpre-
viously, the PPM predictoroutputsthe predictionby the mth order Markov predictor
If the searchdoesnot succeedthe PPM predictorusesthe (m-1)-bit history to index
the(m-1)th orderMarkov predictor In casethe searchmissesagain,the PPMpredictor
indexesthe (m-2Xh orderMarkov predictor etc.Updatingthe PPMpredictoris doneby
updatingtheMarkov predictorthatmakesthepredictionandall its higherorderMarkov
predictorsin our setup we considera 32-orderPPM phasepredictor



Predictability surfaces. A phasepredictability surface shaws the relationshipbe-
tweenphasepredictabilityandintra-phasevariability acrosdifferenttime scalesEach
point on a phasepredictability surfaceshows the phasepredictabilityasa function of
time scale(quanti ed by theinstructioninterval granularity)andintra-phasevariability
(quanti ed by the parameteusedduring thresholdclustering).Phasepredictability
itself is measuredhroughthe PPM predictor i.e., for agiven thresholdanda given
time scalewe reportthepredictionaccurag by thePPMpredictorto predictphasdDs.

3.5 PhaseComplexity Surfaces

Having discussedoththe phasecountsurfaceaswell asthe phasepredictabilitysur
face,we cannow combineboth surfacesto form a socalledphasecomplity surface
A phasecompleity surfaceshowvs phasecountversusphasepredictability acrossdif-
ferenttime scales A phasecompleity surfaceis easilyderivedfrom the phasecount
andpredictabilitysurfacesby factoringoutthe threshold.In otherwords,eachpoint
on the phasecompleity surfacecorrespondgo a particular thresholdwhich deter
minesphasecountandpredictabilityata giventime scale. Themotivationfor thephase
compleity surfaceis to represenaineasy-to-grasmtuitive view onaprograms phase
behaior througha singlegraph.

3.6 Discussion

Time complexity. The time compleity for computingphasecompleity surfacesis
linear asall of the four stepshave a lineartime compleity. The rst stepcomputes
theBBVs atthesmallestnterval granularityof interest.This requiresafunctionalsim-
ulation or instrumentatiorrun of the completebenchmarkexecution;the overheads
limited though.The secondstepcomputesBBVs at largerinterval granularitiesy ag-
gregatingtheBBVs from thepreviousstep.This stepis linearin thenumberof smallest-
granularityintervals. Thethird stepappliesthresholdcclusteringatall interval granulari-
ties.As mentionedn the paperthebasicapproacho thresholdcclusterings aniterative
processpur approactthoughmakesa linear scanover the BBVs. Oncethe phaseDs
are determinedhroughthe clusteringstep,the fourth stepthen determineshe phase
predictabilityby predictingnext phasd Ds — again thisis lineartime compleity.

Applications. The phasecompleity surfacesprovide a numberof potentialappli-
cations.Oneis to selectrepresentatie benchmarkgor performanceanalysisbasedon
theirinherentprogramphaseehaior. A setof benchmarkshatrepresentliversephase
behaviors cancapturearepresentatie pictureof thebenchmarlsuite’s phasebehavior;
thiswill beillustratedfurtherin section6. Secondphasecompleity surfacesarealso
usefulin determininganappropriatenterval sizefor optimization.For example reduc-
ing enegy consumptiorcanbedoneby downscalinghardwareresourcesnaperphase
basiq1,6,7,27]. An importantcriterionfor goodenegy saving andlimited performance
penalty is to limit the numberof phasegin orderto limit thetrainingtime atruntime
of nding agoodperphasehardwaresetting)andto achiese goodphasepredictability
(in orderto limit the numberof phasemispredictionsvhich may be costlyin termsof
missedenegy saving opportunitiesand/orperformancegenalty).
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Fig. 1. Phasecountsurfaces(left column)and phasepredictability surfaces(right column) for
gcc-200 (top) andgzip-source  (bottom).

4 Experimental Setup

We useall the SPECCPU2000dntegerand oating-point benchmarksysereferencen-
putsfor all benchmarksndrunall benchmark$o completion We usethe SimpleScalar
Tool Set[2] for collectingBBVs on aninterval basis.

5 Program PhaseCharacterization

Due to spaceconstraintsjt is impossibleto presentphasecompleity curvesfor all

benchmarksinsteadwe presentainddiscussypical examplephasecompleity surfaces
thatwe obsenredduringour study Examplesurfacesareshovn in Figuresl and2: Fig-

urelshavsphasecountandpredictabilitysurfacesfor gcc-200 andgzip-source

andFigure2 shows surfacedor bzip2-graphic andfma3d . As mentionedefore,
a phasecount surface shaws the (logarithm of the) numberof phaseson the Z-axis
versusthe clusteringthreshold(which is a measurdor intra-phasevariability) andthe
interval size (which is a measureof time granularity)onthe X andY axes;the phase
predictabilitysurfaceshovs phasepredictabilityon the Z-axisversusclusteringthresh-
old andinterval size.The clusteringthresholdis variedfrom 0.05up to 0.5in 0.05
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Fig. 2. Phasecountsurfaces(left column)and phasepredictability surfaces(right column)for
bzip2-graphic (top)andfma3d (bottom).

increments— thesmallerthethresholdthe smallertheintra-phasevariability; interval
sizeis variedfrom 1M upto 1G— notethelabelsareshovn aslog, of theinterval size.

Thereare basicallytwo typesof phasecountsurfaces.The rst type showvs a de-
creasingnumberof programphasesat larger time granularities.This is illustratedin
Figure 1. The secondtype showns an increasingnumberof programphasesat larger
time granularitiesanda decreasingiumberof programphasestayetlargertime gran-
ularity, seeFigure2.

The rst typeof phasecountsurfacecanbeexplainedby the obsenationthatphase
behaior ata smalltime granularitygetsaveragedout at a larger time granularity As
aresult,moreandmoreportionsof the programexecutionstartlooking similar which
is re ectedin adecreasingiumberof programphasesThe secondypeof phasecount
surfaceappeargor programswith obviousphasebehavior, however, this obviousphase
behaior seemsto be dif cult to captureover a rangeof time scales.This canoccur
in casethe period of the inherentphasebehaior is not a multiple of a given time
granularity For thepurposeof illustration,considethefollowing exampleof aphasdD
sequenceAAABB AAABB AAABB..." with A" and B' beingphasdDs. Thenumber
of phasest time granularityl equals2, namely A" and B'. At the time granularity
of 2, thereare3 phaseobsened,namely’AA', "AB' (or ‘BA") and 'BB'. At thetime
granularityof 4, thereareonly 2 phase®bsered:'AAAB' and’AABB'. In somesense
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Fig.3. Phasecompleity surfacesfor gcc-scilab (top left), eon-kajiya (top right),
gzip-program  (bottomleft) andgap (bottomright).

this couldbeviewedof asa consequencef our choicefor x ed-lengthintervalsin our
phase-lgel characterizatiorhowever, we obsene thelarge numberof phasesacrossa
rangeof time granularities This seemdo suggesthatthis phasebehaior hasa fairly
long period,andthat variable-lengthintervals (which aretied to somenotion of time
granularityaswell) may not completelysolve the problem.

It is alsointerestingto obsene that for both typesof phasecountsurfaces,phase
predictabilitycanbe high or low. For example,the predictabilityis low for gcc-200
gzip-source  andbzip2-graphic andis very highfor fma3d . For somebench-
marks,phasepredictabilitycorrelatesnverselywith the numberof phasesseefor ex-
amplegzip-source :thehigherthenumberof phasesthelowertheir predictability
For other benchmark®n the other hand, the oppositeseemsto be true: phasepre-
dictability decreasewith a decreasingiumberof phasesseefor examplegcc-200 .

Figure 3 shavs the phasecompleity surfacesfor gcc-scilab | eon-kajiya
gzip-program  andgap which combinethephasecountandpredictabilitysurfaces.
Theseexamplesclearly shov two extreme phasebehaiors. The phasebehaior for
eon-kajiya  ismuchlesscomplecthanfor gcc-scilab  :eon-kajiya  hasfewer
programphasesndshaows very goodphasepredictability;gcc-scilab ~ ontheother
hand,exhibits a large numberof phasesandin addition, phasepredictabilityis very
poor.



6 ClassifyingBenchmarks

Having characterizell the benchmarksn termsof their phasebehaior usingphase
compleity surfaceswe cannow categorizebenchmarksccordingto their phasebe-
havior. To this endwe employ themethodologyproposedy Eeckhouttal.[10] to nd
similaritiesacrossbenchmarks.

6.1 Methodology

As input to this methodologywe provide a numberof characteristicper benchmark:
we provide phasepredictabilityand (the logarithm of) the numberof phasesat three
thresholdvalues( = 5%, = 10% and = 25%) atfour time scaleg1M, 8M, 64M
and512M) — thereare 24 characteristicén total. Intuitively speakingwe samplethe
phasecompleity surface.Thisyieldsadatamatrix with therows beingthebenchmark-
input pairsandthe columnsbeingthe 24 phasecharacteristics.

This datamatrix senesasinput to Principal Component#nalysis (PCA) [15] —
the goal of PCA is (i) to remove correlationfrom the datasetand (ii) to reducethe
dimensionality PCA computesnen dimensionsgcalled principal componentswhich
arelinear combinationf the original phasecharacteristicdn otherwords,PCAtran-
formsthe p = 24 phasecharacteristicX 1; X2;:::; X, into p principal components

Var[Z] > Var[Zy] > ::: > Var[Z,] —thismean<Z; containghemostinformation
andZ, theleast;and(ii) Cov[Z;; Z ;] = 0; Vi # ] — thismeanghereis noinformation
overlapbetweerthe principal componentsSomeprincipal componenthave a higher
variancethanothers.By removing the principal componentsvith the lowestvariance
from the analysis,we reducethe dimensionalityof the datasetwhile controlling the
amountof informationthatis thrown away. On our datasetwe retain3 principalcom-
ponentsthat collectively explain 87.4% of the total variancein the original dataset.
Note that prior to PCA we normalizethe datamatrix (the columnshave a zeromean
andvarianceof one)to put all characteristic®@n a commonscale;alsoafter PCA, we
normalizetheprincipalcomponentso give equalweightto the underlyingmechanisms
extractedby PCA.

We now have areduceddatamatrix, i.e., we areleft with threeprincipalcomponent
valuesfor all benchmark-inpupairs.This reduceddatasetnow senesasinputto clus-
ter analysiswhich groupsbenchmark-inpupairs that exhibit similar phasebehaior.
We uselinkage clusteringherebecauseét allows to visualizethe clusteringthrougha
dendrogramLinkage clusteringstartswith a matrix of distancedetweenthe bench-
marks.As a startingpoint for the algorithm,eachbenchmarks consideredisa group.
In eachiterationof the algorithm,groupsthatareclosestio eachotherarememgedand
groupsare graduallymergeduntil we areleft with a singlegroup.This canbe repre-
sentedn asocalleddendogram, which graphicallyrepresentthelinkagedistanceor
eachgroup merge at eachiteration of the algorithm. Having obtaineda dendrogram,
it is up to the userto decidehow mary clustersto take. This decisioncan be made
basedon the linkagedistancelndeed,small linkage distancesmply strongclustering
while large linkage distancesmply weak clustering.Thereexist several methodsfor
calculatingthe distancebetweerclustersin this paperwe usethe weightedpairgroup
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D|benchmarks

gcc-200gcce-scilab, gee-epr, gec-integyrate, parser mef

eon-kajiya, eon-rushmesatwolf, sixtrack,wupwise,perl-male, vpr-place
crafty, vpr-route,eon-cookgzip-program, gzip-sourcegzip-graphic,
gzip-random,artperl-diff, vortex

4 |bzip2,gcc-166.gzip-log, perl-split,ammp,gap, lucas,apsi,galgel,
facerecmgrid, applu,equale, fma3d,swim

Table 1. Classifyingbenchmarksn termsof their phasebehaior; clusterrepresentaties are
shavn in bold.

w NP

averagemethodwhich computeghe distancebetweertwo clustersasthe weightedav-
eragedistancebetweenall pairsof program-inputpointsin the two differentclusters.
Theweightingof theaverages doneby consideringheclustersize,i.e.,thenumberof
program-inpupointsin thecluster

6.2 Results

Figure 4 shaws the dendrogramobtainedfrom clusteringthe benchmarkgasedon
their phasebehaior. Classifyingthe benchmarksising this dendrogranwith a criti-
cal thresholdof 2.5, resultsin four major clustersrepresentinghe mostdiversephase
behaiors acrosshe SPECCPU2000benchmarksseealsoTablel. Notethatin casea
more ne-graineddistinctionneedgo bemadeamongthebenchmark termsof their
phasebehaior, the critical thresholdshouldbe madesmaller;this will resultin more



ne-grainedtypesof phasebehaior. We obsene the following key phasecharacteris-
ticsin eachof thefour major clusters:

— clusterl :: very poorphasepredictabilityanda very large numberof phases

— cluster2 :: very smallnumberof phasesandvery goodphasepredictability;

— cluster3 :: arelatively poor predictability and a high numberof phasesat small
time granularitiesin combinatiorwith relatively betterpredictabilityandrelatively
fewer phasestlargetime granularities;

— cluster4 :: a moderatenumberof phasesacrossall time granularitiesandmostly
goodto excellentpredictability

In summarycluster2 exhibits the simplestphasebehaior. Clusters3 and4 shav
moderatelycomplex phasebehaiors, with cluster3 shaving poorerphasepredictabil-
ity at small time granularities.Cluster 1 representghe most complex phasebeha-
iors obsenedacrosghe SPECCPU2000benchmarksuite.Referringbackto Figure3,
the phasecompleity surfacesshavn representain examplebenchmarkirom eachof
thesegroups:eon-kajiya  asanexamplefor the simplephasebehaior in cluster2;
gzip-program  andgap asexampledor themoderatelycomplex phasebehaiorsin
clusters3 and4, respectiely; andgcc-scilab ~ asanexamplefor the very comple
phasebehaior in clusterl.

Researcherexploiting programphasebehaior canusethis classi cationto select
benchmark$or theirexperimentsA performancanalystshouldpick benchmarkérom
all groupsin orderto have arepresentatie setof programphasebehaiors.

7 Conclusion

Programphasebehavior is awell-known programcharacteristithatis subjectto mary

optimizationshothin softwareandhardware.ln orderto geta goodunderstandingn a
programs phasebehavior, it is importantto have a way of characterizinga programs
time-varyingbehavior. This paperproposeghaseompleity surfaceswvhichcharacter
ize aprogramsphasebehavior in termsof its four key propertiestime scale nhumberof

phasesphasepredictabilityandintra- versusnter-phasepredictability Phasecomplex-

ity surfacesprovide a goodintuitive anduni ed view of a programs phasebehaior.

Thesecompleity surfacescanbeusedto classifybenchmarkin termsof theirinherent
phasebehaior.
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