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Abstract
It is well known that a programexecutionexhibits time-varying behavior, i.e., a

programtypicallygoesthroughanumberof phasesduringits executionwith eachphase
exhibiting relatively homogeneousbehavior within aphaseanddistinctbehavior across
phases.In fact,several recentresearchstudieshave beenexploiting this time-varying
behavior for variouspurposes.

This paperproposesphasecomplexity surfacesto characterizea computerpro-
gram's phasebehavior acrossvarioustime scalesin an intuitive manner. The phase
complexity surfacesincorporatemetricsthatcharacterizephasebehavior in termsof the
numberof phases,its predictability, thedegreeof variability within andacrossphases,
andthephasebehavior'sdependenceon thetime scalegranularity.

1 Intr oduction

Understandingprogrambehavior is at the foundationof computersystemdesignand
optimization.Deepinsight into inherentprogrampropertiesdrive softwareandhard-
wareresearchanddevelopment.A programpropertythat hasgainedincreasedinter-
estover the pastfew years,is time-varyingprogrambehavior. Time-varyingprogram
behavior refersto the observation that a computerprogramtypically goesthrougha
numberof phasesat run-timewith relatively stablebehavior within a phaseanddis-
tinct behavior acrossphases.Variousresearchstudieshave beendonetowardsexploit-
ing programphasebehavior, for examplefor simulationacceleration[9,26], hardware
adaptationfor energy consumptionreduction[1,6,7,27], programpro�ling and opti-
mization[11,21], etc.

Thispaperconcernscharacterizinga program'sphasebehavior. To identify phases,
wedivideaprogramexecutioninto non-overlappingintervals.An interval is acontigu-
oussequenceof instructionsfrom aprogram'sdynamicinstructionstream.A phaseis a
setof intervalswithin aprogram'sexecutionthatexhibit similarbehavior irrespectiveof
temporaladjacency, i.e.,a programexecutionmaygo throughthesamephasemultiple
times.

Basically, therearefour propertiesthatcharacterizea program'sphasebehavior.

– The�rst propertyis thetimescaleatwhichtime-varyingprogrambehavior is being
observed.Someprogramsexhibit phasebehavior at a smalltime granularitywhile
otherprogramsonly exhibit phasebehavior at a coarsegranularity;andyet other
programsmayexhibit phasebehavior atvarioustimescales,andthephasebehavior



maybehierarchical,i.e., a phaseat onetime scalemayconsistof multiple phases
at a �ner time scale.

– Thesecondpropertyis thenumberof phasesa programgoesthroughat run-time.
Someprogramsrepeatedlystay in the samephase,for examplewhen executing
thesamepieceof codeoverandoveragain;otherprogramsmaygo throughmany
distinctphases.

– The third propertyconcernsthe variability within phasesversusthe variability
acrossphases.Thepremiseof phasebehavior is thatthereis lessvariability within
a phasethanacrossphases,i.e., thevariability in behavior for intervalsbelonging
to agivenphaseis fairly smallcomparedto intervalsbelongingto differentphases.

– The fourth and �nal propertyrelatesto the predictability of the programphase
behavior. For someprograms,its time-varyingbehavior is veryregularandby con-
sequenceverypredictable.For otherprogramson theotherhand,time-varyingbe-
havior is rathercomplex, irregularandhardto predict.

Obviously, all four propertiesare relatedto eachother. More in particular, the time
scaledeterminesthenumberof phasesto befoundwith agivendegreeof homogeneity
within eachphase;thephasesfound,in their turn,affect thepredictabilityof thephase
behavior. By consequence,gettingagoodunderstandingof aprogram'sphasebehavior
requiresall four propertiesbecharacterizedsimultaneously.

This paperpresentsphasecomplexity surfacesas a way to characterizeprogram
phasebehavior. Theimportantbene�t overprior work in characterizingprogramphase
behavior is thatphasecomplexity surfacescaptureall of thefour propertiesmentioned
abovein auni�ed andintuitivewaywhile enablingthereasoningin termsof thesefour
propertiesindividually.

As a subsequentstep,we usethesephasecomplexity surfacesto characterizeand
classifyprogramsin termsof their phasebehavior. Within SPECCPU2000we identify
a numberof prominentgroupsof programswith similar phasebehavior. Researchers
canusethis classi�cationto selectbenchmarksfor their studiesin exploiting program
phasebehavior.

2 RelatedWork

Thereexists a largebody of relatedwork on programphasebehavior. In this section,
we only discusstheissuescoveredin prior work thatrelatemostcloselyto this paper.

Granularity . Thegranularityat which time-varyingbehavior is studiedandexploited
varieswidely. Someresearcherslook for programphasebehavior at the100K instruc-
tion interval size[1,6,7]; otherslook for programphasebehavior at the1M or 10M in-
structioninterval granilarity[23]; andyet othersidentify phasebehavior at yet a larger
granularityof 100M or even1B instructions[22,26]. Thegranularitychosenobviously
dependson thepurposeof thephase-level optimization.Theadvantageof a smalltime
scaleis that the optimizationcanpotentiallyachieve betterperformancebecausethe
optimizationcanbe appliedmoreaggressively. A larger time scaleon the otherhand
hastheadvantagethat theoverheadof exploiting thephasebehavior canbeamortized
moreeasily.



Someresearchersstudyphasebehavior atdifferenttimescalessimultaneously.Wavelets
for exampleprovide a naturalway of characterizingphasebehavior at varioustime
scales[4,13,24], andLauet al. [17] identify ahierarchyof phasebehavior.

Fixed-length versus variable-length phases. Various researchersaim at detecting
phasebehavior by looking into �x ed-lengthinstructionintervals[1,6,7]. Thepotential
problemwith the�x ed-lengthinterval approachthoughis that in somecasesit maybe
hardto identify phasebehavior becauseof theeffect of dissonancebetweenthe�x ed-
lengthinterval andthe naturalperiodof the phasebehavior. In casethe lengthof the
�x ed-lengthinterval is slightly smalleror biggerthantheperiodof thephasebehavior,
the observationmadewill be out of syncwith the naturalphasebehavior. To address
this issue,someresearchersadvocateidentifying phasesusing variable-lengthinter-
vals.Lau et al. [17] usepatternmatchingto �nd variable-lengthintervals,andin their
follow-on work [16] they identify programphasesby looking into a program'scontrol
�o w structureconsistingof loops,andmethodscallsandreturns.Huanget al. [12] de-
tect (variable-length)phasesat methodentryandexit pointsby trackingmethodcalls
via a call stack.

Micr oarchitecture-dependentversusmicroarchitecture-independentcharacteriza-
tion. Identifyingphasescanbedonein anumberof ways.Someidentifyprogramphase
behavior by inspectingmicroarchitecture-dependentprogrambehavior, i.e., they infer
phasebehavior from inspectingtime-varyingmicroarchitectureperformancenumbers.
For example,Balasubramonianet al. [1] collect CPI and cachemiss rates.Duester-
wald et al. [8] collect IPC numbers,cachemissratesandbranchmispredictionrates.
Isci and Martonosi [14] infer phasebehavior from power vectors.A concernwith
microarchitecture-dependent basedphasedetectionis thatoncephasebehavior is being
exploited, it may affect the microarchitecture-dependent metricsbeingmeasured;this
potentiallyleadsto theproblemwhereit is unclearwhethertheobservedtime-varying
behavior is a resultof naturalprogrambehavior or is a consequenceof exploiting the
observedphasebehavior.

An alternativeapproachis to measuremicroarchitecture-independent metricsto in-
fer phasebehavior from. DhodapkarandSmith [7,6] for examplekeeptrackof a pro-
gram's working set;whentheworking setchanges,they infer that theprogramtransi-
tions to anotherphase.Sherwoodet al. [26] useBasicBlock Vectors(BBVs) to keep
track of the basicblocksexecuted— BBVs areshown to correlatewell with perfor-
mancein [18]. Othermicroarchitecture-independent metricsarefor examplememory
addresses[13] anddatareusedistances[24], aprogram'scontrol�o w structuresuchas
loopsandmethods[11,12,16], a collectionof programcharacteristicssuchasinstruc-
tion mix, ILP, memoryaccesspatterns,etc.[9,19].

Phaseclassi�cation. Differentresearchershavecomeup with differentapproachesto
partitioning instructionintervals into phases.Someusethresholdclustering[6,7,27];
othersusemachinelearningtechniquessuchask-meansclustering[26], patternmatch-
ing [17,24]; yetothersusefrequency analysisthroughwavelets[4,5,13,24].



Phaseprediction. An importantaspectto exploiting phasebehavior is to be ableto
predictandanticipatefuturephasebehavior. Sherwoodet al. [27] proposedlastphase,
RLE andMarkov phasepredictors.In their follow-onwork [20], they addedcon�dence
countersto the phasepredictors.Vandeputteet al. [28] proposedconditionalupdate
whichonly updatesthephasepredictorat thelowestcon�dencelevel.

Relation to this paper. In thispaper, wecharacterizeprogramphasebehavior atdiffer-
ent time scalegranularities.To this end,we consider�x ed-lengthintervals,useBBVs
to identify phasebehavior, usethresholdclusteringfor phaseclassi�cation,andusea
theoreticalpredictorto studyphasepredictability. We will go in moredetailaboutour
phasecharacterizationapproachin thenext section.

The importantdifferencebetweenthis papercomparedto prior work is that the
explicit goal of this paperis to characterizethe complexity of a program's phasebe-
havior in an intuitively understandableway. Most of this prior work on theotherhand
concernedexploiting programphasebehavior. Thework mostlycloselyrelatedto this
paperprobablyis thework doneby ChoandLi [4,5]. They usewaveletsto characterize
thecomplexity of a program'sphasebehavior by looking at differenttime scales.This
complexity measureinterminglesthe four phasebehavior propertiesmentionedin the
introduction;phasecomplexity surfacesontheotherhandprovideamoreintuitiveview
onaprogram'sphasebehavior by factoringoutall four properties.

3 PhaseComplexity Surfaces

As mentionedin the introduction,thereare four propertiesthat characterizethe pro-
gram's overall phasebehavior: (i) the time scale,(ii) the numberof phases,(iii) the
within andacrossphasevariability, and(iv) phasesequenceandtransitionpredictabil-
ity. Thephasebehavior characterizationsurfacesproposedin thispapercaptureall four
propertiesin a uni�ed way. Thereare threeforms of surfaces:the phasecount sur-
face,the phasepredictabilitysurfaceandthe phasecomplexity surface.This section
discussesall threesurfaceswhichgiveanoverallview of thecomplexity of aprogram's
time-varying behavior. Beforedoing so,we �rst needto de�ne a BasicBlock Vector
(BBV) anddiscusshow to classifyinstructionintervalsinto phasesusingBBVs.

3.1 BasicBlock Vector (BBV)

In this paper, we usetheBasicBlock Vector(BBV) proposedby Sherwoodet al. [25]
to capturea program's time-varying behavior. A basicblock is a linear sequenceof
instructionswith oneentryandoneexit point. A BasicBlock Vector(BBV) is a one-
dimensionalarraywith oneelementperstaticbasicblock in theprogrambinary. Each
BBV elementcaptureshow many times its correspondingbasicblock hasbeenexe-
cuted.This is doneon an interval basis,i.e., we computeoneBBV per interval. Each
BBV elementis alsomultiplied with the numberof instructionsin the corresponding
basicblock. This givesa higherweight to basicblockscontainingmoreinstructions.
A BBV thusprovidesa pictureof what portionsof codeareexecutedandalsohow
frequentlythoseportionsof codeareexecuted.



We usea BBV to identify a program's time-varyingbehavior becauseit is a micro-
architecture-independentmetric and by consequencegives an accuratepicture of a
program's time-varying behavior acrossmicroarchitectures.Previous work by Lau et
al. [18] hasshown that thereexists a strongcorrelationbetweenthe codebeingexe-
cuted— this is whataBBV captures— andactualperformance.Theintuition is thatif
two instructionintervalsexecuteroughlythesamecode,andif thefrequency of thepor-
tionsof codeexecutedis roughly thesame,thesetwo intervalsshouldexhibit roughly
thesameperformance.

3.2 Phaseclassi�cation

Oncewe have a BBV per instructioninterval, we now needto classify intervals into
phases.As suggestedabove,andintuitively speaking,this is doneby comparingBBVs
to �nd similarities.Intervalswith similar BBVs areconsideredbelongingto thesame
programphase.

Classifyinginstructionintervals into phasescanbedonein a numberof ways.We
view it asa clusteringproblem.Thereexist a numberof clusteringalgorithms,suchas
linkageclustering,k-meansclustering,thresholdclustering,andmany others.In this
paper, we usethresholdclusteringbecauseit providesa naturalway of boundingthe
variability within a phase.As will becomeclearlater, theadvantageof usingthreshold
clusteringis that, by construction,it builds phasesfor which the variability (in terms
of BBV behavior) is limited to a threshold� . Classifyingintervals into phasesusing
thresholdclusteringworks in an iterative way. It selectsan instructioninterval as a
clustercenterandthencomputesthedistancewith all theotherinstructionintervals.If
thedistancemeasureis smallerthanagiventhreshold� , theinstructioninterval is con-
sideredto bepartof thesamecluster/phase.Out of all remaininginstructionintervals
(not partof previously formedclusters),anotherinterval is selectedasa clustercenter
andtheabove processis repeated.This iterative processcontinuesuntil all instruction
intervalsareassignedto acluster/phase.

In ourclusteringapproachwescanall instructionintervalsoncefrom thebeginning
until theendof thedynamicinstructionstream.Thismeansthattheclusteringalgorithm
hasa complexity of O(kN ) with N thenumberof instructionintervalsandk clusters
(k << N ), whichis muchmoreef�cient thantheiterativeapproachasdescribedabove
whichhasanO(N 2) computationalcomplexity.

We usetheManhattandistanceasour distancemetricbetweentwo BBVs:

d =

D∑

i=1

‖Ai − B i‖;

with A andB beingtwo BBVs andA i beingthe i -th elementof BBV A; thedimen-
sionality of theBBV, or thenumberof basicblocksin theprogrambinary, equalsD .
Theadvantageof theManhattandistanceover theEuclideandistanceis that it weighs
differencesmoreheavily. AssumingthattheBBVs arenormalized— thesumover all
BBV elementsequalsone— theManhattandistancevariesbetween0 (bothBBVs are
identical)and2 (maximumpossibledifferencebetweentwo BBVs). The� thresholdis



expressedasa percentageof themaximumpossibleManhattandistancebetweentwo
instructionintervals.

After having appliedthresholdclustering,therearetypically a numberof clusters
that representonly a small fractionof thetotal programexecution,i.e., clusterswith a
small numberof clustermembers.We groupall thesmallestclustersto form a single
cluster, thesocalledtransitionphase[20]. The transitionphaseaccountsfor no more
than5%of thetotal programexecution.

3.3 Phasecount surfaces

Having discussedhow to measurebehavioral similarity acrossinstructionintervalsus-
ing BBVs andhow to groupsimilar instructionintervalsinto phasesthroughthreshold
clustering,we cannow describewhata phasecountsurfacelookslike. A phasecount
surfaceshows the numberof programphasesasa function of intra-phasevariability
acrossdifferenttimescales,i.e.,eachpointona phasecountsurfaceshowsthenumber
of programphasesatagiventimescaleatagivenintra-phasevariability threshold.The
timescaleis representedastheinstructioninterval length,andtheper-phasevariability
is representedby � usedto drive thethresholdclustering.

3.4 PhasePredictability Surfaces

As aresultof thethresholdclusteringstepdiscussedin theprevioussection,wecannow
assignphaseIDs to all theinstructionintervals.In otherwords,thedynamicinstruction
streamcanberepresentedasasequenceof phaseIDs with onephaseID perinstruction
interval in the dynamicinstructionstream.We arenow concernedwith the regularity
or predictabilityof thephaseID sequence.This is whata phasepredictabilitysurface
characterizes.

Prediction by Partial Matching. We usethe Predictionby Partial Matching(PPM)
techniqueproposedby Chenet al. [3] to characterizephasepredictability. Thereason
for choosingthePPMpredictoris thatit is auniversalcompression/predictiontechnique
which presentsa theoreticalbasisfor phaseprediction,andis not tied to a particular
implementation.

A PPMpredictoris built on thenotionof a Markov predictor. A Markov predictor
of orderk predictsthenext phaseID baseduponk precedingphaseIDs. Eachentry in
the Markov predictorrecordsthe numberof phaseIDs for the given history. To pre-
dict thenext phaseID, theMarkov predictoroutputsthemostlikely phaseID for the
givenk-lengthhistory. An m-orderPPMpredictorconsistsof (m+1) Markov predictors
of orders0 up to m. The PPM predictorusesthem-bit history to index themth order
Markov predictor. If the searchsucceeds,i.e., the history of phaseIDs occurredpre-
viously, thePPM predictoroutputsthe predictionby the mth orderMarkov predictor.
If the searchdoesnot succeed,the PPM predictorusesthe (m-1)-bit history to index
the(m-1)th orderMarkov predictor. In casethesearchmissesagain,thePPMpredictor
indexesthe(m-2)th orderMarkov predictor, etc.UpdatingthePPMpredictoris doneby
updatingtheMarkov predictorthatmakesthepredictionandall its higherorderMarkov
predictors.In our setup,weconsidera 32-orderPPMphasepredictor.



Predictability surfaces. A phasepredictability surfaceshows the relationshipbe-
tweenphasepredictabilityandintra-phasevariability acrossdifferenttimescales.Each
point on a phasepredictabilitysurfaceshows thephasepredictabilityasa functionof
timescale(quanti�ed by theinstructioninterval granularity)andintra-phasevariability
(quanti�ed by the � parameterusedduring thresholdclustering).Phasepredictability
itself is measuredthroughthePPMpredictor, i.e., for a given� thresholdanda given
timescale,wereportthepredictionaccuracy by thePPMpredictorto predictphaseIDs.

3.5 PhaseComplexity Surfaces

Having discussedboth thephasecountsurfaceaswell asthephasepredictabilitysur-
face,we cannow combinebothsurfacesto form a socalledphasecomplexity surface.
A phasecomplexity surfaceshows phasecountversusphasepredictabilityacrossdif-
ferenttime scales.A phasecomplexity surfaceis easilyderivedfrom thephasecount
andpredictabilitysurfacesby factoringout the � threshold.In otherwords,eachpoint
on the phasecomplexity surfacecorrespondsto a particular� thresholdwhich deter-
minesphasecountandpredictabilityatagiventimescale.Themotivationfor thephase
complexity surfaceis to representaneasy-to-graspintuitiveview onaprogram'sphase
behavior throughasinglegraph.

3.6 Discussion

Time complexity. The time complexity for computingphasecomplexity surfacesis
linear asall of the four stepshave a linear-time complexity. The �rst stepcomputes
theBBVs at thesmallestinterval granularityof interest.This requiresa functionalsim-
ulation or instrumentationrun of the completebenchmarkexecution;the overheadis
limited though.ThesecondstepcomputesBBVs at largerinterval granularitiesby ag-
gregatingtheBBVs from thepreviousstep.Thisstepis linearin thenumberof smallest-
granularityintervals.Thethird stepappliesthresholdclusteringatall interval granulari-
ties.As mentionedin thepaper, thebasicapproachto thresholdclusteringis aniterative
process,our approachthoughmakesa linearscanover theBBVs. OncethephaseIDs
aredeterminedthroughthe clusteringstep,the fourth stepthendeterminesthe phase
predictabilityby predictingnext phaseIDs — again,this is linear-timecomplexity.

Applications. The phasecomplexity surfacesprovide a numberof potentialappli-
cations.Oneis to selectrepresentative benchmarksfor performanceanalysisbasedon
their inherentprogramphasebehavior. A setof benchmarksthatrepresentdiversephase
behaviorscancapturea representativepictureof thebenchmarksuite'sphasebehavior;
this will beillustratedfurther in section6. Second,phasecomplexity surfacesarealso
usefulin determininganappropriateinterval sizefor optimization.For example,reduc-
ing energyconsumptioncanbedoneby downscalinghardwareresourcesonaper-phase
basis[1,6,7,27]. An importantcriterionfor goodenergysaving andlimited performance
penalty, is to limit thenumberof phases(in orderto limit thetrainingtime at run time
of �nding a goodper-phasehardwaresetting)andto achievegoodphasepredictability
(in orderto limit thenumberof phasemispredictionswhich maybecostly in termsof
missedenergy saving opportunitiesand/orperformancepenalty).
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gzip-source :: phasecount gzip-source :: phasepredictability
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Fig. 1. Phasecountsurfaces(left column)andphasepredictabilitysurfaces(right column) for
gcc-200 (top)andgzip-source (bottom).

4 Experimental Setup

Weuseall theSPECCPU2000integerand�oating-point benchmarks,usereferencein-
putsfor all benchmarksandrunall benchmarksto completion.WeusetheSimpleScalar
Tool Set[2] for collectingBBVs onaninterval basis.

5 Program PhaseCharacterization

Due to spaceconstraints,it is impossibleto presentphasecomplexity curves for all
benchmarks.Insteadwepresentanddiscusstypicalexamplephasecomplexity surfaces
thatweobservedduringourstudy. Examplesurfacesareshown in Figures1 and2: Fig-
ure1 showsphasecountandpredictabilitysurfacesfor gcc-200 andgzip-source ,
andFigure2 showssurfacesfor bzip2-graphic andfma3d . As mentionedbefore,
a phasecount surfaceshows the (logarithm of the) numberof phaseson the Z-axis
versustheclusteringthreshold(which is a measurefor intra-phasevariability) andthe
interval size(which is a measureof time granularity)on theX andY axes;thephase
predictabilitysurfaceshowsphasepredictabilityontheZ-axisversusclusteringthresh-
old andinterval size.The � clusteringthresholdis variedfrom 0.05up to 0.5 in 0.05
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fma3d :: phasecount fma3d :: phasepredictability
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Fig. 2. Phasecountsurfaces(left column)andphasepredictabilitysurfaces(right column) for
bzip2-graphic (top)andfma3d (bottom).

increments— thesmallerthethreshold,thesmallertheintra-phasevariability; interval
sizeis variedfrom 1M upto 1G— notethelabelsareshown aslog2 of theinterval size.

Therearebasicallytwo typesof phasecountsurfaces.The �rst type shows a de-
creasingnumberof programphasesat larger time granularities.This is illustratedin
Figure1. The secondtype shows an increasingnumberof programphasesat larger
timegranularitiesandadecreasingnumberof programphasesatayet largertimegran-
ularity, seeFigure2.

The�rst typeof phasecountsurfacecanbeexplainedby theobservationthatphase
behavior at a small time granularitygetsaveragedout at a larger time granularity. As
a result,moreandmoreportionsof theprogramexecutionstartlooking similar which
is re�ectedin adecreasingnumberof programphases.Thesecondtypeof phasecount
surfaceappearsfor programswith obviousphasebehavior, however, thisobviousphase
behavior seemsto be dif�cult to captureover a rangeof time scales.This canoccur
in casethe period of the inherentphasebehavior is not a multiple of a given time
granularity.For thepurposeof illustration,considerthefollowingexampleof aphaseID
sequence:̀AAABBAAABBAAABB...' with `A' and`B' beingphaseIDs. Thenumber
of phasesat time granularity1 equals2, namely`A' and`B'. At the time granularity
of 2, thereare3 phasesobserved,namely`AA', `AB' (or `BA') and`BB'. At the time
granularityof 4, thereareonly 2 phasesobserved:`AAAB' and`AABB'. In somesense



gcc-scilab eon-kajiya
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gzip-program gap
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Fig. 3. Phasecomplexity surfaces for gcc-scilab (top left), eon-kajiya (top right),
gzip-program (bottomleft) andgap (bottomright).

this couldbeviewedof asaconsequenceof ourchoicefor �x ed-lengthintervalsin our
phase-level characterization,however, we observe thelargenumberof phasesacrossa
rangeof time granularities.This seemsto suggestthat this phasebehavior hasa fairly
long period,andthat variable-lengthintervals (which aretied to somenotion of time
granularityaswell) maynot completelysolve theproblem.

It is alsointerestingto observe that for both typesof phasecountsurfaces,phase
predictabilitycanbehigh or low. For example,thepredictabilityis low for gcc-200 ,
gzip-source andbzip2-graphic andis veryhigh for fma3d . For somebench-
marks,phasepredictabilitycorrelatesinverselywith thenumberof phases,seefor ex-
amplegzip-source : thehigherthenumberof phases,thelower their predictability.
For other benchmarkson the other hand,the oppositeseemsto be true: phasepre-
dictability decreaseswith adecreasingnumberof phases,seefor examplegcc-200 .

Figure3 shows thephasecomplexity surfacesfor gcc-scilab , eon-kajiya ,
gzip-program andgap whichcombinethephasecountandpredictabilitysurfaces.
Theseexamplesclearly show two extremephasebehaviors. The phasebehavior for
eon-kajiya is muchlesscomplex thanfor gcc-scilab : eon-kajiya hasfewer
programphasesandshowsverygoodphasepredictability;gcc-scilab on theother
hand,exhibits a large numberof phasesand in addition,phasepredictability is very
poor.



6 Classifying Benchmarks

Having characterizedall thebenchmarksin termsof their phasebehavior usingphase
complexity surfaces,we cannow categorizebenchmarksaccordingto their phasebe-
havior. To thisendweemploy themethodologyproposedby Eeckhoutetal. [10] to �nd
similaritiesacrossbenchmarks.

6.1 Methodology

As input to this methodologywe provide a numberof characteristicsper benchmark:
we provide phasepredictabilityand(the logarithmof) the numberof phasesat three
thresholdvalues(� = 5%, � = 10% and� = 25%) at four time scales(1M, 8M, 64M
and512M) — thereare24 characteristicsin total. Intuitively speaking,we samplethe
phasecomplexity surface.Thisyieldsadatamatrixwith therowsbeingthebenchmark-
inputpairsandthecolumnsbeingthe24phasecharacteristics.

This datamatrix servesasinput to PrincipalComponentsAnalysis(PCA) [15] —
the goal of PCA is (i) to remove correlationfrom the datasetand(ii) to reducethe
dimensionality. PCA computesnew dimensions,calledprincipal components, which
arelinear combinationsof theoriginalphasecharacteristics.In otherwords,PCAtran-
forms the p = 24 phasecharacteristicsX 1; X 2; : : : ; X p into p principal components
Z1; Z2; : : : ; Zp with Zi =

∑p

j=1
aijX j . This transformationhas the properties(i)

V ar [Z1] ≥ V ar [Z2] ≥ : : : ≥ V ar [Zp] — thismeansZ1 containsthemostinformation
andZp theleast;and(ii) Cov[Z i; Zj ] = 0; ∀i 6= j — thismeansthereis noinformation
overlapbetweentheprincipalcomponents.Someprincipalcomponentshave a higher
variancethanothers.By removing theprincipalcomponentswith the lowestvariance
from the analysis,we reducethe dimensionalityof the datasetwhile controlling the
amountof informationthat is 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 characteristicson a commonscale;alsoafterPCA, we
normalizetheprincipalcomponentsto giveequalweightto theunderlyingmechanisms
extractedby PCA.

Wenow haveareduceddatamatrix, i.e.,weareleft with threeprincipalcomponent
valuesfor all benchmark-inputpairs.This reduceddatasetnow servesasinput to clus-
ter analysiswhich groupsbenchmark-inputpairs that exhibit similar phasebehavior.
We uselinkageclusteringherebecauseit allows to visualizethe clusteringthrougha
dendrogram.Linkageclusteringstartswith a matrix of distancesbetweenthe bench-
marks.As a startingpoint for thealgorithm,eachbenchmarkis consideredasa group.
In eachiterationof thealgorithm,groupsthatareclosestto eachotheraremergedand
groupsaregraduallymergeduntil we areleft with a singlegroup.This canbe repre-
sentedin asocalleddendrogram, whichgraphicallyrepresentsthelinkagedistancefor
eachgroupmerge at eachiterationof the algorithm.Having obtaineda dendrogram,
it is up to the userto decidehow many clustersto take. This decisioncan be made
basedon the linkagedistance.Indeed,small linkagedistancesimply strongclustering
while large linkagedistancesimply weakclustering.Thereexist several methodsfor
calculatingthedistancebetweenclusters.In this paperwe usetheweightedpair-group
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Fig. 4. Dendrogramvisualizingtheclustering.

ID benchmarks
1 gcc-200,gcc-scilab, gcc-expr, gcc-integrate,parser, mcf
2 eon-kajiya, eon-rush,mesa,twolf, sixtrack,wupwise,perl-make,vpr-place
3 crafty, vpr-route,eon-cook,gzip-program, gzip-source,gzip-graphic,

gzip-random,art,perl-diff, vortex
4 bzip2,gcc-166,gzip-log,perl-split,ammp,gap, lucas,apsi,galgel,

facerec,mgrid,applu,equake, fma3d,swim
Table 1. Classifyingbenchmarksin termsof their phasebehavior; clusterrepresentatives are
shown in bold.

averagemethodwhichcomputesthedistancebetweentwo clustersastheweightedav-
eragedistancebetweenall pairsof program-inputpointsin the two differentclusters.
Theweightingof theaverageis doneby consideringtheclustersize,i.e.,thenumberof
program-inputpointsin thecluster.

6.2 Results

Figure 4 shows the dendrogramobtainedfrom clusteringthe benchmarksbasedon
their phasebehavior. Classifyingthe benchmarksusingthis dendrogramwith a criti-
cal thresholdof 2.5, resultsin four majorclustersrepresentingthemostdiversephase
behaviorsacrosstheSPECCPU2000benchmarks,seealsoTable1. Notethatin casea
more�ne-graineddistinctionneedsto bemadeamongthebenchmarksin termsof their
phasebehavior, thecritical thresholdshouldbe madesmaller;this will resultin more



�ne-grainedtypesof phasebehavior. We observe thefollowing key phasecharacteris-
tics in eachof thefour majorclusters:

– cluster1 :: verypoorphasepredictabilityanda very largenumberof phases
– cluster2 :: verysmallnumberof phasesandverygoodphasepredictability;
– cluster3 :: a relatively poor predictabilityanda high numberof phasesat small

timegranularities,in combinationwith relativelybetterpredictabilityandrelatively
fewerphasesat largetimegranularities;

– cluster4 :: a moderatenumberof phasesacrossall time granularities,andmostly
goodto excellentpredictability.

In summary, cluster2 exhibits thesimplestphasebehavior. Clusters3 and4 show
moderatelycomplex phasebehaviors,with cluster3 showing poorerphasepredictabil-
ity at small time granularities.Cluster1 representsthe most complex phasebehav-
iors observedacrosstheSPECCPU2000benchmarksuite.Referringbackto Figure3,
the phasecomplexity surfacesshown representan examplebenchmarkfrom eachof
thesegroups:eon-kajiya asanexamplefor thesimplephasebehavior in cluster2;
gzip-program andgap asexamplesfor themoderatelycomplex phasebehaviorsin
clusters3 and4, respectively; andgcc-scilab asanexamplefor thevery complex
phasebehavior in cluster1.

Researchersexploiting programphasebehavior canusethis classi�cationto select
benchmarksfor theirexperiments.A performanceanalystshouldpick benchmarksfrom
all groupsin orderto havearepresentativesetof programphasebehaviors.

7 Conclusion

Programphasebehavior is awell-known programcharacteristicthatis subjectto many
optimizationsbothin softwareandhardware.In orderto geta goodunderstandingin a
program's phasebehavior, it is importantto have a way of characterizinga program's
time-varyingbehavior. Thispaperproposedphasecomplexity surfaceswhichcharacter-
izeaprogram'sphasebehavior in termsof its four key properties:timescale,numberof
phases,phasepredictabilityandintra-versusinter-phasepredictability. Phasecomplex-
ity surfacesprovide a goodintuitive anduni�ed view of a program's phasebehavior.
Thesecomplexity surfacescanbeusedto classifybenchmarksin termsof their inherent
phasebehavior.
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