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Abstract

Characterizing program behavior carries significantvalue in various avenuesof computerengineeringre-
seach from investigationof future architectuestailored betterfor emeging applicationsto OSbaseddynamic
manaementtedniques.Most modernapplicationsexhibit distinctivelydifferent behaviorthroughouttheir run-
times,which constituteseveral phase®f executionthat shae a greateramountof resemblancavithin themselves
compaedto otherregionsof execution.Theseaxecutionphasesanoccurat scalescompanbleto total program
execution,necessitatingrohibitively long simulationtimesfor characterization. Due to the implementatiorof
extensiveclod gating and additional power and thermal manajementtechniquesin modernprocesscs, these
program phasesare also reflectedin program power behavioy which can be usedas an alternative meansof
programbehaviorcharacterizationfor powerorientedreseach.

In this paperwe presentour methodolgy for identifyingphasesn program powerbehaviorand determining
executionpointsthat correspondo thesephasesaswell asdefininga smallsetof powersignatuesrepresentative
of overall program powerbehavior In our similarity analysiswe usepowervectos sampledat programruntime
with our power estimationsetup,which consistof powervaluesfor 22 processorsub-componentsWe define
a power similarity metric as an intersectionof both magnitudebasedand ratio-wisesimilarities and developa
thresholdingalgorithmin order to partition the powerbehaviorinto similarity groups.We illustrate our method-
ology with the Gzipbendimarkfor its wholeruntimeandcharacterizeGzip powerbehaviorwith boththe selected

executionpointsand definedsignatue vectos.



1 Introduction

Characterizingprogramphasebehaior for currentandemeging applicationsprovides significantfoundation
to computerengineeringresearchin several aspectsand abstractions. Workload characterizatiorcan be used
to develop more power efficient, compleity effective, high performancearchitecturesto provide feedbackfor
multiconfigurablearchitecturedor power/performanc@ptimizationsto enableOS baseddynamicmanagement
suchasthreadschedulingDVS andDFS, andto provide meango overcomeprohibitively long simulationssuch
asidentifying representate executionpointsor reducedlatasets.

Most programsshaw very variantbehaior over their whole runtimesandthe analysisof thesebehaior via
simulationis usuallytoo impracticaldueto extensie simulationtimes. However, mostof theseprogramsalso
exhibit someamountof repetitive behaior within differentexecutionregionsor at certainperiods.Phaseanalysis
is a formal methodof identifying this repetitive behaior, which canbe usedto reducethe amountof redundant
work in architecturatesearctwhile preservinghe workloadcharacteristicsandto enabledynamicoptimization
techniquedhatbenefitfrom this phasebehaior.

In [5] we demonstrateavith several examplesthat differentprogramswith similar averagepowers canshav
significantlydifferentpowervariation(i.e. gcc,vpr, gzip),andsameprogramwith similartotal powerbehaior, can
have distinctively differentpower behaior —in termsof differentpower componentatios—in differentexecution
phasedi.e. vpr). In this paper we demonstraten alternatve phaseanalysismethodwhich relatesmoredirectly
to power. In our work, we usethe powervectorconceptintroducedin [5], which representshe estimatedoower
valuesfor 22 processocomponents-suchastracecachejntegerexecutionunit—at eachsampledexecutionpoint,
in a similar fashionasthe basicblock vector distribution analysisof [11]. We obsenre the variationsin these
power vectorsin orderto identify similar regionswithin a program which definethe seseral phase®f execution
a programgoesthroughduringits execution. The mostimportantaspecof our work is, it usespower signatures
of programsandthereforas away to analyzepower phaseéehaior ratherthanrelying on performancenetricsor
basicblock information. The power vectorsusedin our analysesreacquiredat runtime,thereforethe similarity
relationscanbe generatedrery quickly, without the needto performlengthysimulationsto collectthe similarity
data.Also, thisin turn enablesasyrepeatabilityof the describedsimilarity analysis.For example,to characterize
the power behaior of a programfor a differentdatasebr optimizationlevel, we needto only rerunthe program
with the new configuration ratherthanresimulatingthe whole execution,which would requiretimeson the order
of weekswith amoderncomputer

The power phaseanalysisdescribedn this papercan contrikute to currentresearchn variousaspects.Rep-
resentatie power vectors,generatedas one result of our similarity analysis,can be usedas "Program Power
Signatures’in power orientedstudies. As our analysisis basedon a real system,it candirectly be utilized in

power awareresearchsuchas[16] for runtimephasddentificationbasedn the signaturevectors.With theability



to identify recurringphasever large scalesof execution,our power behaior characterizatiomechniquecanbe
usedfor OS baseddynamicmanagemenfor threadschedulingyvoltageor frequeng scaling[4, 15]. Moreover,

identifiedrepresentate executionpointsfor programsasanotheroutcomeof the similarity analysiscanbeused
to definepower simulationpointssimilarto SimPointsof [11].

The remainderof this paperis structuredasfollows. Section2 discusseshe relatedwork, Section3 givesan
overview of ourpower phaseanalysisnethodologySectiond discussethephasecharacteristicef programpower
behaior, Section5 describesur power behaior similarity metric basedon power vectors,Section6, describes
our phaseidentificationtechniqueand demonstratesur resultsfor representate vectorsandselectedsxecution
points,with a final erroranalysis. Section7 providesour discussiorof presentedvork and our future research

relatedto workloadcharacterizatiomndSection8 summarize®ur conclusions.

2 Reated Work

A numberof previousworksinvestigatediariousissueselatedto programphasebehaior includingsimulation-
based3, 10, 11, 12, 7, 2] andruntime[14] programprofiling techniquego identify phasebehaior. Varyinggoals
of thesework spandiverseareassuchasidentifying representate simulationpoint samplespredictingphases,
generatingeduceddataset@nd managingmulticonfigurablehardwarewith programsignatures Dhodapkarand
Smith[3], defineworking setsignaturesasa lossycompressiorf true working setsandusethis working setin-
formationto detectphasechangesindworking setsize,which arein turn usedto find anoptimal configuratiorfor
mulitconfigurableéhardware. They proposea hardware-softvareimplementatiorfor dynamicconfigurationwhere
hardwarephasedablescollectworking setsignaturesandlow level software managesardwareconfiguration.

Sherwod et al. [10] proposeBasic Blodk Distribution Analysismethod,which usesbasicblock profiles of
programgto identify phasesand classifiesthis phaseinformationinto periodicand standalondoehaior like ini-
tialization. A basicblockis a portion of a programcodethatis enteredat onepoint, executedin whole andhasa
singleexit point. Thework in [10] introducesbasicblock vectors,which representhe proportionof basicblock
executionswithin onesamplingperiod. Then,it useshasicblock vectordifferenceswvith respecto aglobalvector
to identify phases.In orderto determinethe amountof resemblancéetweendifferentwindows of execution,
collectedover the programrun, [11] definesthe basicblock similarity matrix, which consistsof the manhattan
distancebetweerall pairsof basicblock vectors. The similarity matrix presentdoth the durationof similarities
andthe similar repetitions.[11] thenusesthis similarity relationto clusterthe samplepointsinto a small setof
groupswhereeachgroupis representelly asingleexecutionpoint, choserastheclosesto groupcentroid. These
executionpointsarethenusedasrepresentate simulationspoints, whosesimulationresultsareweightedby a
factorproportionalto groupsize. Later, [12] extendsthe basicblock vectorideato executiontime phasdracking

andphasepredictingmicroarchitectureby approximatingoasicblock accessnformationwith instructioncounts



separatedavith branches.

Todi [14] usesintel Itanium Processoperformancesountergo collectbenchmarlexecutioninformation,then
appliesprincipal componentanalysisto reducevariabledimensionsandk-meangartitioningalgorithmto gener
atesimilarity groups,andfinally selectsrepresentate executionpointsasclosestneighborgo clustercentroids
similarto [11].

Otherrelatedwork include: [7], which provides reduceddatasetdor specbenchmarkdasedon functional
simulationbasedprofiling; [2], which identifiesexecutionphase®ver long timescalebasedon metricssuchas
IPC (Instructionsper clock), IPC varianceandIPB similar to [12], anddemonstratesorkloadsexhibit different
executionphaseslongtheir lifetimes;[9, which usesa branchbehaior buffer anddetectioncounterto identify
executionhotspotswithin workloadsat runtimeanddescribeprogramphasedasedn hotspotfrequencies.

In comparisonto the previous work, our researctsharescertain similarities. First of all, we usea similar
similarity analysistechniqueas[11]. However, our similarity are basedon estimatedoower vectorsandwe use
a combinationof normalizedand non-normalizedneasure$or pover components.Secondsimilar to [14], the
basisof our similarity analysisdatarely on performancecountersput our approachprovidespower attributesto
collectedcounterinformation,thusaswell asidentifying phaseswe canidentify andfocuson regionswith high
cache,executionpower, etc. Moreover, the applicationof performancecounterdatacollectionbearssignificant
differences- which essentiallystemsfrom counterimplementatiordifferencesn theP4andltaniumarchitectures.
We alsocollectcounterdatain lots of dimensionsput ratherthanrerunningthe experimentat differenttimes,we
usecounterrotationswithin a single experimentasthe flexibility of P4 counterreadingmechanisnmenablesus
to read 15 counterssimultaneouslywhile Itanium architecturdimits the autherto 3 countersperrun. At the
bottomline,we presenta power orientedphaseanalysisnethodologyandsinceour techniques basedn runtime
power estimatiorratherthansimulation,the generatiorof power similaritiesis at almostworkloadruntimespeed.

Thereforethe presenteanethodologyis easilyrepeatablendextensibleto nevw emeging workloads.

3 Methodology

In [5], we introduceda runtimemethodologyfor componenpower estimationbasedon P4 performancecoun-
ters[13] andwe suggestegpower phaseanalysisas an alternatve meansfor workload characterizationyhich
utilized the power estimationmethodology In our following phaseanalysis,we make useof the samepower
estimationframenork with the experimentalsetupshavn in Figure 1. With this setup,we collect measuredo-
tal processopower dataandraw performancecounterinformation,andusethis counterinformationto estimate
processocomponenpowversandtotal processopower atruntime.

The currentprobeon P4 power lines measureshe DC currentthroughprocessopower lines andthe digital

multimeterat the otherend sendsthis datato a loggermachineover RS232. The testedmachinerunsa kernel
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Figure 1. Power measurement and estimation setup

modulethat collects counterinformation and a sener that sendsthe raw counterdatato the logger machine
over ethernet. The loggermachinethenprocesseshe counterdatato producepower estimatedor 22 processor
componentsat runtime, which, togetherwith a constantidle power, add up to a total powver estimatethat can
be verified againstreal measurementln our work, we usethesegenerateccomponentipowver estimatesas 22-
dimensionapowervectos ateachsamplingpoint asour multivariatedatafor similarity analysis.

In referenceo the broaderaspecof our work, power phaseanalysisis enabledoy the power estimationstep,
which provides us with the power vectorsfor a given benchmarkpasedon the utilized estimations.Paower es-
timation step,in turn is enabledby performancamonitoringandreal pover measuremergtepsasthe lattertwo
provide the power modelwith requiredinformationfor estimationandverification.

Specificallyduring power phaseanalysiswe first collectpower vectors measuredlataandtiming information
for agivenbanchmarlat runtime. We alsogenerate secondsetof databy normalizingthe power vectors.Then,
we usethe original powver vectorsand normalizedvectorstogetherto generatea similarity matrix to quantify
the amountof similarity betweenall pairwisecombinationsof executionpointsbasedon the manhattardistance
betweerthevectorpairs.Basednathresholdingalgorithmdescribedn Section6, we generatgroupingmatrices
for agivensimilarity threshold.Thesedemonstratepr eachexecutionpoint, whatotherexecutionpointslie within
its similarity threshold.Analyzing the producedyroupingmatrix, we partitionthe executionpointsinto a smaller
setof groupsthatcontainvectorsthatsatisfyspecifiedamountof similarity. Afterwards,weidentify representate
vectorsfor eachgroup,which representhe averagegrouppower behaior, andreconstrucpower tracebasedon
groupdistribution andrepresentate vectorinformationsand verify closenes®f our approximationto original

power behaior.



4 Power Behavior of Programs Constitute Phases

In [5], we shawved that programsexhibit several distinct phasesf executioneven at the largestof scaledike

the whole executiontimeframe. For example,benchmarksuchas Twolf can exhibit distinctively identifiable

phasewith respecto differentdataset&venthoughthe—-measued- total power revealsindistinguishablgoower

behaior. Onthe otherhandwith Equale, one seeshata benchmarkcanexhibit very differentphaseswithin a

singledatasetik e initialization, computatiorandreporting. This phasebehaior is very commonin applications

canbeobseredin variousotherapplications.In Figure2 we shav two benchmarksSPEC200@GapandGzip,

whereGapshaws distinct phasedor a singledatasetand Gzip shawvs periodicphasesvithin a dataseaswell as

recurringphasesacrossts 5 datasetsWe alsoincludeplots for power breakdavn tracesfiltered with a 10 point

moving averagersothatwe could filter down higherfrequeng phasecomponentandlook at distinct phasesat

the larger whole executionscale. Again, very distinct phasesare identified at very large timescaleswhich are

prohibitive to capturevia simulations.
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Figure 2. Program Power Phases for Gap and Gzip

Pawvertracesshavn in Figure2 revealtwo importantobsenrations,whichlay thegroundsor ourresearchFirst,

power behaior of programsareshavn to exhibit phasebehaior, similar to performancemetricssuchasIPC and

missrates.Additionally thesephasesnay not bevisible by soletotal power obsnations,but canbe hiddenin the



variationsof power vectors. Secondly the emplo/ed runtimetechniqueenablesobseration of large scalephase
behaior in the orderof 10sof secondsAs discussedn [2], for mostworkloads,executingthe first few billions
of instructionswhich correspondo afew second®f actualexecution,canproducea misleadingview of program
power behaior. Thus,thesetwo obserationssetthe groundrulesof our pover phaseanalysisresearchto focus
on completepower behaior of programsandto identify representatie regionsthatcanaccuratelyandefficiently

reconstrucprogrampower behaior.
5 Using Power VectorsFor Similarity

In our similarity analysiswe considerthe power vectorsaspointersto executionpointsin the positve quadrant
of the power spacedefinedby the 22 vectorcomponentsWe definethe amountof power behaior dissimilarity
betweerany two pairsof executionpoints(or interchangiblypower vectors)asthe manhattamistancebetweerthe
two vectors,which is definedasthe absolutedifferenceof vectorelementssummedover all vectorcomponents.
We usea similarity matrix representatiofior our power vector sequences orderto quantify power behaior
similaritieswithin abenchmari{11]. Theconstructedipperdiagonalpower similarity matricesecordthedistance
betweerall pairsof vectorssuchthat,amatrix entry(r,c) shovs themanhattardistancebetweerthepower vectors
r andc. Only the upperdiagonalneedso be constructedasdistancefrom r to c is identicalto distancefrom c to
r. The diagonalof the matrix (r,r) correspondso actualexecutionpointsandcontainsonly zeros. Therefore as
eachvectoris perfectlysimilar to itself, perfectsimilarity corresponds$o a zeroin the matrix entry while higher
valuesrepresenhigherdissimilarity The executiontime flow is alongthe matrix diagonalandfor an execution
point (r, ¢), points(rl < r,c) representhe similarity with respecto previous sampleswhile points(r, ¢ < cl)
represensimilarity with respecto samplesn theforward path. We demonstratéhe generateghower similarity
matricesn termsof matrix plotsthatarealignedwith the executiontimelinealongthediagonal wherethetop left
cornerrepresentshe startof the timeline andthe lower right cornerrepresentendof timeline. In the similarity
plots shavn in Figures3, 4, 5 and6, the shadingis scaledfrom white, for maximumdissimilarity to black, for
perfectsimilarity, wheredarker regionsrepresenhighersimilarity betweerthe correspondingomponenpower
vectors.

In [5], we had suggestedhe similarity matrix to be constructedrom the original power vectorsacquired
from the runtime estimations. Here, we suggesta more restrictive approachin orderto also distinguishcases
wherevectorcomponentatios arerelatively differentfor vectorsof smallermagnitudesandthereforealsouse
normalizedmetricsin conjunctionwith the original vectors.Moreover, it is imperatie to know thatpower vectors
provide significantinsightover the behaior thatcanbe obsered simply from total power dissipation.Therefore,
we alsoprovide atotal powver basedsimilarity descriptionin comparisorio power vectorbasedsimilarity analysis.

In thefollowing subsectionsve discusghesessuesn aprogressie manneyfinally arriving atour final similarity



metric.
5.1 Similarity Based on Total Power

In orderto definethe similarity basedon total power, we constructedhe similarity matrix in Figure 3 by
consideringotal power asasingledimensionapower vector Thereforethesimilarity matrix directly corresponds
to the variationof absolutedifferenceamongexecutionpoints. Eachmatrix entry (r, ¢) is computedasshavn in

equationl, whereT'otal Power, . representhetotal pover samplesat executionpointsr andc.

Total Similarity Matriz(r,c) = |Total Power, — T'otal Power,| Q)

GZIP Similarity Matrix (Only Total Power)

Figure 3. Similarity Matrix based on total power

The similarity matrix in Figure 3, hidessignificantamountof informationthat canbe inferredfrom Figure2
to identify differentprogrampower phaseghatrepresentifferentpowver behaior. For instancetheregion from
from 200sto 380sis identified asalmostcompletelysimilar exceptfor the idle periods,while the power vector
componentshav differentpower behaior for all the 3 datasetsovered. In orderto identify thesephaseswe

utilize power vectorbasedsimilarity analysisasdiscussedn the next threesections.



5.2 Similarity Based on Original Power Vectors

Here,we describeourinitially proposedimilarity metricbasedn non-normalizegbower vectors.Thesimilar
ity matrixis constructedrom manhattardistance®f all the combinationpairsof non-normalizegower vectors.
A singlematrix entry (r, ¢) is computedasshavn in equation2, wherePV,. . representhe samplepower vectors

andi € {1,2,...,22} correspondo vectorcomponentndices.

22
Original Similarity Matriz(r,c) = Z | PV, (i) — PV,(i)] (2)
i=1

The generatednatrix plot is shavn in Figure 4, which identifiessomeof the phaseinformation concealed
by the total powver metric, suchas the obvious phasechangeghat occurwithin all 5 datasetswherememory
relatedpower drops,while executionandissuepower increasesvithin smalltime bursts. However, aninherent
downsideof this non-normalizedapproachs, vectorsof smallermagnitudeare boundto be consideredsimilar
eventhoughthey pointto very differentdirectionsin power spaceasthedifferencevectorwill alsobe of smaller
magnitudecomparedto differencesbhetweenhigher power vectors. In orderto overcomethis pitfall, we also

considemormalizedmetricsasdiscussedn the next two subsections.

GZIP Similarity Matrix

Figure 4. Similarity Matrix based on original power vector s.



5.3 Similarity Based on Normalized Power Vectors

In orderto singleout the effectsof normalizationherewe considera similarity metricbasedn only computed
normalizedpower vectors. The similarity matrix is constructedrom manhattardistancesf all the combination
pairsof normalizedpower vectors.A singlematrixentry(r, ¢) is computedasshavn in equatior3, whereN PV, .

representhe samplenormalizedpower vectors.

22
Normalized Similarity Matriz(r,c) = Z |INPV, (i) — NPV (3)| (3)
i=1

Thegenerateanatrix plot is shavn in Figure5, wherethe effectsof normalizationarereadily obserable. The
reasonbehindnormalizationis to emphasizehe differencesbetweenthe distribution of power into the vector
componentsin otherwords,the similarity metricdemonstratetiereis basedon therelative ratiosof component
powersindependendf vectormagnitudesConsequentlythe similarity matrix revealsmuchbetterdiscrimination
of low power vectorscomparedo Figure4. For instance44-70s,70-88sand460-480sexecutionregions,which
are identified as highly similar in figure 4 are distinctvely discriminatedin Figure5. However, one obvious
shortcomingpf the normalizedvectorsis their indifferencewith respecto magnitudeaslong asratiosprove to be
similar. This unfair treatmentanbe obsered at higherpower regionssuchas220-260sand270-350swhich are
consideredshighly similar althoughthe original similarity matrixinf Figure4 shavs alower degreeof similarity
betweerthe two regions. Finally, to avoid this pitfall, we presenta combinedapproachasan intersectiorof the

two similarity metricsin the next lastsubsection.
5.4 Similarity Based on Both Normalized and Absolute Power Vectors

As discussedn sectionss.2 and5.3, bothnormalizedandnon-normalizedechniquedendto disregardcertain
typesof dissimilarities. Therefore jn orderrestrictourselhesto similaritiesthat satisfyboth caseswe developed
anintersectiorof the abore two matricessothattwo vectorsareconsideredimilar only if they canbeconsidered
similar underbothmeasureswe performthis by addingthe two matricesafternormalizingeachto unity in order
to weight both measuregqually We thenlimit the resultantmatrix elementsy 1 sothatl is representate of
maximumdissimilarity and O correspondso perfectsimilarity. Hence,we do not normalizeafter the addition
of two matricesin orderto achiere a final similarity metric which emphasizeslissimilarities. In otherewords,
we want a similarity and a dissimilarity to resultin dissimilarity Consequentlythe final similarity matrix is

constructedrom thetwo previous similarity matricesasshavn in equatiord.

OrigSimM atri N SimMatri
Final Similarity Matriz(r,c) = min( rig§imMatriz(r, c) ormSimMatriz(r, c) )

max, .(OrigSimMatriz(r,c) = max, (NormSimMatriz(r,c)’

(4)
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GZIP Similarity Matrix <Normalized Vectors:

Figure 5. Similarity Matrix based on normaliz ed power vector s.

The matrix plot representinghis final similarity metricis shavn in Figure 6. This final plot identifiesboth
ratio basedand magnitudebaseddissimilaritiesrelatively well. Moreover, the emphasison dissimilarregions
alsoprovides much sharperdistinctionbetweenthe degreesof similarities. In comparisorto Figure 3, thefinal
similarity matrix plot revealssignificantly higher information regarding programpower phasespoth at lower
power andhigherpower executionregions.

With thisfinal similarity metric,we demonstrat@ower vectorbasedohaseanalysisprovidescertainamountof
insightinto workload power behaior, which cannotbe directly extractedfrom total pover behaior. Moreover,
thisfinal similarity metric providesa morerestrictve selectiorncriterion, by eliminatingbothmagnitudebasecand
ratio basedissimilaritiesin power behaior. In thefollowing researchyve utilize this similarity metricto identify

programphasesndcharacterizgprogrampower behaior.
6 Similarity Groups Based on Thresholding

In section5 we have demonstratetiow we caninformally distinguishsimilar programphasegrom the similar
ity matrix. By assessinthe degreeof darknes®f SimilarityMatrix(r,c), we canunderstandhe level of similarity
betweerexecutionpointsr andc. Yet,to beableto usethe similarity information,we needa moreformal way of
distinguishinghis phasebehaior, whichwill alsobeguidedby thetargetedapplicationof this similarity behaior.

Oneof our primary aimsin power phaseanalysisis to achiere a smallreducedworkloadsizefor a benchmark,

11



GZIP Similarity Matrix <Intersect Both>

Figure 6. Similarity matrix as the inter section of both normaliz ed and original similarity metrics.

which still captureamostof its powver behaior. As describedn [14], therearetwo commonwaysof achie/ing
this aim: reducingdataset$7], or time samplingof executionpoints[11]. Our methodologyis bestdescribedas
"Representatie SamplingTechnique”[14], wherewe try to achieve a small setof executionpoints,which are
representate of the overall power tracesof programs. Secondly we also definea setof representate power
vectorswhich arenot directly associateavith executionpoints,but ratherdefinea program’signature”basedon
their componenpower dissectionsand sequencef appearancén power trace. Thesesignaturevectorscanbe
usedin programidentificationandphaseprediction.
In this sectionwe introduceour thresholdingalgorithmin orderto respondo thetwo aforementionedssues:

- Groupingexecutionpoints—power vectors-basedon their similarity

- Representingower behaior with reasonabl@ccurag with a smallnumberof "signaturevectors”
6.1 Thresholding Algorithm

Thresholdingalgorithmprovidesa simplemeango groupexecutionpoints,while guidedby our aimto repre-
sentpower behaior with generatedgignaturevectors. First we specifya thresholdasa percentag®f maximum
dissimilarity betweenrall pairs. Then,startingfrom first executionpoint (0,0), it identifiesthe executionpointsin
the forward executionpaththatlie within the thresholdcriterion. For example,for a thresholdof 10%, a point

is consideredwithin thresholdif the manhattardistancebetweenthe startpointpower vectorand currentpower

12



vectoris lessthan 10% of maximumpossibledistanceandalsoif the distancebetweerthe normalizedvectors
at the two pointslies within 10% of maximumpossibledistancebetweemormalizedvectors. The thresholding
algorithm performsthis similarity groupingfor eachexecutionpoint to generatea groupingmatrix, similar to
similarity matrix, which demonstrateall the othersimilar pointsto eachexecutionpoint, for agiventhreshold.

In Figure7, we demonstrate¢he groupingsfor Gzip. Maximum differencefor all pairsof vectorsis 47.35and
for normalizedvectorsit is 1.69. Therefore for a 1% threshold the distancebetweenoriginal vectorsshouldbe
lessthan0.4735anddistancebetweemormalizedvectorsshouldbelessthan0.0169.Thefigures(a) and(d) shav
alsothe extreme caseswherefor 0.1% threshold,almostall nodesare only similar to themseles (the second
line parallelto timeline axis representshe executionpoints, which are pointsat locations(r, r)). For 50%, the
only discriminationleft is betweerthelow power andhigh power valuesdueto their large magnitudedifference.
For thevaluesthatlie within theseextremecasesevena 1% thresholdshavs someamountof capturedsimilarity.
Whenwe increasdhethresholdo 10%,we alreadyseethatall executionpointslie within atleastoneotherpoint’s
10%adjaceng anda significantamountof similar groupscanbeidentifiedfor mostof the points.

Thisfirst stepof thresholdingalgorithmprovidesuswith a moredirectsimilarity information: For eachexecu-
tion point, it shavs which otherexecutionpointsarewithin theradiusof the giventhresholdsothatthosepoints
canbe consideredimilar to the obsered executionpoint. However, this doesnt yet divide the executionpoints
into smallersetsof groups.To acquirethis final identificationof groups we walk throughthe generatedjrouping
matrix alongthe executionpathandfor an executionpoint (r,r) in the matrix, identify the points(r,c¢ > r) in
the forward executionpaththatlie within thethresholdThen,we tagthe correspondingxecutionpoints(c, c¢) as
the samegroup. Then,we find the next untaggedexecutionpoint alongexecutionand performthe sametagging
operationuntil we reachthe end of execution. Thus, we prevent ary taggedexecutionpoint from addingnew
elementdo its belonginggroup. In Figure 8, we first shav in figure (a) the measurecaind modeledtotal powver
tracefor Gzip. Then,in figures(b) and(c) we shav thedistribution of similarity groupsgeneratedby two different
thresholds.Figure (b) shavs the distribution of 254 groupsalongthe sametimeline for a tight thresholdof 1%,
while figure(c) shavs thedistribution of 33 groupsfor amorerelaxedthresholdof 10%. For thetighterthreshold,
the groupassignmentseemto have an almostmonotonicallyincreasingirendalongthe timeline, which means
mostof the points,which starta new group,cangatheronly their forward pathnearneighborswhile unableto
includemary executionpointsin furthertimescalesOn the otherhand,whenwe releasdhe similarity threshold,
severalexecutionpointsbegin to collapseinto samesimilarity groups.In additionto theabove two caseswe have
generatedroupdistributionsfor several otherthresholdsandin Tablel we shav the numberof generatedroups
for eachof theseappliedthresholds.n our experimentthetotal numberof original executionpointsfor Gzipis
974,andasthetalulateddatashavs, thenumberof groupsdecreasequickly to lessthan7.2%of executionpoints
within the first 5% threshold dueto the very regular andrepetitive behaior of Gzip. Afterwards,the numberof

groupscontinuesto decreaseavith a smallerpace,asthe groupingsstartto spavn the standalonevectorsat the

13



GZIP Phage Groups(v2): Threshold=0.047 (0.1%) GZIP Phage Groups(v2): Threshold=0.474 (1.0%)

(a) Threshold= 0.1% (b) Threshold=1.0%
GZIP Phase Groups(v2): Threshold=4.735 (10.0%) FZIP Phase Groups(v2): Threshold=23.677 (50.0%,

: =
‘ :
s

g

(c) Threshold= 10.0% (d) Threshold= 50.0%

Figure 7. Grouping Matrices for Gzip with Various Threshold Values

groupedges.
Therearemoreestablishedroupingalgorithmssuchask-meangpartitioningalgorithm[8], which choosesk
randomcenterpointsfor asetof vectorsanditeratively updatesentedocationsby assigningrectorsto thegroups
definedby thesecentershasedon minimum distanceandthenrecomputingthe group centroids. This algorithm
is usedin the SimPointwork of Sherwod et.al[11] andTodi’'s SPEClIitework [14]. However, our thresholding
algorithm senesfor our power characterizatiorpurposesasthe direct interpretationof manhattardistancefor
total power providesconfidencehatthetotal powver differencebetweerthe startingvectorof agroupandall other
memberof thegroupwill bewithin thegiventhreshold.Nonethelessa combinatiorof thetwo algorithmswhere

first the thresholdingalgorithm determineghe numberof of groupsfor a given thresholdandthenthe k-means
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Figure 8. Grouping Distrib utions for Gzip for 1% and 10% Thresholds

algorithmperformsthe partitioningfor the givennumberof groupsmight reveal betterresultsfor approximation.

6.2 Generating Representative Vectors

In section6.1, the thresholdingalgorithm hasprovided our responseo the first of the two raisedquestions:
How to groupthe power vectorsbasedon their similarity. For thesecondjuestionaswhetherwe couldrepresent
the power tracewith a smallersetof signaturevectors we usethe generategroupingsasthe startpointanddefine
arepresentate vectorfor eachgroup. Consequentlythe numberof groupsthatdependon the setthresholdis
alsothenumberof representate vectorsfor agiventrace.For therepresentaie vectors we constructhevectors
asthe component-wisarithmeticaverageof all the vectorsbelongingto the correspondingyroup. In Figures9
and 10 we shaw thedistribution of the 974 power vectorsto the 33 groupsfor Gzip for a chosenl0% similarity
thresholdaswell asthe correspondingepresentate vectorsfor eachgroup. Althoughtheseplotsdo notdirectly
shawv thetime relationof groupvectors this canbeinferredby crossreferencing-igures9 and 10 with the group

distributionsin Figure8.

In Figures9 and 10, the first setof vectorsshav the vectorsthat correspondo the executionpointsthatare
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Threshold | # Groups
0.1% 909
1% 254
3% 108
5% 70
% 50
10% 33
20% 15
30% 9
50% 1
70% 3
100% 1

Table 1. Number of Generated Groups vs. Threshold for Gzip.

memberof the shawn groupnumberin the x axis. The secondbar shawvs the generatedepresentate vectorfor

thatgroupasthe arithmeticaverageof all vectorsthat belongto the samegroup. In Figure9, we alsoshav the
numberof vectorsfor eachgroupwith boththe shavn histogram,andthe actualnumbersbelown the histogram.
The mostimmediateobsenration from the two figuresis, thereis a very uneven distribution of vectorsinto the
33 groups,wheregroupsl5 and 22 actuallyrepresentnorethan50% of the whole trace. Both normalizedand
non-normalizeglotsreveal, therearea few regionswithin the 15thand22ndgroups which presensignificantly
higher similarity amongthemseles with respectto the rest of the membersof the group. Theseregions are
discriminatedwhen we choosea tighter threshold,but they are groupedtogetherfor the given 10% threshold.
Neverthelessgdependingnthelevel of desiredaccurag, amoregreedygroupingmechanisntanfurtherfocuson

thesdfatgroupsandapplyasecondevel thresholdingwith atighterboundto identify theseregions. Moreover, the
non-normalizeglotsin Figure9 shav that, somedimensionsuchasthe tracecacheandretirementogic move

togetherthussignifying a dependenpower behaior, while someotherdimensiondike theL1 cache,L2 cache
andbuslogic canshav corversebehaior suchasgroupss vs. 6 and21vs.31. Thislastobsenationletsusassert,
with a power vectorbasedhaseanalysiswe canalsodiscriminatephasesnto groupssuchashigh L1 cacheand

low L2 power—i.e.group21—or suchashigh L2 power with low buspower—i.e.group31.
6.3 Seecting Execution Points

As we have discussedat the beginning of this section,our primary aim is to come up with a manageable
setof executionpointsthat capturemostof the programpower behaior. Unlike the representaie vectors,the
executionpointsshouldactuallyreferto anactualexecutiontime sothatthosespecifiedpointscanidentify powver
simulationpointssimilar to Calderet.als SimPoints. The methodologyboth [11] and[14] useis, choosingthe
vectorclosesto the centroidsof their generatealusters.This translatego our descriptiorasthe executionpoints
correspondindo the power vectorsclosestto the representate vectorsfor eachgroup. However, asdiscussed

in section6.1, the main adwantageof thresholdingalgorithm is that, the distancebetweenthe startpointof a
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groupandall othermembersf the groupis alwaysboundedby the giventhreshold. Therefore,in our selection
of the executionpoints, we choosethe earliestoccuringmemberof eachgroup—the startpoint-asthe selected
executionpointfor thatgroup. Thus,we canalwaysformally specifyanupperboundon theamountof difference
betweerthe originally estimatedoonver andour powver approximatiorbasedon the selectedsetof power vectors.
Additionally, as[1] discusses;zhoosingrepresentate simulationpointsearlierin the executiontimeline reduces
the time requiredto fastforward to the selectedsimulationpoints. As our implementationof the thresholding
algorithm alsotakesthis point into considerationpy walking alongthe forward executionpathto discover the
groupstartpointstheselectedexecutionpointsarealwaysthe’early’ simulationpointsin our experiments.

The power vectorsfor the selectedexecutionpointscanbe readily inferredfrom figures9 and 10, asthefirst
vectorin eachgroups set of vectors. Furtherdiscussionof selectedexecutionpoints and acquiredresultsis
includedin sections$.4and6.5, wherewe demonstrat¢he achiezed power traceapproximatiorandthe rangeof

approximatiorerror.
6.4 Reconstructing Power Traces

After having specifiedherepresentatie vectorsin section6.2,for eachexecutionpoint, we assigrtherepresen-
tative vectorfor the correspondinggroupasthatpoint’s powver vectorandthus,reconstructhewhole power trace
with only therepresentate vectors.Similarly, referringto the selectedxecutionpointsin section6.3, we identify
thecorrespondingpower vectorsandconstructhe power tracebasedn selectedxecutionpoints’ vectors.These
reconstructeghower tracesdemonstratehe closenes®f powver behaior characterizationto the original power
traces.In Figure 11, we shav the reconstructedracesbasedon representate vectorsfor thresholdsof 1% and
10%respectiely in figures(a) and(b), andin Figure12, we shav the power tracesbasedon selectedexecution
points. For Figure12, we only includethetracefor 10%thresholdas1% is indistinguishabldrom Figurel11(a).
All thethreeplotsshav actualmeasuredswell asmodeledoover asthereconstructegpoweris actuallyasecond
approximationto the actualpower throughthe performancecounterbasedpower estimation. Thus,we canalso
assessheaccurayg of our characterizationvith respecto thereal powver behaior.

Thereconstructegower tracefor 1% thresholdn Figurell(a)shavs almosta perfectmatchingto theoriginal
powerbehaior, with aproximatelyl /4 of theoriginal powervectors.Figurell(b)shavs adistinguishabl@amount
of mismatchbetweenthe traces,but it characterizeshe whole powver behaior with only 33 vectors,which are
approximately3.9% of the total vector samples. The power trace basedon the vectorsthat correspondo the
selectedexecutionpointsin Figure 12 also shaws a closebut distinguishableapproximationfor the samel0%
threshold.The differencein Figure12 seemdo be higherover the whole tracecomparedo Figure11(b), which
we discusgn moredetailin section6.5.

It is worth to notethat, the comparisons$n figures11 and12 only comparehetotal power behaior, while the
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RECONSTRUCTED GZIP POWER for Threshold=1% <254 Vectors>

—TOTAL_MEASURED_POWER  ==—=TOTAL_MODELED POWER ——RECONSTRUCTED_POWER
(Representative Vectors)

2
- %+ ————+H—F—-m — —
[
g
x5 ——"——4HMNMm—HN—1— — —
15— — il —— — - — - ————H——¢—————— — —
0 50 100 150 200 250 . 00 350 400 450 500
Time (s%
(a) Reconstructe®owerfor Threshold=1%
RECONSTRUCTED GZIP POWER for Threshold=10% <33 Vectors>
‘ — TOTAL_MEASURED_POWER ~——TOTAL_MODELED_POWER ——RECONSTRUCTED_POWER ‘
(Representative Vectors)
ss+—————|+-HH~=+H———t T+ ——— — — — —
45— — — — —
2
%+ — x4y —
9]
B
ss+————H—H+HH-—+ -+ -4 —
o
51— — M-l — — — 4 — - ———— | —— - —— — — — —
0 50 100 150 200 300 350 400 450 500

Time

250(5)
(b) Reconstructedower for Threshold= 10%
Figure 11. Reconstructed Power Traces for Gzip based on Representative Vectors.
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Figure 12. Reconstructed Power Trace for Gzip based on Selected Execution Point Vectors.,

ultimategoal of similarity analysisis to be ableto characterizgpower accuratelyacrossall dimensions.In order
to shav how the componentpowers are characterizedywe shav the power vector samplesalong the execution
timelinein Figuresl13, 14 and15. In Figure 13 we shav the original counterestimatedpower vectorsboth with
magnitudesandasnormalized.In Figures14 we shawv the resultantvectortracesfor representate vectors,and
in Figure 15 we shav the vectorsbasedon the selectedexecutionpoints, both normalizedand non-normalized.
In Figures13, 14 and 15, we only shav the vectortracesfor 10% threshold,asthe 1% caseis indistinguishable
from the original vectors. In the non-normalizeclots, we alsoshav the total power trace,which is the sumof
all shavn 22 vectorcomponentsanda constantidle power of 8W thatis not includedin the vectorplots. Both
reconstructedracesdemonstratethey capturemostof the large scalebehaior, while they seemto filter outsome

power variationsin smallerscales.
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6.5 Error Analysis

In previous sectionswe have shavn how the power behaior characterizationbasedon eitherrepresentate
vectorsor selectedexecutionpointsrelateto the original power behaior with variousdescriptionsin this section,
we quantify our approximatiorerrorwith respecto the original counterestimatedowers. We shav the absolute

errorfor total power in Figure16 andwe alsoshav vectorcomponenbasedabsolutesrrorsin Figurel?.

ERROR in TOTAL POWER for Threshold=10% <33 Vectors>
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Figure 16. The absolute error for total power characterizations
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Figure 17. The component-wise absolute errors

Theplots for representate vectorsandvectorsbasedon selectedexecutionpointsdiffer in onemajoraspect.
As mentionedn section6.1,sincewe choosedhe startpointf groupsasthe executionpoints,the sumof absolute
errorsfor componentss alwayswithin the specifiedthreshold while the errorsfor representate vectorsarenot
necessariljpboundwith the samethreshold. As a result, the errorsfor representate vectorsoccasionallyshoot
higherthanthethreshold-4.735W for 10%threshold.However, astherepresentate vectorsareat the centerof
eachgroup,the cumulatve error basedon representate vectorsis expectedto be lower. Thesearereflectedin
thevectorplotsasa moreevenly distributederrorin executionpointbasedolots, while representate vectorplots
shawv alower averageerroroverthewholetimeline. For representate vectors,TheRMS erroris 2.31Wandwhile
maximumerroris 7.10W For executionpoints,the RMS erroris 3.08Wandthe maximumerroris 4.71W which
arein accordancevith the discussedxpectations Hence the maximumdifferencesare higherthanthe rangeof

total power errorsin 16, asthey arebasedon the manhattardistancebetweernthe power vectors.In otherwords,

21



while absoluteerrorsbasedon total power shav the absolutedifferenceof the sumof vectorcomponentsthe
componenbasederrorsshav the sumof absolutedifferencesof vectorcomponentsthuspreventingtwo counter

power behaiors from cancellingeachother

7 Discussion and Future Work

Work reportedn this paperis apreliminarydecsriptionof our broaderesearchelatedto pover phaseanalysis
andtherearesereralissueghatwe planto addressn our currentour future researchln this section,we discuss
someof theissueghatdefineour futurework andalsosomeshortcoming®f our approach.

Althoughthe variability in several dimensionsof the power vectorsis whatenableghe programpower phase
characterizatiorsomeof thedimensionshaw very similarvariationssuchastheissuerelatedcomponentsMore-
over, althoughusefulfor processocomponentpower estimations somedimensionsare actually driven by the
sameperformancevents,which do notdirectly contritute to phasddentification. Therefore pneaspecof future
work involvesreducingthe dimensionalityof power vectorswithout lossof powver behaior. [11] usesarandom
projectiontechniquefor the samepurpose while [14] usesthe Principal ComponentAnalysis (PCA)[6], which
generates new setof componentssa linearcombinationof original componentsothateachcomponentepre-
sentsa differentdegreeof variancein the applieddataset.n futureresearchye planto usePCA, asit is a good
way of removing theredundanciefor our application wheresomecomponentsendto move together Moreover,
oneof aimsis to be ableto introducedimensionghat are conceptuallymeaningful while reducingdimensions,
suchasdirectionsthatrepresenhigh memorysubsystenpower, issuepower, etc.

As describedn section6, oneof the primaryaimsof power phaseanalysiss to be alsoableto identify a small
setof simulationpointsthat characterizgpower behaior. However, althoughwe canidentify simulationpoints,
we cannotverify our approachwith power simulationsasdont have accesgo a P4 power simulator Therefore,
onedirection of our curentwork involves relating the power phasebehaior to programstructureand identify
executionpointsfor a programthatcanbe appliedwith a differentarchitecturakimulator

Finally, asdiscussedn sections6.1 and 6.2, thereexist other possibilitiesfor generatingthe phasegroups,
which canpotentiallyperformbetter A combinationof thresholdingandk-meansalgorithmmay provide a better
characterizationyhile still letting us identify executionpointsthat satisfythe specifiedthresholdor a two-pass
thresholdingalgorithmcanproducegroupswith significantlyhighersimilarity with a slightincreasén numberof

groups suchasseparatinghedistinguishableaegionsin groupsl5 and22 of Figure9.

8 Conclusion

In this paperwe presentech power phaseanalysismethodologyfor characterizingprogrampower behaior

basedn powervectos samplecdat programruntimewith the performanceounterbasedpower estimationsetup.
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We usedour methodologyto identify executionregionswith similar power behaior for Gzip andgroupedthese
execution points using a restrictve similarity metric and a thresholdbasedgroupingalgorithm. Furthermore,
we identified execution points and representate power vectorsfor different specifiedthresholdsbasedon the
similarity groupsgeneratedy the thresholdingalgorithmandquantifiedthe accurag of our characterizationby
comparingtheoriginal power traceto reconstructegower traces.Our investigationof differentsimilarity metrics
revealedthatcharacterizingprogrampower basedon eitherthe absolutedifferencesf power vectorcomponents
or the similarity of ratio distributions amongcomponentgotentially identifiesspurioussimilarities. Therefore,
we defineda combinedsimilarity metric, which identifiessimilaritiescommonto both metricsandshaved thatit
identifiesonly true similaritieseffectively. Moreover, we demonstratethatconsideringonly total programpower
behaior concealanostof powver phaseinformationand canresultin misleadingconclusions.The experiments
with differentsimilarity thresholdsevealedthe numberof groupsquickly decreasasthresholdsncreasewithin
the 1-5%rangeandreconstructeghower tracesproducean almostperfectmatchfor thresholdsaround1%, with
only 1/4 of the original power vectors. The error analysisbetweenthe original powertraceand reconstructed
tracesshaved thatthe executionpointsalwayslimit the errorin characterizationvithin a giventhresholddueto
the generatiorof similarity groupsandselectionof executionpoints,while the maximumerror for representatie
vectorscanbesignificantlyhigherthana giventhreshold.For whole programexecution,selectedxecutionpoints
areshawvn to generate moreevenly distributedapproximatiorerror, but with a higheraverageerrorcomparedo
representate vectors.

This researctpresents different, power-oriented,programphaseanalysistechniquethatis basedon runtime
processopower estimation. The definedsimilarity metric characterizeprogrampower behaior basedon simi-
laritiesin bothtotal dissipatedpower anddistribution of power to processocomponentsUnlike previously used
performancemetrics,the power vectorsalso provide a direct relation betweenthe degree of similarity andthe
variationin total power, which enablesusto limit total power variationswithin athresholdwith the thresholding
algorithm. The generatedepresentate vectorscanbe usedas”programpower signatures’for programpower
characterizatiomndthe selectedexecutionpointsrepresent directreferencefor power simulations.Moreover,
As our power phaseanalysisis basedon a real, available system,it canreadily be usedin several aspectof
computerarchitecturegesearclsuchasdynamicpower andthermalmanagementin conclusionthis work offers
a phaseanalysismethodologyspecificallytargetedat characterizingpowver behaior andwe believe, this power

phaseanalysigechniquecanprovide asignificantinsightto power awareandworkloadcharacterizationesearch.
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