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Abstract

With power dissipationbecomingan increasinglyvexing problemacross manyclassesof computersystems,
measuringpower dissipationof real, running systemshas becomecrucial for hardware and softwae system
reseach and design. Live power measuementscan aid in evaluating full-systembehavioy and are impeative
for studiesrequiring executiontimestoo long for simulation,suc aslong-termthermalanalysis. Furthermoe,
asprocessas becomanore comple andemployincreasinglyaggressivedynamicpowermanaementedniques,
measuringlive power dissipationfor a running systembecomesnore important. Likewisg estimatingperunit
power dissipationhas also becomemore challenging dueto complicatedinteractions betweerhardware sub-
units.

In this paperwe describeour tedniquefor a coordinated measuementapproad that combinesreal total
power measuementwith performance-countdrasel, perunit power estimation. The resultingtool offers live
total power measuementdor Intel Pentium4 processas, and also offers live powerbreakdowndor 22 of the
major CPU suhunits, including the cadhes,branch prediction,renaminghardware and others. Becausehetool
measuesa live, runningsystemit hasnegligible run-timeoverhead.In this paper we presentpowerdissipation
timelinesfor minutesof full applicationrun-time Our programs studiedinclude SPEC2000as well as other
desktopworkload applicationssud as web browsingand text editing Sud measuementsgive insightsinto
the long-termpower and thermal behaviorof realistic workloads. Ovenll, this paperdemonsitesa power
measuementmethodolgy for current, high-performancerocessos, and also givesexperiencesand empirical

applicationresultsthat canprovide a basisfor future powerawatre reseach.



1 Intr oduction

Enegy andpower densityconcernsn modernprocessortave ledto signi cant computerarchitectureesearch
efforts in poweraware andtemperaturesaare computing. As with ary applied,quantitatve endesors in archi-
tecture,|it is crucialto beableto characterizexisting systemsandto evaluatetradeofs in potentialdesigns.

Unfortunately cycle-level processoisimulationsare time-consumingand are often vulnerableto concerns
aboutaccurayg. Particularlyfor thermalstudiesyvery long simulationscanbe required,sincetherearelong time
constant@ssociatedvith processorapproachingquilibriumthermaloperatingooints[22].

Furthermoreresearchersftenneedthe ability to measurdive, runningsystemsandto correlatemeasurede-
sultswith overall systemhardwareandsoftwarebehaior. Live measurementsllow acompleteview of operating
systemeffects,disks,andmary otheraspect®f “real-world” behaior.

While live measurementgainvaluefrom their completenesst canoftenbedif cult to “zoomin” anddiscern
how differentsubcomponentbave contrituted to the obsered total. For this reasonmary processorprovide
hardwareperformanceounterghathelpgive unit-by-unitviews of processoevents.

While goodfor understandingprocessomperformance the translationfrom performancecountersto power
behaior is moreindirect. Nonethelesssomeprior researctefforts have producedoolsin which perunit enegy
estimatesrederivedfrom performanceounterd14, 15|.

Prior counterbasedenepgy toolshave beengearedowardsprevious-generatioprocessorsuchasthe Pentium
Pro. Sincetheseprocessorssedittle clockgating,they hadminimal powvervariability with workload.As aresult,
back-calculatingunit-by-unit power divisionsis fairly straightforvard. In todays processorshowever, power
dissipationvariesconsiderably—50 Watts or more—onan application-by-apcation andcycle-by-gcle basis.
As such,counterbasedpower estimationwarrantsfurther examinationon aggressiely-clock-gated superscalar
processortike the Intel Pentiumd.

Theprimary contritutionsof this paperareasfollows:

1. We describea detailedmethodologyfor gatherindive, perunit powver estimatedbasedon hardware perfor

mancecountersn complicatecandaggressiely-clock-gatedmicroprocessors.

2. We presentive total power measurementer SPECbhenchmarkaswell assomecommondesktopapplica-

tions.

3. From the long-runningpowver measurementa/e have obtained,we develop a methodof power-oriented

phaseanalysisusingBayesiarsimilarity matrices andwe presentesultsfor several SPECapplications.

Theremainderof this paperis structuredasfollows. Section2 givesan overviev of our performancecounter
andpower measuremennethodology Sections3 and4 thengo into detailsaboutour mechanisméor live mon-

itoring of performancecountersandpower. Following this, Section5 developsa techniquefor attributing power
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to individual hardware units like cachesfunctional units, and so forth by monitoring appropriateperformance
counters.Section6 givesresultson total power and perunit power measurement®r collectionsof SPECand
desktopapplicationsand Section7 analyzegprogramphasebehaior basedon measuregower signatures.Fi-

nally, Section8 discusseselatedwork andSection9 givesour conclusionsandofferssomeideasfor futurework.
2 Overall Methodology

The fundamentabpproachunderlyingour pover measurements to usesampledmultimeterdatafor overall
total power measurementandto alsouseestimatedasedn performanceounterdatato produceperunit powver

breakdavns. Figurel shavs thebasic o w we employ.
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Figure 1. Overall power measurement and estimation system o w.

Live powver measurementfor the running systemare obtainedfrom an ammetermeasuringcurrenton the
appropriatgoower lines. In parallel,perunit powver estimatearederivedfrom appropriateveightingsof Pentium
4 hardware performancecounterreadings.To accesghe P4 performanceountersthereare a small numberof
pre-writtencounterlibrariesavailable [23, 10]. Mainly for efciency and ease-of-us€as describedn the next
section)we have written our own Linux loadablekernelmodule(LKM) to accesghe counters.Our LKM-based
implementatioroffersamechanisnwith sufcient e xibility, while incurringalmostzeropower andperformance
overheadsothatwe cancontinuouslycollectcounterinformationatruntimeandgenerateuntimepower statistics.
Furthermorethe counterreaderis easilyinstalledon arbitrary Linux/P4 machinesbecausef the LKM-based
implementation.

Thelive power measuremerfor the Pentiumd is obtainedusinga currentprobe—ammeter to detectcurrent
dravn by the processompower lines. (While we could also probe power lines leadingto disk and elsavhere,
we chooseto focus hereon CPU behaior.) The clamp-styleammetemlugsinto a digital multimeterfor data
collection.A separatéoggingmachinequerieshe multimeterfor datasamplesandthengeneratesuntimepower
plots and power logs for arbitrarily long timescales.Section4 describeghe powver measuremergetupin more
detailandpresentseveral power tracesto demonstratéhe powver measuremergcheme.

Section5 describesur power estimationtechniquebasedon the performancecounterreadingsobtainedirom
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alive programrun. Froma Pentium4 die photo,we breakthe processomto sub-unitssuchasL1 cache branch
predictionhardware,andothers.For eachcomponentye develop a power estimationmodelbasedon combina-
tionsof eventsavailableto P4 hardwarecountersaswell asheuristicshattranslateaventcountsinto approximate
accesgatesfor eachcomponent.Somecomponentssuchas cachesarerelatively straightforvard sincethere
are hardvare event countersthat mapdirectly to their accessesOthercomponentssuchasbus logic, have less
straightforvard translations. This is discussedurther in Section5. As the last step, we usethe real power
measurementsbtainedfrom the ammeterin conjunctionwith Power Client's counterbasedpower estimatedo
synchronizeandprovide a comparisorbetweerthe measure@ndestimatedotal pover measures.

Finally, we give someP4 implementatiorand microarchitecturatletailsas an overvien of the processoour
researclis basedn. Themachinemeasuredh all power measuremerdandlater power estimationexperimentss
a1l.4GHzPentium4 processqr0.18 Willamettecore. The CPU operatingvoltageis 1.7V andpublishedtypical
and maximumpowersare 51.8Wand 71W, respectiely [13]. The processoimplementsextremely aggressie
power managementlock gating,andthermalmonitoring. Almost every processounit is involved somekind of
power reductionplan andalmostevery functionalblock containsclock gatinglogic, summingup to 350 unique
clock gatingconditions. With the help of this aggressie clock gating,P4 canprovide up to approximately20W
power savingsontypical applicationd4].

The NetBurstmicroarchitecturés basedon a 20-stagamispredictionpipeline,thatusesa tracecachethatcan
hold upto 12K micro-ops(uops) which remaovestheinstructiondecodingrom themainpipeline.In the NetBurst
microarchitecturea front-endBPU is usedto predictbranchegetchedfrom anintegrated8-way 256kBL2 cache
with 128bytelines. A secondsmallerBPU is usedto predictbranchedor uopswithin traces.Thetracecachecan
issue3 uopspercycle in deliver modeand1 uop per cycle while building tracesfrom instructiondecoder Two
double-pumpedLUs areusedfor simpleinteger operationsandthe oating pointunitis usedfor oating point
andSIMD operationsThe 4-way 8kB L1 cachewith 64 bytelinesis accesseth 2 cyclesfor integerloads,while
thelL2 cacheis accesseth 7 cycles.

In thefollowing sectionsve presenbur runtimepowver modelingmethodologyin this progressie manner We

rst describeevent monitoringwith performancecountersthenwe describethe real pover measuremengetup

andafterwardsthe power estimatorave have developed.
3 Using Pentium 4 Performance Counters

Most of today's processorincludesomededicatechardware performanceountersandcontrol,for detugging
and event monitoring purposes.The generalperformancenonitoring mechanisncanbe describedn termsof
several processingunits generatingzariousevents,event detectorsletectingtheseeventsand producingtriggers

for the counterswhile accordinglycon gured countersincrementingwith the correspondingdriggers. A more



comprehense descriptionof eventdetectionandcountingcanbe foundin [24].

Intel introducedperformancecountinginto IA32 architecturewith Pentiumprocessorandhasgonethrough
two morecountergenerationsincethen. Pentium4 performanceountinghardwareincludesl8 hardware coun-
tersthatcancount18 differenteventssimultaneouslyn parallelwith pipelineexecution.18 countercon guration
control registers(CCCRs),eachassociatedvith a unique counter con gure the countersfor speci ¢ counting
schemesuchasevent Itering andinterruptgeneration45 eventselectioncontrolregisters(ESCRs)specifythe
P4 eventsto be countedandsomeadditionalmodelspeci ¢ registers(MSRs)for specialmechanismsin addition
to the 18 event counters thereexists a specialtime stampcounter(TSC) thatincrementswith processorclock
cycle ([11, 24)). Intel P4 performancamonitoringeventscomprise59 event classeghatenablecountingseveral
hundredspeci ¢ eventsasdescribedn appendixA of [11]. The eventmetricsarebrokeninto cateyoriessuchas
generalpranchingtracecacheandfront end,memory andsoforth [12].

In orderto usethe performanceounterswe implementtwo LKMs. The rst LKM, CPUinfq, is simply used
to readinformationaboutthe processochip installedin the systembeingmeasuredThis helpsthetool identify
architecturespeci cationsand discernthe availability of performancemonitoring features. The secondLKM,
PerformanceReadeimplementssix systemcalls to specifywhich eventsshouldbe monitored,andto readand
manipulatecounters.Thesystemcallsare: (i) selectevents: Updateshe ESCRandCCCR elds asspeci ed by
the userto de ne the events,masks,andcountingschemes(ii) resetevent counter: Resetsspeci ed counters,
(i) start event counter: Enablesspeci ed counters controlregisterto begin counting,(iv) stop event counter:
Disablesspeci ed counters control registerto end counting, (v) get event counts: Copiesthe currentcounter
valuesand time stampto userspace,and (vi) setreplay MSRs: updatesspecialMSRs requiredfor “replay
tagging”

Becauséhe performanceounterhasa simpleandlightweightinterface,we cancompletelycontrolandupdate
counterseasily from within ary application. (We canalsorun a helperapplicationthat readscountersat x ed
intenals while anotherapplication-undetest runs.) The performanceeaderwaswritten to be very lightweight
andlow-overhead.The start,stop,andreseteventcountersystemcalls areonly threeassemblyinstructions.The
systemcall for gettingeventcountsat the endof a measuremeris longer becauset requirescopying dataelse-
wherein memory but is invoked infrequently For applicationswith moderaterun-timeswherecounterover ow
is notyetanissue get-ezent-countsieednot be executedduringthe coreof anapplication.

To validatethe performancaeader we presenicounterdatafrom microbenchmarksvritten to target speci ¢
processounits. The rst benchmarkshavn in Figure 2, generates desiredL1 cachehit rate by executingl
billion iterationsof traversingthrougha large linkedlist of pointersin a pseudorandoresequencevith the degree
of reuseguidedby the userspeci ed desiredhit rate. We usetwo metricsto evaluatethe L1 hit rates. The rst
metricis to have aneventcounterdirectly countingloadinstructionghataretaggeddueto aloadmissreplay The

second]essdirect, metricusesL2 accesseasa proxy for L1 missesaslong asdatais expectedto residein L2
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Figure 2. L1 hit rate experiment. Figure 3. branc h rate experiment.

cacheandotherapplication/systeraccesse® L2 areminimal. The gure shavs thatbothmethodsof measuring
L1 cacheperformancdrackthetarget quite closely particularlyfor hit ratesof 50% or more. While the counter
measuredhit ratesarebothslightly belov theidealtamet,thisis dueto initialization effectsin themicrobenchmark
code.In themainbenchmarkoop of cacheexperimentthereare8 IA32 instructions andsowe expect8 billion
retiredinstructionsfrom the full program.The actualvaluereadfrom the counterss , wheremostof
the additionalinstructionsaredueto OS scheduling.Thus,the performanceeaderoperatesaccuratelyandwith
trivial overheadaslong assamplingintervals arekepton the orderof milliseconds.

The secondbenchmark,llustratedin Figure 3, generates desiredrate of taken branchesy comparinga
large randomdatasetto a thresholdsetto generatethe desiredbranchingrate. Moreover, the randomness
of the dataenablesus to approximatelyspecify the expectedmispredictrate as:

. As the gure shaws, the branchmicrobenchmarlproduceghe desiredamountof
taken brancheseffectively. Additionally, the mispredictratesgeneratedare closely relatedto our expectation,

usuallyshootingaround10% higherin 20%-40%expectedmispredictiorrange.

4 Real Power Measurements

Thelive total pover measuremerit our setup(Figure4) is accomplishediia a clampammeter While some
prior powver measuremenivork hasaddedseriesor shuntresistorsto the systemto measuregpower dissipation
[26, 19|, we chosethe clampammeterapproachbecauset is unobtrusie andavoids needingto cut or addary
wireson the systembeingmeasured.

The main power lines for the CPU operateat 12V, andthenarefed to a voltageregulatormoduleto corvert
this voltageto actualprocessooperatingvoltageandprovide tight control over the voltagevariations[28]. We
veri ed thisinformationby measuringhe currentthrougheachof the 17 powerlinesin our systemwhile running

amicrobenchmarkhatcreatesiigh uctuationsin processopower. Threel2V linesyield currentvariationsthat
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Figure 4. Processor Power Measurement Setup.

follow the processorctity tracked by the performanceeaderwhile otherlines presentanuncorrelategpowver
behaior, usuallywith insigni cant power variation. Therefore,we useour currentprobeto measurehe total
currentthroughthe 12V lines.

We usea Fluke i410 currentprobeconnectedo an Agilent 34401digital multimeter(DMM). TheDMM sends
thevoltagereadinggo a secondoggingmachinea 2.2GHzPentium4 Processgivia the serialport. Thelogger
machinegetsthevoltagereadingsrom serialportandcorvertsthesevaluesinto processopower dissipatiorwith
the power relation: anddisplaysthe measureduntimepowerin a
powermonitorover a runningtime window, while alsologgingthetime vs. voltageinformation.

In our experimentswe samplel000readingpersecondwith 4- digit resolutionwhich correspond$o 0.12W
power resolution. The DMM cangeneratearound55 ASCII readingsper secondo RS232 thereforewe collect
the datain theloggermachineat 20msperiods.Thelogging machinethencomputesa moving averagewithin an
evenlongersecondsamplingperiodthatis usedto updatethe on-screerpower monitorandthe datalog. (We use
this secondsamplingperiodsothatwe canlik ewise usecoarsesamplingperiodsto readperformanceountersn
Section5.)

Before we shaw large-scalébenchmarkresultsin Section6, we shawv herea snapshobf the runtime power
monitor measuringhe power of several microbenchmarksin Figure5, we shav the power tracesfor four mi-
crobenchmarksThe leftmostbenchmarkfast is very simplecodewith two integerandone oating-point oper

ationinsidea computation-dominatekbop. The next benchmarks the brandh microbenbimarkdescribedn the



previoussection.Thethird applicationin thetimelineis calledhi-lo, becausét is aniteratve stressmarklesigned
to repeatedhswingpower dissipatiorfrom very low to very high. Finally, thelastthreerunsshavn in thetimeline

correspondo the cache microbentimark from the previous section,runningwith threedifferentdesiredcache
missrates.

Fromthe microbenchmarlpower traces several characteristicarealreadyclear First, betweenapplications,
thereis signi cant power variation 60W down to 25W dependingon the program. Idle power further drops
to around8W. This power variationis dueto partial utilizations of componentsand the resultingclock gating.
Prior power measuremenwork, donefor exampleon PentiumPro processorsshaved power variationsof only a
handfulof Watts[14]. Thehi-lo benchmarkvasparticularlywrittento highlightthis power swing;it hasaroughly
30W swingaspartof eachiterationof its mainloop. Thethreedifferentcasef the cachemicrobenchmarlalso
shaw interestingpower behaior. Dependingon auserspeci ed hit ratetarget,the samecode,with 8 billion 1A32
instructions generates signi cantly differenthit rateandthereforedifferentpower pro le, andexecutiontime.
In thethreecaseshavn here,the rst casehasahigh L1 hit rate,the secondonehasa low L1 hit ratebut small
enougHootprintto avoid L2 missesandthethird onehasalow L1 hit rateandalargefootprintto incurL2 misses
aswell. In thethird case phasebehaior is clear:theinitialization phasehaslower power, andthe coreexecution

phasehashigherandlessvariablepower.
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We closethis sectionwith a selectionof total power obserationsfrom the SPECbenchmarksln Figure6, we

demonstratehe power tracesfor Spec200enchmarkgycc andvpr, compiledwith gcc-2.96with -O3 -fomit-
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frame-pointercompiler ags, for full benchmarkunsover severalminutes.Despitetheir similar averagepowers
(seeFigure 15, non-idle averagemeasuregower), the two benchmarkshav a very different powver behaior
duringtheir runtimes. The vpr benchmarkmaintainsa very stablepower, while gcc producessigni cant power
uctuations. The applicationsalsoclearly demonstratseseral phaseof executionduring their lifetimes. Given
the long timescalesover which thesedatawerecollected,it is clearthatlive powver measurementarecrucialto

futurepower-awareresearchsincesimulationtimesto gathersuchdatawould be prohibitive.
5 Modeling Power for ProcessorSub-Units

While total power measurement®r long-runningprogramsarealreadyuseful,we alsowish to be ableto esti-
matehow power subdvidesamongdifferenthardware units. Prior work hasdevelopedcounterbasedor pro le-
basednethoddor this for muchsimplerprocessor§l?7, 3, 26, 14]. In our approachye aimto estimatephysical
componenpowersusingcounterbasedneasuresandalsoto generate reasonabléotal pover estimate.

Our modelingtechniquepresentdistinct featurescomparedo previous examples. We estimatepower for a
much more complicatedmodernprocessqrwith extremely aggressie clock gating and high power variability.
Secondwe considerstrictly physicalcomponentslirectly from the die layout, asopposedo “proxy” cateyories
aggregatedfor corveniencebut not presentasa singlehardware unit on the die. Finally, we estimatepower for
all levelsof processoutilization for arbitrarily long periodsof time, ratherthanrestrictingour techniqueonly to
power variationsat high processouwutilization. In this section,we rst walk throughour methodologyandthen

demonstratéhe experimentaketup.
5.1 De ning Componentsfor Power Breakdowns

The processocomponentgor which the power breakdavns aregeneratednight be chosenn differentways,
with varying granularityandinterpretations.For example,one canconsiderthe four processosubsystemsle-
scribedin [8]: memory in-orderfront end,out of orderengine andexecutionasthecomponent$or which power
shouldbereported.Or instead onemight usea moreconceptuainterpretatiorsimilar to [14] in which cateyories
suchasissue executionmemory fetchandreordesrelatedcomprisehe powver breakdavns. The rst optionlacks
the ne granularitywe desire while the seconddoesnt provide a directmappingto a physicallayout.

In our approachwe choosea reasonablyne granularity and—mostimportantly—ourcateyoriesare strictly
co-locatedphysicalcomponentsdenti able on a die photo. This decisionis basedon the ultimate endgoalof
our projectwhich is to supportthermalmodelingandprocessotemperaturealistributions, both of which rely on
actualprocessophysicalparametersConsequentlybasedon an annotated?4 die photowe de ne 22 physical
componentsBuscontrol,L1 Cache L2 Cache L1 BranchPredictionUnit (BPU), L2 BPU, InstructionTLB &

Fetch,Memory Order Buffer, Memory control, DataTLB, Integer execution,Floating point execution, Integer



register le, Floatingpointregister le, InstructiondecoderTracecache MicrocodeROM, Allocation, Rename,

InstructionQueuel]nstructionQueue2 ScheduleandRetirementogic.
5.2 De ning P4Eventsto Guide Estimation

Regardingthe microarchitecturapropertiesandavailableP4 events,we developa rst setof heuristicswhich
specifyseveral P4 events,whosevariouscombinationsestimatehe accesgatesfor thede ned componentsThe
nalized setof heuristicsinvolve 24 event metricsfor the 22 de ned processocomponents.While the full set
of heuristicsis too large to presenthere, Table 1 givesa sampleof processocomponentandthe performance

countermetricswe devisedto actascomponenticcessates which areusedfor power weighting.

AccessHeuristics

BusControl

FrontEndBPU

L1 Cache

TraceCache

Integer Execution

Table 1. Examples of processor components and access rate heuristics, which are used as corre-
sponding power weightings for the components.

For example,bus controlaccessatescanbe obtainedby con guring 10Q Allocation to countall bustransac-
tions(all readswritesandprefetches)hatareallocatedn thelO Queuewhichliesbetweerthel2 cacheandbus
sequencegueueby all agentgall processorandDMAS). FSBdataactvity is con guredto countall DataReal¥
andDataBuSYeventson the front side bus, whenprocessoor otheragentdrive/read/reseesthe bus. The bus
ratio (3.5in ourimplementation)s theratio of processoclock (1400MHz)to bus clock (400MHz),andcorverts
thecountsin referenceo processoclock cycles.

Tracecacheactvity canbe discernedby con guring the “Uop queuewrites” metric to countall speculatie
uopswritten to the smallin-orderuop queuein front of out of orderengine.Thesecomefrom eithertracecache
build mode tracecachedeliver modeor microcodeROM.

Asa nal example thereis nodirectcountereventfor thetotalnumberof integerinstructionsxecuted.Instead,
we total up the counterdor the eighttypesof FPinstructions giving usan estimateof total FP operationsssued.
We thensubtractthis from total written speculatre uopsto getaninteger estimatedotal. Integer operationghat
are not load/storeand branchare scaledby 2 asthey usedoublepumpedALU, while load/storesuseaddress
generatiorunits andbranchprocessings donein complex ALU, togetherwith shifts, ag logic and multiplies.
We cannotdifferentiatemultiply and shifts andthereforethey are computediwice. Also, somex87 and SIMD

instructionsaredecodednto multiple uops,which maycausaundercounting.
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At theendof all themetricde nitions, we endup using15 counterswith 4 rotations.TheP4eventsandcounter
assignmentaredesignedo minimizetheamountof counterswitchesrequiredio measurall the metricsneeded.
At leastfour rotationsareunavoidable,as oating point metricsinvolve 8 differentevents,of which only two ata

time canbe counteddueto thelimitations of P4 counterdn ESCRassignments.
5.3 Counter-basedComponentPower Estimation

We usethe componentaccessates—eithegivendirectly by a performanceounteror approximatedndirectly
by oneor moreperformanceounters—to weightcomponenpowver numbersin particular we usetheaccessates
asweightingfactorsto multiply againsteachcomponens maximumpower valuealongwith a scalingstratgy
thatis basedon microarchitecturahnd structuralproperties. In general,all the componentpower estimations
arebasedon equationl, wheremaximumpower and conditionalclock power are estimatedempirically during

implementationThe in theequationarethe hardwarecomponents] through22.

1)

Our estimationtechniqueutilizes a piecavise linear relationbetweerthe accessatesand componenpowers,
speci cally for theissuelogic units. Thisemegesfrom our runtimeobsenrations,which revealthis sortof nonlin-
earbehaior suchthat,aninitial increasan from idle to arelatively low accessatefor issuerelatedcomponents
causesa large increasean processorpower, while succeedingimilar or higheramountsof increasesn access
ratesproducemuchsmallerpower variations. Therefore for the issuelogic componentsto be ableto track this
processeawakening condition, we apply a conditionalclock power factorin additionto linear scalingabove a
low thresholdvaluethatdifferentiatebetweergatedandnongatedtlock conditions.

As an exampleof the overall technique,considerthe trace cache. It delivers 3 uops/gcle when a traceis
executedand builds one uop/g/cle wheninstructionsare beingdecodednto a trace. Therefore the accesgate
approximationfrom deliver modeis scaledby 1/3, while accesgatefrom instructiondecoderis scaledwith 1.
Theseratesarethenusedastheweightingfactorfor estimatednaximumtracecachepower.

We constructthe total power asthe sumof 22 componenpowers calculatedasabove, alongwith a x edidle
power of 8W from thetotal power measurementdescribedn Sectiord. Hence this x ed8W basencludessome
portion of globally non-gatedclock power, whereaghe conditionally-gategortion of clock power is distributed

into componenpower estimations.

)

For initial estimate®f eachcomponens “maxpaver” value,we usedphysicalareasonthedie. Afterwards,we

tunedour maximumpower estimatesand clock powver assumptiondasedon the developedruntimeveri cation
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schemefor a small setof training benchmarks—thd microbenchmarkslescribedn section4—to achieve a
muchclosercomparisorbetweenthe modeledandmeasuredotal power asshavn in gure 7, wherethe darler
coloredestimategower is plottedsynchronouslyvith thelighter coloredmeasuregower atruntime.Hence we
only usedthe shavn 4 microbenchmark$o manipulateour estimatesin orderto be ableto objectively testour
approximationwith differentprograms. Thesefour microbenchmarksre designedo producestableprocessor
behaior, with varioussimpleexecutioncharacteristicayhich helpedussingleout certainpower behaior andtest

our correspondingstimations.

Figure 7. Total Power after tuning of maximum component powers and idle power assumptions

5.4 Final Implementation

Ultimately, our power modelingimplementationis built uponthe real power measuremensetupshavn in
Figure 4, which is usedfor runtime veri cation. Additionally, we useour performancereaderto provide the
systemwith the requiredcounterinformationandthe loggermachinecollectsall the counterand measurement
informationto generatéhe completeruntimecomponenpower modelingandtotal power veri cation system.

Measuredorocessorcurrentis againsentby the DMM to the logger machinevia RS232andthe logger ma-
chinecorvertsthe currentinformationto power before. On the measurednachine PowerServercollectscounter
informationevery 100ms,for the P4eventschoserto approximatecomponenaccessates;t alsoappliescounter
rotationsandtimestamping.Every 400ms,it sendscollectedinformationto the logging machineover ethernet.
While this perturbssystembehaior slightly, it is doneasinfrequentlyaspossibleto minimizethedisturbanceOn
theloggermachine PowerClientcollectsmeasuredimmetedatafrom theserialport,andraw counterinformation
from ethernetCombiningthetwo, it appliestheaccessateandpowver modelheuristicsandgeneratesomponent

power estimatedor the de ned components After the processingf collecteddata, PoverClientgenerateshe
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runtimecomponenpower breakdevn monitoraswell asruntimetotal power plotsfor bothmeasureéndcounter
estimatecpower aftersynchronizinghe modeledandmeasuregowers,over a 100 secondime window, with an

averageupdaterateof 440ms.
5.5 Results

To bagin, we shaw generateghowver breakdavnsfor branchandcachemicrobenchmarkghatwereintroduced
in Section3. As onecannotgain physicalaccesto percomponenpower to measureandsincepercomponent
power valuesarenot publishedwe usethe closematchof measuredammeter}otal power to estimatedcounter

based}otal power asa gaugeof our models accurag.
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Leftmostbar of Figure 8 shavs the estimatedpower breakdavns for our branchexercisemicrobenchmark.
This is a very small programthat is expectedto residemostly in tracecacheandthatis mostly L1 bound. This
microbenchmarlks a high uopspercycle (UPC), high-paver integer program.The breakdavns shav highissue,
executionandbranchpredictionlogic power, while asexpected.2 cacheandbusfor mainmemaorydissipatdower
power.

Secondbar of Figure8 shawvs breakdavns for cacheexercisemicrobenchmarkvith an almostperfectL1 hit
rate. Onceagain,the componentoreakd@vns track our intuition well. The breakdevns shawv high L1 power
consumptiorandrelatively high issueandexecutionpower aswe do not stall dueto L1 missandmemoryorder
ing/replayissuesBoth L2 andbus power arerelatively low.

In thethird barof Figure8, we con gure the cachemicrobenchmarko generatéigh L1 misseswhile hitting

almostperfectlyin L2. The power distribution of L2 cacheis seento increasesigni cantly, while executionand
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issuecoresstartto slov down dueto replaystalls. Moreover Memory orderbuffer shaws slight increasedueto
increasingnemoryloadandstoreport replayissues.

Finally, in the rightmostbar of Figure 8 we alsogeneraténigh L2 missesandthereforebus power climbs up,
while executioncoreslowvs dowvn evenfurtherdueto highermainmemorypenalties. Althoughtotal L2 accesses
actuallyincreasedueto signi cantly longerprogramdurationasdemonstrated Figure5, accessatesrelatedto
L2 dropandaggrejateL.2 power decreases.

Overall, this sequencef microbenchmarksyhile simple,builds con dencethatthe counterbasedpower es-
timatesare shawing reasonabl@ccurayg. In the sectionghatfollow, we presentmorelarge-scaleJong-running

experimenton SPECanddesktopapplications.

6 Power Model Results

In the precedingsectionwe shaved someinitial percomponenpower resultsfor our microbenchmarkd-ere,
we provide power breakdavns and total powver estimatedor the full runtimesof selectedSPECbenchmarks,
aswell as somepracticaldesktopapplications. The SPEC200benchmarkshavn in this paperare compiled
usinggcc-2.96andwith compiler ags of “-O3 -fomit-frame-pointer”.We usethe referencanputswith a single
iterationof run. In orderto demonstrateur ability to modelpower closelyevenatlow CPU utilizations,we also
experimentedvith practicaldesktopools, AbiWord for text editing, Mozilla for web browsingandGnumericfor
numericalanalysis All theseébenchmarksharethecommonpropertyof producinglow CPU utilization with only

intermittentpower bursts.

6.1 SPECResults

In this section,we shaw SPECintprogramsvpr andtwolf, aswell asequale from SPECfp(Paver behaiors
of gcc and gzip are referredto in section7 and are not includedhereto avoid repetition.) In Figures9-14,
total power estimationsand estimatedoower breakdavns for vpr, twolf and equale are demonstrated Similar
gures for gcc and gzip areincludedin Figures18 and 19. We discussthe obsened power behaiors of the
demonstratedenchmarkandespeciallypoint outthecaseswherecomponenpowersreveal powver behaior that
arenotobserablefrom total pover measurementsr estimations.

For referenceinputs, the vpr benchmarkactually consistsof two separatgprogramruns. The rst run uses
architectureand netlistdescriptiongo generatea placementle, while the secondrun usesthe newly-generated
placementle to generatea routing descriptorle [25]. Although the total averagepower for the two runsis
quite similar, Figure9 shaws a noticeablephaseshift at around300swhenthe secondrun begins andFigure 10
demonstratesvenmoreclearlyhow distinctthe power behaior in thesecondgohasds. Althoughthe rst run,the

placemenalgorithm,producesery stablepowers,theseconghases routingalgorithmhasa muchmorevariable
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and periodic power behaior. As [16] discuss the initial placemenphaseproduceshighermissratesthanthe
routingpart. Thisis becauseoutingbene tsfrom thefactthatplacemenbringsmuchof thedatasetnto memory
The percomponenpower breakdavns shaw this: thereis higherL1 powerin rst half dueto memoryordering
issuesandincreased.2 power in secondphase.Althoughit is anintegerbenchmarkpur breakdavn alsoshavs
thatvpr consumesigni cant amountof FPunit power. Thisis dueto the SIMD instructionst emplo/s whichuse
theFP unit. (Thecounterx87_SIMD _maoves uopsindicatesa upcof 0.08in placemenand0.22in routing.)
Twolf is a transistodayout generatiorprogramthat performsstandardccell placementandconnection.lt per
formsseveralloop computationstraversingthe memoryandpotentiallyproducingcachemisses.The high mem-

ory utilization of thetwolf is obseredin the power breakdavns of Figure12. Moreover, althoughtwolf exhibits
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an almostconstantiotal power behaior in Figure 11, individual componenfpowers generallyshav a gradient
suchasslightincreases L1 cacheandmicrocodeROM powersanddecreasind.2 cachepower overtheruntime.

As anexampleof oating point benchmarksywe shav the equale benchmarkn Figuresl13 and14. Equale
modelsgroundmotion by numericalwave propagatiorequationsolutions[2]. The algorithm consistsof mesh
generationand partitioning for the initialization, and meshcomputationphases.In Figure 13, we canalready
clearlyidentify theinitialization phaseandcomputatiorphase Figure14 demonstratethe high microcodeROM
power asthe initialization phaseusescomplex IA32 instructionsextensvely. The meshcomputatiorphasethen
exhibitsthe oating pointintensve computations.

In additionto vpr, twolf andequale, we have generatedimilar power tracesor severalotherSpec200®ench-
marks.Gccandgzip areincludedin section7 andthe counterbasedpower estimationsareseernto trackeventhe
highly variantgcc power tracesvery favorably Power tracesfor the restof the investigatecoenchmarksre not
includedin this paperfor brevity. In Figuresl5and16, we demonstrate¢he statisticalmeasureso representhe
accurag of our modelingframework, for alargersetof SPEC200benchmarks.

In Figures15 and 16, we shaw the averagepowers computedfrom real powver measurementand counter
estimatedotal powers, for both the whole runtime of the benchmarksalsoincluding the idle periodsand for
the actualexecutionphases Hence theidle-inclusive measuregannotbe consideredisstandardesults,asthe
idle periodsvary in eachexperiment- i.e. equale hasa long idle periodloggedat the end of experiment,thus
producinga very high standarddeviation dueto loweredfull-runtime averagepower, aroundwhich the deviation
is computed.They areof value,however, for comparingcounterbasedotalsto measuredotals, becausene of
our aimsis to beableto characterizéow utilization powversaswell, with reasonableaccurayg. For the estimated
averagepowers,the averagedifferencebetweerestimatecandmeasureghoversis around3 Watts,with theworst
casebeingequale (Figure13),with a5.8Wdifference For thestandardieviation, the averagedifferencebetween
estimatedand measuregowersis around2 Watts, with the worst casebeingvortex, with a standarddeviation
differenceof 3.5W.

6.2 DesktopApplications

In additionto SPEC,we investigatedthreeLinux desktopapplicationsaswell. Thesehelp demonstrateur
power models ability to estimatepower behaior of practicaldesktopprograms;becauseof their interactve
nature they typically presenperiodsof low power punctuatedy intermittentburstsof higherpower. Thethree
applications,shavn in Figure 17, are AbiWord for text editing, Mozilla for web browsing and Gnumericfor
numericalanalysis.

In the web browsing experimentin Figure17.(a),the power tracesrepresenbpeningthe browser connecting

to aweb page,downloadinga streamingvideo andclosingthe browser In thetext editing experimentin Figure
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runtime of the program, second set represents standar d deviation for only non-idle periods.

17.(b),the power tracesrepresenbpeningthe editor, writing a shorttext, saving the le andclosingtheeditor In
thegnumericexamplein Figurel17.(c),the power tracesrepresenbpeningthe program,importing a large text of
370K, performingsereral statisticson the data,saving the le andclosingthe program.The power tracesreveal
the bursty natureof the total power timeline for thesebenchmarksthis is particularly true at the momentsof
saving datamemoryandcomputationsOverall, thelongidle periodsmeanthatthe benchmarkéave low average
power dissipation.The power tracesfor the desktopapplicationsalsoreveal thatour counterbasedoover model
follows evenvery low power trendswith reasonabl@accurag. Togethemwith the SPECresults this demonstrates
thatour counterbasedpower estimatesanperformreasonablyaccurateestimationsndependenbdf the rangeof
power variationsproducedby differentapplicationswithout ary realisticboundson the obsered timescale.To
ourknowledge,we arethe rst to producdive pover measurementsf thistypefor aprocessoascomple asthe
P4.
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Figure 17. Total Measured and Counter Estimated Runtime Power for 3 desktop applications
7 Power PhaseBehavior Analysis

Identifying programphasegearssigni cant importancein computerarchitecturaesearch.Seseral proposed
algorithmsimplementspeci ¢ techniquedo detectthesephasesandprovide feedbackior microarchitecureFor
example,[1] describesan algorithmthat keepstrack of speci ed performancamnetricsover a x ed instruction
window to detectprogramphasegor a multicon gurablecache.ldenti cation of phasebehaior enableslynamic
con guration of microarchitecturdeaturesfor power or performanceoptimizationsthat respondo programbe-
havior changessuchascon gurablememoryallocationandcon gurableinstructionwindows[5]. At largerscales
of execution,phasebehaior canbe usedfor OS baseddynamicmanagementor threadschedulingyoltageor
frequeng scaling[9, 27]. Moreover, [21] demonstratea methodologyto approximatdong costly architectural
simulationsusingphasebehaior to specifymultiple simulationcheckpoints.

Aswe have exempli ed with seseralcasesn powermeasuremergndmodelingsectionsmostprogramsexhibit
different phasesduring their execution, usually including somelevel of cyclic behaior. In orderto identify
theseperiodicbehaiors andstandalong@hasedik e initialization, [20] propose®asicBlod Distribution Analysis
methodthatuseshasicblock pro les of programs.A basicblockis a portionof a programcodethatis enteredat
onepoint, executedin whole andhasa singleexit point. Thework in [20] introducesbasicblock vectors,which
representhe proportionof basicblock executionswithin onesamplingperiod. Then, it usesbasicblock vector
differenceswith respecto a global vector to identify phases.n orderto determineghe amountof resemblance
betweendifferentwindows of execution,collectedover the programrun, [21] de nes the basicblock similarity
matrix, which consistsof the manhattardistancebetweenall pairsof basicblock vectors. The similarity matrix
presentboththedurationof similaritiesandthe similar repetitions.

Here,we demonstrata techniquebasedon our runtime pover model,to identify power phasesf programs,
andto usecomponenbreakdans ascharacteristipower signaturesBecausehis techniquewvorksat runtime, it
is quiteef cient, andonecanevenimagineit beingusedto homein accuratelyon repetitve programphasesven
whenthe programsourcecodeis not available.
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We considergenerateccomponentoreakdavns as coordinatevectorsin the spaceof possible. Proceedings
similarly to the prior work on basicblock vectors,we consideithe manhattardistancebetweerpairsof vectorsas
the“power behaior dissimilarity” betweerthe two vectors.We do not normalizethe power breakdavn vectors,
asour measurds alreadybasedon power and scaledpower valuesshouldnot be consideredas similar powver
behaior. Werely on manhattamistanceasthe measuref dissimilarity asit treatseachchangesquallyregardless
of thedirectionof change Also atany samplingtime, the manhattardistanceto origin representghetotal power

(exceptfor theidle offset),at thatsamplingintenal.

®3)

We usethesimilarity matrixapproacho demonstratéhe power phasébehaior acrosgheexecutiontime of the
programs.Thesimilarity matrixis constructedrom manhattanlistance®f all thecombinatiorpairsof component
power vectors.A singlematrix entryis computedasshavn in equation3, where representhe sample
power vectorsand  representheindividual components The diagonalof the matrix representshe time axis
andtheentriesto theright of thediagonaldisplaythe similarity betweerthecurrenttime sampleasde ned by the
diagonalentry andthe future samples.The entriesabove the currentsampleshav the similarity with respecto
the previoussamples.

In Figures18 and 19, we presentthe acquiredpower similarity matricesfor SPEC200benchmarkgicc and
gzip. In thematrix plots,thetopleft cornerrepresentthe startof thetimelineandthelowerright cornerrepresents
endof timeline. Darker regionsrepresenhighersimilarity betweerthe correspondingomponenpower vectors.
In the gures, we alsoshaw the total pover and componenpower breakdavn estimationsor the benchmarks,
with the sametimescaledo provide comparisonsvith the estimatedoower behaior. Evenwith gcc, with very
unstablepower behaior, severalsimilaritiesarehighlightedwith the similarity matrix. For example,considerthe
almostidenticalpower behaior aroundthe 30, 50 and 180 secondsointsin the timeline. Moreover, by using
componenpower breakdavnsaspower “signatures”thesimilarity matrix helpsdifferentiatepower behaior even
in casewherethetotal power is measuredo be quite similar. For example,althoughmeasuregower is similar
for gcc's regions around88s, 110s,140s,210sand 230s,the similarity matrix revealsthat 88s,210sand 230s
regionsshaw visibly highersimilarity amongthemselesthanthe othertwo regions,which arealsoshavn to be
mutually dissimilar On the otherhand,gzip shavs a much regular patternwith serseral similar phases.Once
again,spurioussimilaritiesdueto similar measuredotal power aredistinguishedvith the similarity matrix, such
as100-150sand200-280gegions. By providing afoundationfor power phaseanalysiscounterbasedccomponent

breakdavns have shavn themselesto be usefulin arangeof pover-avareandthermal-avareresearctstudies.
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8 RelatedWork

While therehasbeensigni cant work on processopower modeling,muchhasbeenbasedourely on simula-
tions. Ourapproachin contrastmixeslive performanceountermeasuremenisthefoundationfor anestimation
technique.

Onecatayory of relatedwork is researclinvolving live measurementsf total power. While thesearenumerous,
we touchon a few key exampleshere. In early work, Tiwari et al. [26] developedsoftware ponver modelsfor
an Intel 486DX2 processoand DRAM andveri ed total powver by measuringhe currentdravn while running
programs. They usedthe informationto generateinstructionenegy costtablesand identify interinstruction
effects. Russellet al. [18] likewise did software powver modellingfor i960 embeddegrocessorsandvalidated
usingcurrentmeasurementg-linn et al. [6], developedthe PowverScopeool, which mapsconsumedenegy to
programstructureat proceduralevel. This OS-orientedesearchuseda DMM to do live pover measurements,
andthendevelopedenegy analyzersoftwareto attribute the power to differentprocessesr procedures.

Morerecently Leeetal. [17], usedenegy measurementsasen chage transferto derive instructionenegy
consumptiormodelsfor a RISCARM7TDMI processor They usedlinearregressionto t the modelequations
to measurecetnegy at eachclock cycle. Thesetechniquesvereaimedat very simpleprocessorsvith almostno
clock gating, however, andthereforeneededo track and modelonly minimal cycle-by-gcle power variation.
As a rst exampleof Pentium4 power measuremenstudies,Sengand Tullsen have investigatedthe effect of
compileroptimizationson averageprogrampower, by measuringhe processopower for benchmarksompiled
with differentoptimizationlevels[19]. They usetwo seriegesistorsn Vcc tracedo measuréheprocessocurrent.
However, the scopeof this work is only powver measuremerdandthey do not presentary powver breakdevns or
power-orientedphaseanalysis.

Next, we presenprior work on performanceountersandpower metrics.Bellosa[3], usesperformanceoun-
ters,to identify correlationsetweercertainprocessoevents,suchasretired oating pointoperationsandenegy
consumptiorfor an Intel Pentiumll processor This counterbasedenegy accountingschemes proposedasa
feedbacknechanisnior OSdirectedpowver managemerguchasthreadtime extensionandclockthrottling. Like-
wise, the Castletool, developedby Josephet al. [14], usesperformancecountersto model componenfpowvers
for a PentiumPro processor It providescomparisondetweenestimatedotal processopower andtotal power
measuredising a seriesresistorin processompower lines. Our work neededo make signi cant extensionsin
bothinfrastructureandapproachn orderto apply counterbasedtechniquedo a processoascomple asthe P4.
Furthermoreto ourknowledge,neitherBellosanor Josephusedtheirmeasurements do phaseanalysis Kadayif
etal. [15], usethe Perfmoncounterlibrary to accesgperformanceountersof the UltraSRARC processor They
collectmemoryrelatedevent informationand estimatememorysystemenegy consumptiorbasedon analytical

memoryenegy model;they did notconsidetherestof the processopipeline.And nally , Haid etal.[7], propose
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a coprocessofor runtime enegy estimationfor system-on-a-chiplesigns. Essentially the goal of thatwork is
to describewhatevent countersvould work bestif pover measurementnsteadof or in additionto performance

measurementyerethedesigngoal.

9 Conclusionand Futur e work

In this paperwe presenteda runtime power modeling methodologybasedon using hardware performance
countersto estimatecomponenipower breakdavns for the Intel Pentium4 processor We have validatedour
resultsat the total power level with goodaccurag, despiteP4's comple pipeline and aggressie clock gating.
By usingreal power measurement® comparecounterestimatedoower againstmeasuregrocessopower, we
have a real-timemeasuremerdndvalidationschemehat canbe appliedat runtimewith almostno overheador
perturbation. We usedour pover modelto measurdong runsfrom the SPEC2000suite and typical practical
desktopapplications;the acquiredpower resultsshav that our techniqueis ableto track closelyevenvery ne
trendsin programbehaior. Becauseurtechniquenaspercomponenpowerbreakdevn, we canalsogetunit-by-
unit power estimatesFurthermorewe cantreatthis “vector” of componenpower estimatessa powver signature
thatcaneffectively distinguishpower phasebehaior basedon simplesimilarity analysis.

This researchdiffers from previous power estimationwork in several aspects.Our modelis targetedtowards
a comple high-performancerocessomwith ne microarchitecturatietailsandhighly variable powver behaior.
Our power measuremeriechniquds non-disruptre, andthe LKM-basedimplementations highly-portable.The
componenbreakdans we produceare basedon physicalentitiesco-locatedon chip, asopposedo conceptual
groupings.As aresult,thesecomponenbreakdans canoffer afoundationfor futurethermalmodelingresearch.
The fact that detailedpower datacanbe collectedin real-timeis alsoimportantfor thermalresearchsincethe
large thermaltime constantsnandatevery long simulationruns. Our counterbasedpower modelestimatingeven
very low processopower accuratelyby usingbothlinearandnon-linearcombinationf eventcounts.

Therearesereralkey contritutionsof thiswork. The measuremerdandestimationtechniqudtself is portable,
andcanoffer a viable alternatve to mary of the power simulationscurrentlyguiding researchevaluations. The
componenbreakdevns offer sufcient detailto be usefulon their own, andtheir propertiesasa power signature
for powerawarephaseanalysisseento beevenmorepromising.ln conclusionthiswork offersbothmeasurement
technique aswell ascharacterizatiomataaboutcommonprogramsrunningon a widely-usedplatform andwe

feelit offersa promisingalternatve to purely simulation-basegower research.
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