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Abstract

With powerdissipationbecomingan increasinglyvexing problemacrossmanyclassesof computersystems,

measuringpower dissipationof real, running systemshas becomecrucial for hardware and software system

research and design. Live powermeasurementscan aid in evaluatingfull-systembehavior, and are imperative

for studiesrequiringexecutiontimestoo long for simulation,such as long-termthermalanalysis.Furthermore,

asprocessors becomemorecomplex andemployincreasinglyaggressivedynamicpowermanagementtechniques,

measuringlive powerdissipationfor a running systembecomesmore important. Likewise, estimatingper-unit

powerdissipationhasalso becomemore challenging, due to complicatedinteractionsbetweenhardware sub-

units.

In this paper we describeour techniquefor a coordinatedmeasurementapproach that combinesreal total

powermeasurementwith performance-counter-based, per-unit powerestimation. Theresultingtool offers live

total powermeasurementsfor Intel Pentium4 processors, and also offers live powerbreakdownsfor 22 of the

major CPU subunits, including thecaches,branch prediction,renaminghardware andothers. Becausethe tool

measuresa live, runningsystem,it hasnegligible run-timeoverhead.In this paper, wepresentpowerdissipation

timelinesfor minutesof full application run-time. Our programsstudiedincludeSPEC2000as well as other

desktopworkload applicationssuch as web browsingand text editing. Such measurementsgive insightsinto

the long-termpower and thermal behaviorof realistic workloads. Overall, this paper demonstratesa power

measurementmethodology for current, high-performanceprocessors, and also givesexperiencesand empirical

applicationresultsthatcanprovidea basisfor future power-aware research.



1 Intr oduction

Energy andpowerdensityconcernsin modernprocessorshave ledto signi�cant computerarchitectureresearch

efforts in power-awareandtemperature-awarecomputing.As with any applied,quantitative endeavors in archi-

tecture,it is crucialto beableto characterizeexistingsystemsandto evaluatetradeoffs in potentialdesigns.

Unfortunately, cycle-level processorsimulationsare time-consuming,and are often vulnerableto concerns

aboutaccuracy. Particularlyfor thermalstudies,very long simulationscanberequired,sincetherearelong time

constantsassociatedwith processorsapproachingequilibriumthermaloperatingpoints[22].

Furthermore,researchersoftenneedtheability to measurelive, runningsystemsandto correlatemeasuredre-

sultswith overall systemhardwareandsoftwarebehavior. Livemeasurementsallow acompleteview of operating

systemeffects,disks,andmany otheraspectsof “real-world” behavior.

While live measurementsgainvaluefrom their completeness,it canoftenbedif�cult to “zoom in” anddiscern

how differentsubcomponentshave contributed to the observed total. For this reason,many processorsprovide

hardwareperformancecountersthathelpgiveunit-by-unitviews of processorevents.

While good for understandingprocessorperformance, the translationfrom performancecountersto power

behavior is moreindirect. Nonetheless,someprior researchefforts have producedtoolsin which per-unit energy

estimatesarederivedfrom performancecounters[14, 15].

Priorcounter-basedenergy toolshavebeengearedtowardsprevious-generationprocessorssuchasthePentium

Pro.Sincetheseprocessorsusedlittle clockgating,they hadminimalpowervariability with workload.As aresult,

back-calculatingunit-by-unit power divisions is fairly straightforward. In today's processors,however, power

dissipationvariesconsiderably—50 Wattsor more—onan application-by-application andcycle-by-cycle basis.

As such,counter-basedpower estimationwarrantsfurther examinationon aggressively-clock-gatedsuperscalar

processorslike theIntel Pentium4.

Theprimarycontributionsof thispaperareasfollows:

1. Wedescribeadetailedmethodologyfor gatheringlive,per-unit power estimatesbasedon hardwareperfor-

mancecountersin complicatedandaggressively-clock-gatedmicroprocessors.

2. Wepresentlive totalpowermeasurementsfor SPECbenchmarksaswell assomecommondesktopapplica-

tions.

3. From the long-runningpower measurementswe have obtained,we develop a methodof power-oriented

phaseanalysisusingBayesiansimilarity matrices,andwepresentresultsfor severalSPECapplications.

Theremainderof this paperis structuredasfollows. Section2 givesanoverview of our performancecounter

andpower measurementmethodology. Sections3 and4 thengo into detailsaboutour mechanismsfor live mon-

itoring of performancecountersandpower. Following this, Section5 developsa techniquefor attributing power
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to individual hardwareunits like caches,functionalunits, andso forth by monitoringappropriateperformance

counters.Section6 givesresultson total power andper-unit power measurementsfor collectionsof SPECand

desktopapplications,andSection7 analyzesprogramphasebehavior basedon measuredpower signatures.Fi-

nally, Section8 discussesrelatedwork andSection9 givesourconclusionsandofferssomeideasfor futurework.

2 Overall Methodology

Thefundamentalapproachunderlyingour power measurementsis to usesampledmultimeterdatafor overall

totalpowermeasurements,andto alsouseestimatesbasedonperformancecounterdatato produceper-unit power

breakdowns. Figure1 shows thebasic�o w we employ.
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Figure 1. Overall power measurement and estimation system �o w.

Live power measurementsfor the running systemare obtainedfrom an ammetermeasuringcurrenton the

appropriatepower lines. In parallel,per-unit powerestimatesarederivedfrom appropriateweightingsof Pentium

4 hardwareperformancecounterreadings.To accesstheP4 performancecounters,therearea small numberof

pre-writtencounterlibrariesavailable[23, 10]. Mainly for ef�ciency andease-of-use(asdescribedin the next

section)we have written our own Linux loadablekernelmodule(LKM) to accessthecounters.Our LKM-based

implementationoffersamechanismwith suf�cient �e xibility, while incurringalmostzeropowerandperformance

overheadsothatwecancontinuouslycollectcounterinformationatruntimeandgenerateruntimepowerstatistics.

Furthermore,the counterreaderis easily installedon arbitraryLinux/P4 machinesbecauseof the LKM-based

implementation.

Thelivepowermeasurementfor thePentium4 is obtainedusingacurrentprobe—ammeter— to detectcurrent

drawn by the processorpower lines. (While we could also probepower lines leadingto disk and elsewhere,

we chooseto focushereon CPU behavior.) The clamp-styleammeterplugs into a digital multimeterfor data

collection.A separateloggingmachinequeriesthemultimeterfor datasamplesandthengeneratesruntimepower

plotsandpower logs for arbitrarily long timescales.Section4 describesthe power measurementsetupin more

detailandpresentsseveralpower tracesto demonstratethepower measurementscheme.

Section5 describesour power estimationtechniquebasedon theperformancecounterreadingsobtainedfrom
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a live programrun. Froma Pentium4 die photo,we breaktheprocessorinto sub-unitssuchasL1 cache,branch

predictionhardware,andothers.For eachcomponent,we developa power estimationmodelbasedon combina-

tionsof eventsavailableto P4hardwarecountersaswell asheuristicsthattranslateeventcountsinto approximate

accessratesfor eachcomponent.Somecomponents,suchascaches,are relatively straightforward sincethere

arehardwareeventcountersthatmapdirectly to their accesses.Othercomponents,suchasbus logic, have less

straightforward translations. This is discussedfurther in Section5. As the last step,we usethe real power

measurementsobtainedfrom theammeterin conjunctionwith Power Client's counter-basedpower estimatesto

synchronizeandprovide acomparisonbetweenthemeasuredandestimatedtotal powermeasures.

Finally, we give someP4 implementationandmicroarchitecturaldetailsasan overview of the processorour

researchis basedon. Themachinemeasuredin all powermeasurementandlaterpowerestimationexperimentsis

a 1.4GHzPentium4 processor, 0.18� Willamettecore.TheCPUoperatingvoltageis 1.7V andpublishedtypical

andmaximumpowersare51.8Wand71W, respectively [13]. The processorimplementsextremelyaggressive

power management,clock gating,andthermalmonitoring.Almost every processorunit is involvedsomekind of

power reductionplanandalmostevery functionalblock containsclock gatinglogic, summingup to 350unique

clock gatingconditions.With thehelpof this aggressive clock gating,P4canprovide up to approximately20W

powersavingson typicalapplications[4].

TheNetBurstmicroarchitectureis basedon a 20-stagemispredictionpipeline,thatusesa tracecachethatcan

holdupto 12K micro-ops(uops),whichremovestheinstructiondecodingfrom themainpipeline.In theNetBurst

microarchitecture,a front-endBPU is usedto predictbranchesfetchedfrom anintegrated8-way 256kBL2 cache

with 128bytelines.A secondsmallerBPUis usedto predictbranchesfor uopswithin traces.Thetracecachecan

issue3 uopspercycle in deliver modeand1 uoppercycle while building tracesfrom instructiondecoder. Two

double-pumpedALUs areusedfor simpleintegeroperationsandthe�oating point unit is usedfor �oating point

andSIMD operations.The4-way 8kB L1 cachewith 64bytelinesis accessedin 2 cyclesfor integerloads,while

theL2 cacheis accessedin 7 cycles.

In thefollowing sectionswe presentour runtimepowermodelingmethodologyin thisprogressive manner. We

�rst describeevent monitoringwith performancecounters,thenwe describethe real power measurementsetup

andafterwardsthepowerestimatorswe have developed.

3 Using Pentium 4 PerformanceCounters

Most of today's processorsincludesomededicatedhardwareperformancecountersandcontrol,for debugging

andevent monitoringpurposes.The generalperformancemonitoringmechanismcanbe describedin termsof

severalprocessingunitsgeneratingvariousevents,eventdetectorsdetectingtheseeventsandproducingtriggers

for the counters,while accordinglycon�gured countersincrementingwith the correspondingtriggers. A more
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comprehensive descriptionof eventdetectionandcountingcanbefoundin [24].

Intel introducedperformancecountinginto IA32 architecturewith Pentiumprocessorsandhasgonethrough

two morecountergenerationssincethen.Pentium4 performancecountinghardwareincludes18 hardwarecoun-

tersthatcancount18differenteventssimultaneouslyin parallelwith pipelineexecution.18countercon�guration

control registers(CCCRs),eachassociatedwith a uniquecounter, con�gure the countersfor speci�c counting

schemessuchasevent �ltering andinterruptgeneration.45 eventselectioncontrolregisters(ESCRs)specifythe

P4eventsto becountedandsomeadditionalmodelspeci�c registers(MSRs)for specialmechanisms.In addition

to the 18 event counters,thereexists a specialtime stampcounter(TSC) that incrementswith processorclock

cycle ([11, 24]). Intel P4performancemonitoringeventscomprise59 eventclassesthatenablecountingseveral

hundredspeci�c eventsasdescribedin appendixA of [11]. Theeventmetricsarebroken into categoriessuchas

general,branching,tracecacheandfront end,memory, andsoforth [12].

In orderto usetheperformancecounters,we implementtwo LKMs. The�rst LKM, CPUinfo, is simply used

to readinformationabouttheprocessorchip installedin thesystembeingmeasured.This helpsthetool identify

architecturespeci�cationsanddiscernthe availability of performancemonitoring features. The secondLKM,

PerformanceReader, implementssix systemcalls to specifywhich eventsshouldbe monitored,andto readand

manipulatecounters.Thesystemcallsare: (i) selectevents: UpdatestheESCRandCCCR�elds asspeci�edby

theuserto de�ne theevents,masks,andcountingschemes,(ii) resetevent counter: Resetsspeci�ed counters,

(iii) start event counter: Enablesspeci�edcounter's controlregisterto begin counting,(iv) stop event counter:

Disablesspeci�ed counter's control register to endcounting,(v) get event counts: Copiesthe currentcounter

valuesand time stampto userspace,and (vi) set replay MSRs: updatesspecialMSRs requiredfor “replay

tagging”

Becausetheperformancecounterhasasimpleandlightweightinterface,wecancompletelycontrolandupdate

counterseasily from within any application. (We canalsorun a helperapplicationthat readscountersat �x ed

intervals while anotherapplication-under-test runs.) The performancereaderwaswritten to bevery lightweight

andlow-overhead.Thestart,stop,andreseteventcountersystemcallsareonly threeassemblyinstructions.The

systemcall for gettingeventcountsat theendof a measurementis longer, becauseit requirescopying dataelse-

wherein memory, but is invoked infrequently. For applicationswith moderaterun-timeswherecounterover�ow

is not yetanissue,get-event-countsneednotbeexecutedduringthecoreof anapplication.

To validatetheperformancereader, we presentcounterdatafrom microbenchmarkswritten to target speci�c

processorunits. The �rst benchmark,shown in Figure2, generatesa desiredL1 cachehit rateby executing1

billion iterationsof traversingthrougha largelinkedlist of pointersin a pseudorandomsequencewith thedegree

of reuseguidedby theuser-speci�ed desiredhit rate. We usetwo metricsto evaluatetheL1 hit rates.The �rst

metricis to haveaneventcounterdirectlycountingloadinstructionsthataretaggeddueto a loadmissreplay. The

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

cacheandotherapplication/systemaccessesto L2 areminimal. The�gure shows thatbothmethodsof measuring

L1 cacheperformancetrackthetargetquiteclosely, particularlyfor hit ratesof 50%or more.While thecounter-

measuredhit ratesarebothslightly below theidealtarget,thisis dueto initializationeffectsin themicrobenchmark

code.In themainbenchmarkloop of cacheexperiment,thereare8 IA32 instructions,andsowe expect8 billion

retiredinstructionsfrom thefull program.Theactualvaluereadfrom thecountersis ���������
	����� , wheremostof

theadditionalinstructionsaredueto OSscheduling.Thus,theperformancereaderoperatesaccuratelyandwith

trivial overhead,aslongassamplingintervalsarekepton theorderof milliseconds.

The secondbenchmark,illustratedin Figure 3, generatesa desiredrate of taken branchesby comparinga

large randomdata set to a thresholdset to generatethe desiredbranchingrate. Moreover, the randomness

of the dataenablesus to approximatelyspecify the expectedmispredictrate as: ���������������������! ����#"$�%�'&)(

* +

 �,���-/.0�1 �-/��23�! ����
(4�%�'&

*

. As the �gure shows, thebranchmicrobenchmarkproducesthedesiredamountof

taken brancheseffectively. Additionally, the mispredictratesgeneratedareclosely relatedto our expectation,

usuallyshootingaround10%higherin 20%-40%expectedmispredictionrange.

4 Real Power Measurements

The live total power measurementin our setup(Figure4) is accomplishedvia a clampammeter. While some

prior power measurementwork hasaddedseriesor shuntresistorsto the systemto measurepower dissipation

[26, 19], we chosethe clampammeterapproachbecauseit is unobtrusive andavoids needingto cut or addany

wireson thesystembeingmeasured.

The main power lines for the CPU operateat 12V, andthenarefed to a voltageregulatormoduleto convert

this voltageto actualprocessoroperatingvoltageandprovide tight control over thevoltagevariations[28]. We

veri�ed this informationby measuringthecurrentthrougheachof the17power linesin oursystem,while running

a microbenchmarkthatcreateshigh �uctuations in processorpower. Three12V linesyield currentvariationsthat
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Figure 4. Processor Power Measurement Setup.

follow theprocessoractivity tracked by theperformancereader, while otherlinespresentanuncorrelatedpower

behavior, usuallywith insigni�cant power variation. Therefore,we useour currentprobeto measurethe total

currentthroughthe12V lines.

WeuseaFluke i410currentprobeconnectedto anAgilent 34401digital multimeter(DMM). TheDMM sends

thevoltagereadingsto a secondloggingmachine,a 2.2GHzPentium4 Processor, via theserialport. Thelogger

machinegetsthevoltagereadingsfrom serialportandconvertsthesevaluesinto processorpowerdissipationwith

thepower relation: 57698;:�<=67>�?@:3AB8DC1EGF�H�I�JLKMH�NPOQERJTS�8DUGV�:W>�X�X�X anddisplaysthemeasuredruntimepower in a

powermonitorover a runningtime window, while alsologgingthetime vs.voltageinformation.

In ourexperiments,wesample1000readingspersecondwith 4 Y

Z digit resolution,whichcorrespondsto 0.12W

power resolution.TheDMM cangeneratearound55 ASCII readingspersecondto RS232,thereforewe collect

thedatain theloggermachineat 20msperiods.Theloggingmachinethencomputesa moving averagewithin an

evenlongersecondsamplingperiodthatis usedto updatetheon-screenpower monitorandthedatalog. (Weuse

this secondsamplingperiodsothatwe canlikewiseusecoarsesamplingperiodsto readperformancecountersin

Section5.)

Beforewe show large-scalebenchmarkresultsin Section6, we show herea snapshotof the runtimepower

monitormeasuringthe power of several microbenchmarks.In Figure5, we show thepower tracesfor four mi-

crobenchmarks.Theleftmostbenchmark,fast, is very simplecodewith two integerandone�oating-point oper-

ationinsidea computation-dominatedloop. Thenext benchmarkis thebranch microbenchmarkdescribedin the
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previoussection.Thethird applicationin thetimelineis calledhi-lo, becauseit is aniterative stressmarkdesigned

to repeatedlyswingpowerdissipationfrom verylow to veryhigh. Finally, thelastthreerunsshown in thetimeline

correspondto the cache microbenchmark from the previous section,runningwith threedifferentdesiredcache

missrates.

Fromthemicrobenchmarkpower traces,several characteristicsarealreadyclear. First, betweenapplications,

thereis signi�cant power variation 60W down to 25W dependingon the program. Idle power further drops

to around8W. This power variation is dueto partial utilizationsof componentsandthe resultingclock gating.

Priorpower measurementwork, donefor exampleon PentiumProprocessors,showedpower variationsof only a

handfulof Watts[14]. Thehi-lo benchmarkwasparticularlywrittento highlightthispowerswing;it hasaroughly

30W swingaspartof eachiterationof its mainloop. Thethreedifferentcasesof thecachemicrobenchmarkalso

show interestingpowerbehavior. Dependingonauser-speci�edhit ratetarget,thesamecode,with 8 billion IA32

instructions,generatesa signi�cantly differenthit rateandthereforedifferentpower pro�le, andexecutiontime.

In thethreecasesshown here,the�rst casehasa high L1 hit rate,thesecondonehasa low L1 hit ratebut small

enoughfootprint to avoid L2 misses,andthethird onehasalow L1 hit rateandalargefootprint to incurL2 misses

aswell. In thethird case,phasebehavior is clear:theinitializationphasehaslower power, andthecoreexecution

phasehashigherandlessvariablepower.
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Figure 6. SPEC Power Examples.

We closethis sectionwith a selectionof total power observationsfrom theSPECbenchmarks.In Figure6, we

demonstratethe power tracesfor Spec2000benchmarksgcc andvpr, compiledwith gcc-2.96with -O3 -fomit-
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frame-pointercompiler�ags, for full benchmarkrunsover severalminutes.Despitetheir similar averagepowers

(seeFigure15, non-idleaveragemeasuredpower), the two benchmarksshow a very differentpower behavior

during their runtimes.The vpr benchmarkmaintainsa very stablepower, while gcc producessigni�cant power

�uctuations. Theapplicationsalsoclearlydemonstrateseveralphasesof executionduring their lifetimes. Given

the long timescalesover which thesedatawerecollected,it is clearthat live power measurementsarecrucial to

futurepower-awareresearch,sincesimulationtimesto gathersuchdatawouldbeprohibitive.

5 Modeling Power for ProcessorSub-Units

While total power measurementsfor long-runningprogramsarealreadyuseful,wealsowish to beableto esti-

matehow power subdividesamongdifferenthardwareunits. Prior work hasdevelopedcounter-basedor pro�le-

basedmethodsfor this for muchsimplerprocessors[17, 3, 26, 14]. In our approach,we aim to estimatephysical

componentpowersusingcounter-basedmeasures,andalsoto generatea reasonabletotal powerestimate.

Our modelingtechniquepresentsdistinct featurescomparedto previous examples.We estimatepower for a

muchmorecomplicatedmodernprocessor, with extremelyaggressive clock gatingandhigh power variability.

Second,we considerstrictly physicalcomponentsdirectly from thedie layout,asopposedto “proxy” categories

aggregatedfor conveniencebut not presentasa singlehardwareunit on thedie. Finally, we estimatepower for

all levelsof processorutilization for arbitrarily long periodsof time, ratherthanrestrictingour techniqueonly to

power variationsat high processorutilization. In this section,we �rst walk throughour methodologyandthen

demonstratetheexperimentalsetup.

5.1 De�ning Componentsfor Power Breakdowns

Theprocessorcomponentsfor which thepower breakdowns aregeneratedmight bechosenin differentways,

with varying granularityandinterpretations.For example,onecanconsiderthe four processorsubsystemsde-

scribedin [8]: memory, in-orderfront end,outof orderengine,andexecutionasthecomponentsfor whichpower

shouldbereported.Or instead,onemightuseamoreconceptualinterpretationsimilar to [14] in whichcategories

suchasissue,execution,memory, fetchandreorder-relatedcomprisethepowerbreakdowns.The�rst optionlacks

the�ne granularitywe desire,while theseconddoesn't provide adirectmappingto aphysicallayout.

In our approach,we choosea reasonably�ne granularity, and—mostimportantly—ourcategoriesarestrictly

co-locatedphysicalcomponentsidenti�able on a die photo. This decisionis basedon the ultimateendgoalof

our projectwhich is to supportthermalmodelingandprocessortemperaturedistributions,bothof which rely on

actualprocessorphysicalparameters.Consequently, basedon an annotatedP4die photowe de�ne 22 physical

components:Buscontrol,L1 Cache,L2 Cache,L1 BranchPredictionUnit (BPU), L2 BPU, InstructionTLB &

Fetch,Memory OrderBuffer, Memory control, DataTLB, Integer execution,Floatingpoint execution,Integer
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register�le, Floatingpoint register�le, Instructiondecoder, Tracecache,MicrocodeROM, Allocation,Rename,

InstructionQueue1,InstructionQueue2,Schedule,andRetirementlogic.

5.2 De�ning P4Eventsto Guide Estimation

RegardingthemicroarchitecturalpropertiesandavailableP4events,we developa �rst setof heuristics,which

specifyseveralP4events,whosevariouscombinationsestimatetheaccessratesfor thede�ned components.The

�nalized setof heuristicsinvolve 24 event metricsfor the 22 de�ned processorcomponents.While the full set

of heuristicsis too large to presenthere,Table1 givesa sampleof processorcomponentsandthe performance

countermetricswe devisedto actascomponentaccessrates,whichareusedfor power weighting.
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Table 1. Examples of processor components and access rate heuristics, whic h are used as corre
sponding power weightings for the components.

For example,buscontrolaccessratescanbeobtainedby con�guring IOQ Allocation to countall bus transac-

tions(all reads,writesandprefetches)thatareallocatedin theIO Queue,which liesbetweentheL2 cacheandbus

sequencequeue,by all agents(all processorsandDMAs). FSBdataactivity is con�guredto countall DataReaDY

andDataBuSYeventson the front sidebus,whenprocessoror otheragentsdrive/read/reserve thebus. Thebus

ratio (3.5 in our implementation)is theratio of processorclock (1400MHz)to busclock (400MHz),andconverts

thecountsin referenceto processorclockcycles.

Tracecacheactivity canbe discernedby con�guring the “Uop queuewrites” metric to countall speculative

uopswritten to thesmall in-orderuopqueuein front of out of orderengine.Thesecomefrom eithertracecache

build mode,tracecachedeliver modeor microcodeROM.

As a�nal example,thereis nodirectcountereventfor thetotalnumberof integerinstructionsexecuted.Instead,

we total up thecountersfor theeighttypesof FPinstructions,giving usanestimateof total FPoperationsissued.

We thensubtractthis from total written speculative uopsto getanintegerestimatedtotal. Integeroperationsthat

arenot load/storeand brancharescaledby 2 as they usedoublepumpedALU, while load/storesuseaddress

generationunitsandbranchprocessingis donein complex ALU, togetherwith shifts, �ag logic andmultiplies.

We cannotdifferentiatemultiply andshifts andthereforethey arecomputedtwice. Also, somex87 andSIMD

instructionsaredecodedinto multipleuops,whichmaycauseundercounting.
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At theendof all themetricde�nitions, weendupusing15counterswith 4 rotations.TheP4eventsandcounter

assignmentsaredesignedto minimizetheamountof counterswitchesrequiredto measureall themetricsneeded.

At leastfour rotationsareunavoidable,as�oating point metricsinvolve 8 differentevents,of whichonly two at a

timecanbecounteddueto thelimitationsof P4countersin ESCRassignments.

5.3 CounterbasedComponentPower Estimation

Weusethecomponentaccessrates—eithergivendirectlyby aperformancecounteror approximatedindirectly

byoneormoreperformancecounters—to weightcomponentpowernumbers.In particular, weusetheaccessrates

asweightingfactorsto multiply againsteachcomponent's maximumpower valuealongwith a scalingstrategy

that is basedon microarchitecturaland structuralproperties. In general,all the componentpower estimations

arebasedon equation1, wheremaximumpower andconditionalclock power areestimatedempirically during

implementation.The µ·¶ in theequationarethehardwarecomponents,1 through22.
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Our estimationtechniqueutilizesa piecewise linear relationbetweentheaccessratesandcomponentpowers,

speci�cally for theissuelogic units.Thisemergesfrom ourruntimeobservations,whichrevealthissortof nonlin-

earbehavior suchthat,aninitial increasein from idle to a relatively low accessratefor issuerelatedcomponents

causesa large increasein processorspower, while succeedingsimilar or higheramountsof increasesin access

ratesproducemuchsmallerpower variations.Therefore,for the issuelogic components,to beableto track this

processor-awakeningcondition,we apply a conditionalclock power factor in additionto linear scalingabove a

low thresholdvaluethatdifferentiatesbetweengatedandnongatedclockconditions.

As an exampleof the overall technique,considerthe tracecache. It delivers 3 uops/cycle when a traceis

executedandbuilds oneuop/cycle wheninstructionsarebeingdecodedinto a trace. Therefore,the accessrate

approximationfrom deliver modeis scaledby 1/3, while accessratefrom instructiondecoderis scaledwith 1.

Theseratesarethenusedastheweightingfactorfor estimatedmaximumtracecachepower.

We constructthe total power asthesumof 22 componentpowerscalculatedasabove, alongwith a �x ed idle

powerof 8W from thetotalpowermeasurementsdescribedin Section4. Hence,this �x ed8W baseincludessome

portionof globally non-gatedclock power, whereastheconditionally-gatedportionof clock power is distributed

into componentpowerestimations.
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For initial estimatesof eachcomponent's “maxpower” value,weusedphysicalareasonthedie. Afterwards,we

tunedour maximumpower estimatesandclock power assumptionsbasedon thedevelopedruntimeveri�cation
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schemefor a small set of training benchmarks—the4 microbenchmarksdescribedin section4—to achieve a

muchclosercomparisonbetweenthemodeledandmeasuredtotal power asshown in �gure 7, wherethedarker

coloredestimatedpower is plottedsynchronouslywith thelightercoloredmeasuredpower at runtime.Hence,we

only usedtheshown 4 microbenchmarksto manipulateour estimates,in orderto be ableto objectively testour

approximationwith differentprograms.Thesefour microbenchmarksaredesignedto producestableprocessor

behavior, with varioussimpleexecutioncharacteristics,whichhelpedussingleoutcertainpowerbehavior andtest

ourcorrespondingestimations.
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Figure 7. Total Power after tuning of maxim um component powers and idle power assumptions

5.4 Final Implementation

Ultimately, our power modelingimplementationis built upon the real power measurementsetupshown in

Figure 4, which is usedfor runtime veri�cation. Additionally, we useour performancereaderto provide the

systemwith the requiredcounterinformationandthe loggermachinecollectsall the counterandmeasurement

informationto generatethecompleteruntimecomponentpowermodelingandtotalpower veri�cation system.

Measuredprocessorcurrentis againsentby the DMM to the loggermachinevia RS232andthe loggerma-

chineconvertsthecurrentinformationto power before.On themeasuredmachine,PowerServercollectscounter

informationevery100ms,for theP4eventschosento approximatecomponentaccessrates;it alsoappliescounter

rotationsandtimestamping.Every 400ms,it sendscollectedinformationto the loggingmachineover ethernet.

While thisperturbssystembehavior slightly, it is doneasinfrequentlyaspossibleto minimizethedisturbance.On

theloggermachine,PowerClientcollectsmeasuredammeterdatafrom theserialport,andraw counterinformation

from ethernet.Combiningthetwo, it appliestheaccessrateandpowermodelheuristics,andgeneratescomponent

power estimatesfor the de�ned components.After the processingof collecteddata,PowerClientgeneratesthe

12



runtimecomponentpowerbreakdown monitoraswell asruntimetotalpowerplotsfor bothmeasuredandcounter

estimatedpower aftersynchronizingthemodeledandmeasuredpowers,over a 100secondtime window, with an

averageupdaterateof 440ms.

5.5 Results

To begin, weshow generatedpower breakdownsfor branchandcachemicrobenchmarks,thatwereintroduced

in Section3. As onecannotgainphysicalaccessto per-componentpower to measure,andsinceper-component

powervaluesarenotpublished,weusetheclosematchof measured(ammeter)totalpower to estimated(counter-

based)totalpower asagaugeof ourmodel's accuracy.
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Figure 8. Power breakdo wns for branc h and cache benc hmarks.

Leftmostbar of Figure8 shows the estimatedpower breakdowns for our branchexercisemicrobenchmark.

This is a very small programthat is expectedto residemostly in tracecacheandthat is mostly L1 bound. This

microbenchmarkis a high uopspercycle (UPC),high-power integerprogram.Thebreakdownsshow high issue,

executionandbranchpredictionlogic power, while asexpectedL2 cacheandbusfor mainmemorydissipatelower

power.

Secondbar of Figure8 shows breakdowns for cacheexercisemicrobenchmarkwith an almostperfectL1 hit

rate. Onceagain,the componentbreakdowns track our intuition well. The breakdowns show high L1 power

consumptionandrelatively high issueandexecutionpower aswe do not stall dueto L1 missandmemoryorder-

ing/replayissues.BothL2 andbuspower arerelatively low.

In thethird barof Figure8, we con�gure thecachemicrobenchmarkto generatehigh L1 misses,while hitting

almostperfectlyin L2. Thepower distribution of L2 cacheis seento increasesigni�cantly, while executionand
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issuecoresstartto slow down dueto replaystalls. Moreover Memoryorderbuffer shows slight increasedueto

increasingmemoryloadandstoreport replayissues.

Finally, in therightmostbarof Figure8 we alsogeneratehigh L2 missesandthereforebuspower climbsup,

while executioncoreslows down evenfurtherdueto highermainmemorypenalties.Althoughtotal L2 accesses

actuallyincrease,dueto signi�cantly longerprogramdurationasdemonstratedin Figure5, accessratesrelatedto

L2 dropandaggregateL2 powerdecreases.

Overall, this sequenceof microbenchmarks,while simple,builds con�dencethat thecounter-basedpower es-

timatesareshowing reasonableaccuracy. In thesectionsthat follow, we presentmorelarge-scale,long-running

experimentson SPECanddesktopapplications.

6 Power Model Results

In theprecedingsectionwe showedsomeinitial per-componentpower resultsfor ourmicrobenchmarks.Here,

we provide power breakdowns and total power estimatesfor the full runtimesof selectedSPECbenchmarks,

aswell assomepracticaldesktopapplications.The SPEC2000benchmarksshown in this paperarecompiled

usinggcc-2.96andwith compiler�ags of “-O3 -fomit-frame-pointer”.We usethereferenceinputswith a single

iterationof run. In orderto demonstrateour ability to modelpower closelyevenat low CPUutilizations,we also

experimentedwith practicaldesktoptools,AbiWord for text editing,Mozilla for webbrowsingandGnumericfor

numericalanalysis.All thesebenchmarkssharethecommonpropertyof producinglow CPUutilizationwith only

intermittentpowerbursts.

6.1 SPECResults

In this section,we show SPECintprogramsvpr andtwolf, aswell asequake from SPECfp(Power behaviors

of gcc and gzip are referredto in section7 and are not includedhereto avoid repetition.) In Figures9–14,

total power estimationsandestimatedpower breakdowns for vpr, twolf andequake aredemonstrated.Similar

�gures for gcc and gzip are includedin Figures18 and 19. We discussthe observed power behaviors of the

demonstratedbenchmarksandespeciallypointout thecases,wherecomponentpowersrevealpowerbehavior that

arenotobservablefrom totalpower measurementsor estimations.

For referenceinputs, the vpr benchmarkactuallyconsistsof two separateprogramruns. The �rst run uses

architectureandnetlistdescriptionsto generatea placement�le, while thesecondrun usesthenewly-generated

placement�le to generatea routing descriptor�le [25]. Although the total averagepower for the two runs is

quitesimilar, Figure9 shows a noticeablephaseshift at around300swhenthesecondrun beginsandFigure10

demonstratesevenmoreclearlyhow distinctthepowerbehavior in thesecondphaseis. Althoughthe�rst run,the

placementalgorithm,producesverystablepowers,thesecondphase's routingalgorithmhasamuchmorevariable
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Figure 9. SPECint vpr Total Measured and Mod
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Figure 11. SPECint twolf Total Measured and

Modeled Runtime Power.
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Figure 13. SPECfp equake Total Measured and

Modeled Runtime Power.
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equake .

andperiodicpower behavior. As [16] discuss,the initial placementphaseproduceshighermissratesthan the

routingpart.This is becauseroutingbene�tsfrom thefactthatplacementbringsmuchof thedatasetinto memory.

Theper-componentpower breakdowns show this: thereis higherL1 power in �rst half dueto memoryordering

issuesandincreasedL2 power in secondphase.Althoughit is anintegerbenchmark,our breakdown alsoshows

thatvpr consumessigni�cant amountof FPunit power. This is dueto theSIMD instructionsit employswhichuse

theFPunit. (Thecounterx87 SIMD moves uopsindicatesaupcof 0.08in placementand0.22in routing.)

Twolf is a transistorlayoutgenerationprogramthatperformsstandardcell placementandconnection.It per-

formsseveral loop computations,traversingthememoryandpotentiallyproducingcachemisses.Thehigh mem-

ory utilization of thetwolf is observed in thepower breakdownsof Figure12. Moreover, althoughtwolf exhibits
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an almostconstanttotal power behavior in Figure11, individual componentpowersgenerallyshow a gradient

suchasslight increasesin L1 cacheandmicrocodeROM powersanddecreasingL2 cachepowerover theruntime.

As an exampleof �oating point benchmarks,we show the equake benchmarkin Figures13 and14. Equake

modelsgroundmotion by numericalwave propagationequationsolutions[2]. The algorithmconsistsof mesh

generationandpartitioningfor the initialization, andmeshcomputationphases.In Figure13, we canalready

clearlyidentify theinitializationphaseandcomputationphase.Figure14 demonstratesthehigh microcodeROM

power asthe initialization phaseusescomplex IA32 instructionsextensively. Themeshcomputationphase,then

exhibits the�oating point intensive computations.

In additionto vpr, twolf andequake,wehavegeneratedsimilarpower tracesfor severalotherSpec2000bench-

marks.Gccandgzip areincludedin section7 andthecounterbasedpower estimationsareseento trackeventhe

highly variantgccpower tracesvery favorably. Power tracesfor the restof the investigatedbenchmarksarenot

includedin this paperfor brevity. In Figures15 and16, we demonstratethestatisticalmeasuresto representthe

accuracy of ourmodelingframework, for a largersetof SPEC2000benchmarks.

In Figures15 and 16, we show the averagepowers computedfrom real power measurementsand counter

estimatedtotal powers, for both the whole runtime of the benchmarksalso including the idle periodsand for

theactualexecutionphases.Hence,the idle-inclusive measurescannotbe consideredasstandardresults,asthe

idle periodsvary in eachexperiment- i.e. equake hasa long idle periodloggedat the endof experiment,thus

producinga very high standarddeviation dueto loweredfull-runtime averagepower, aroundwhich thedeviation

is computed.They areof value,however, for comparingcounter-basedtotalsto measuredtotals,becauseoneof

our aimsis to beableto characterizelow utilization powersaswell, with reasonableaccuracy. For theestimated

averagepowers,theaveragedifferencebetweenestimatedandmeasuredpowersis around3 Watts,with theworst

casebeingequake (Figure13),with a5.8Wdifference.For thestandarddeviation,theaveragedifferencebetween

estimatedandmeasuredpowers is around2 Watts,with the worst casebeingvortex, with a standarddeviation

differenceof 3.5W.

6.2 DesktopApplications

In additionto SPEC,we investigatedthreeLinux desktopapplicationsaswell. Thesehelp demonstrateour

power model's ability to estimatepower behavior of practicaldesktopprograms;becauseof their interactive

nature,they typically presentperiodsof low power punctuatedby intermittentburstsof higherpower. Thethree

applications,shown in Figure 17, are AbiWord for text editing, Mozilla for web browsing and Gnumericfor

numericalanalysis.

In thewebbrowsingexperimentin Figure17.(a),thepower tracesrepresentopeningthebrowser, connecting

to a webpage,downloadinga streamingvideoandclosingthebrowser. In thetext editingexperimentin Figure
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Figure 15. Average Power measurements and counter based estimations for SPEC2000 benc hmarks.

For each benc hmark, �r st set of power values represent averaging over the whole runtime of the

program, second set represents averaging onl y over nonidle periods.
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17.(b),thepower tracesrepresentopeningtheeditor, writing a shorttext, saving the�le andclosingtheeditor. In

thegnumericexamplein Figure17.(c),thepower tracesrepresentopeningtheprogram,importinga largetext of

370K,performingseveralstatisticson thedata,saving the�le andclosingtheprogram.Thepower tracesreveal

the bursty natureof the total power timeline for thesebenchmarks;this is particularly true at the momentsof

saving datamemoryandcomputations.Overall, thelong idle periodsmeanthatthebenchmarkshave low average

power dissipation.Thepower tracesfor thedesktopapplicationsalsoreveal thatour counterbasedpower model

follows evenvery low power trendswith reasonableaccuracy. Togetherwith theSPECresults,this demonstrates

thatour counter-basedpower estimatescanperformreasonablyaccurateestimationsindependentof therangeof

power variationsproducedby differentapplications,without any realisticboundson theobserved timescale.To

ourknowledge,wearethe�rst to producelivepowermeasurementsof this typefor aprocessorascomplex asthe

P4.
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Figure 17. Total Measured and Counter Estimated Runtime Power for 3 desktop applications

7 Power PhaseBehavior Analysis

Identifying programphasesbearssigni�cant importancein computerarchitectureresearch.Severalproposed

algorithmsimplementspeci�c techniquesto detectthesephasesandprovide feedbackfor microarchitecure.For

example,[1] describesan algorithmthat keepstrack of speci�ed performancemetricsover a �x ed instruction

window to detectprogramphasesfor amulticon�gurablecache.Identi�cation of phasebehavior enablesdynamic

con�guration of microarchitecturefeaturesfor power or performanceoptimizationsthat respondto programbe-

havior changes,suchascon�gurablememoryallocationandcon�gurableinstructionwindows[5]. At largerscales

of execution,phasebehavior canbe usedfor OS baseddynamicmanagementfor threadscheduling,voltageor

frequency scaling[9, 27]. Moreover, [21] demonstratesa methodologyto approximatelong costlyarchitectural

simulationsusingphasebehavior to specifymultiplesimulationcheckpoints.

As wehaveexempli�ed with severalcasesin powermeasurementandmodelingsections,mostprogramsexhibit

different phasesduring their execution,usually including somelevel of cyclic behavior. In order to identify

theseperiodicbehaviorsandstandalonephaseslike initialization,[20] proposesBasicBlock DistributionAnalysis

methodthatusesbasicblock pro�les of programs.A basicblock is a portionof a programcodethat is enteredat

onepoint, executedin wholeandhasa singleexit point. Thework in [20] introducesbasicblock vectors,which

representtheproportionof basicblock executionswithin onesamplingperiod. Then,it usesbasicblock vector

differenceswith respectto a globalvector, to identify phases.In orderto determinetheamountof resemblance

betweendifferentwindows of execution,collectedover theprogramrun, [21] de�nes thebasicblock similarity

matrix, which consistsof themanhattandistancebetweenall pairsof basicblock vectors.Thesimilarity matrix

presentsboththedurationof similaritiesandthesimilar repetitions.

Here,we demonstratea techniquebasedon our runtimepower model,to identify power phasesof programs,

andto usecomponentbreakdownsascharacteristicpower signatures.Becausethis techniqueworksat runtime,it

is quiteef�cient, andonecanevenimagineit beingusedto homein accuratelyon repetitive programphaseseven

whentheprogramsourcecodeis notavailable.
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We considergeneratedcomponentbreakdowns as coordinatevectorsin the spaceof possible. Proceedings

similarly to theprior work onbasicblockvectors,weconsiderthemanhattandistancebetweenpairsof vectorsas

the“power behavior dissimilarity” betweenthetwo vectors.We do not normalizethepower breakdown vectors,

asour measureis alreadybasedon power andscaledpower valuesshouldnot be consideredassimilar power

behavior. Werely onmanhattandistanceasthemeasureof dissimilarity, asit treatseachchangeequallyregardless

of thedirectionof change.Also at any samplingtime, themanhattandistanceto origin representsthetotal power

(exceptfor theidle offset),at thatsamplinginterval.
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Weusethesimilarity matrixapproachto demonstratethepowerphasebehavior acrosstheexecutiontimeof the

programs.Thesimilaritymatrixisconstructedfrommanhattandistancesof all thecombinationpairsof component

power vectors.A singlematrix entry is computedasshown in equation3, where
�������

ü$�&% "

representthesample

power vectorsand
�

�

representthe individual components.The diagonalof the matrix representsthe time axis

andtheentriesto theright of thediagonaldisplaythesimilarity betweenthecurrenttimesampleasde�ned by the

diagonalentryandthe futuresamples.Theentriesabove thecurrentsampleshow thesimilarity with respectto

theprevioussamples.

In Figures18 and19, we presentthe acquiredpower similarity matricesfor SPEC2000benchmarksgcc and

gzip. In thematrixplots,thetopleft cornerrepresentsthestartof thetimelineandthelowerright cornerrepresents

endof timeline. Darker regionsrepresenthighersimilarity betweenthecorrespondingcomponentpower vectors.

In the �gures, we alsoshow the total power andcomponentpower breakdown estimationsfor the benchmarks,

with the sametimescalesto provide comparisonswith the estimatedpower behavior. Even with gcc, with very

unstablepower behavior, severalsimilaritiesarehighlightedwith thesimilarity matrix. For example,considerthe

almostidenticalpower behavior aroundthe 30, 50 and180 secondspointsin the timeline. Moreover, by using

componentpowerbreakdownsaspower“signatures”,thesimilarity matrixhelpsdifferentiatepowerbehavior even

in caseswherethetotal power is measuredto bequitesimilar. For example,althoughmeasuredpower is similar

for gcc's regionsaround88s,110s,140s,210sand230s,the similarity matrix revealsthat 88s,210sand230s

regionsshow visibly highersimilarity amongthemselvesthantheothertwo regions,which arealsoshown to be

mutually dissimilar. On the otherhand,gzip shows a muchregular patternwith several similar phases.Once

again,spurioussimilaritiesdueto similar measuredtotal power aredistinguishedwith thesimilarity matrix,such

as100-150sand200-280sregions.By providing afoundationfor powerphaseanalysis,counter-basedcomponent

breakdownshave shown themselvesto beusefulin a rangeof power-awareandthermal-awareresearchstudies.
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Figure 18. Gcc Power Phase Similarity Matrix
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Figure 19. Gzip Power Phase Similarity Matrix

(Verticallinesextendingfrom thesimilarity matrix plotscorrespondto theirprojectedtimevaluein thepower traces)
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8 RelatedWork

While therehasbeensigni�cant work on processorpower modeling,muchhasbeenbasedpurelyon simula-

tions.Ourapproach,in contrast,mixesliveperformancecountermeasurementsasthefoundationfor anestimation

technique.

Onecategoryof relatedwork is researchinvolving livemeasurementsof totalpower. While thesearenumerous,

we touchon a few key exampleshere. In early work, Tiwari et al. [26] developedsoftwarepower modelsfor

an Intel 486DX2 processorandDRAM andveri�ed total power by measuringthe currentdrawn while running

programs. They usedthe information to generateinstructionenergy cost tablesand identify inter-instruction

effects. Russellet al. [18] likewise did softwarepower modellingfor i960 embeddedprocessors,andvalidated

usingcurrentmeasurements.Flinn et al. [6], developedthePowerScopetool, which mapsconsumedenergy to

programstructureat procedurallevel. This OS-orientedresearchuseda DMM to do live power measurements,

andthendevelopedenergy analyzersoftwareto attributethepower to differentprocessesor procedures.

More recently, Leeet al. [17], usedenergy measurementsbasedon chargetransferto derive instructionenergy

consumptionmodelsfor a RISCARM7TDMI processor. They usedlinear regressionto �t themodelequations

to measuredenergy at eachclock cycle. Thesetechniqueswereaimedat very simpleprocessorswith almostno

clock gating,however, and thereforeneededto track andmodelonly minimal cycle-by-cycle power variation.

As a �rst exampleof Pentium4 power measurementstudies,SengandTullsenhave investigatedthe effect of

compileroptimizationson averageprogrampower, by measuringtheprocessorpower for benchmarkscompiled

with differentoptimizationlevels[19]. They usetwo seriesresistorsin Vcc tracesto measuretheprocessorcurrent.

However, thescopeof this work is only power measurementandthey do not presentany power breakdowns or

power-orientedphaseanalysis.

Next, wepresentprior work on performancecountersandpower metrics.Bellosa[3], usesperformancecoun-

ters,to identify correlationsbetweencertainprocessorevents,suchasretired�oating pointoperations,andenergy

consumptionfor an Intel PentiumIIprocessor. This counter-basedenergy accountingschemeis proposedasa

feedbackmechanismfor OSdirectedpowermanagementsuchasthreadtimeextensionandclockthrottling. Like-

wise, the Castletool, developedby Josephet al. [14], usesperformancecountersto modelcomponentpowers

for a PentiumPro processor. It providescomparisonsbetweenestimatedtotal processorpower andtotal power

measuredusinga seriesresistorin processorpower lines. Our work neededto make signi�cant extensionsin

bothinfrastructureandapproachin orderto applycounter-basedtechniquesto a processorascomplex astheP4.

Furthermore,to ourknowledge,neitherBellosanorJosephusedtheirmeasurementsto dophaseanalysis.Kadayif

et al. [15], usethePerfmoncounterlibrary to accessperformancecountersof theUltraSPARC processor. They

collectmemoryrelatedevent informationandestimatememorysystemenergy consumptionbasedon analytical

memoryenergy model;they did notconsidertherestof theprocessorpipeline.And �nally , Haidetal. [7], propose
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a coprocessorfor runtimeenergy estimationfor system-on-a-chipdesigns.Essentially, the goal of that work is

to describewhateventcounterswould work bestif power measurement,insteadof or in additionto performance

measurement,werethedesigngoal.

9 Conclusionand Future work

In this paperwe presenteda runtime power modelingmethodologybasedon using hardware performance

countersto estimatecomponentpower breakdowns for the Intel Pentium4 processor. We have validatedour

resultsat the total power level with goodaccuracy, despiteP4's complex pipelineandaggressive clock gating.

By usingreal power measurementsto comparecounter-estimatedpower againstmeasuredprocessorpower, we

have a real-timemeasurementandvalidationschemethatcanbe appliedat runtimewith almostno overheador

perturbation. We usedour power model to measurelong runs from the SPEC2000suiteand typical practical

desktopapplications;the acquiredpower resultsshow that our techniqueis ableto track closelyeven very �ne

trendsin programbehavior. Becauseourtechniquehasper-componentpowerbreakdown, wecanalsogetunit-by-

unit power estimates.Furthermore,we cantreatthis “vector”of componentpower estimatesasa powersignature

thatcaneffectively distinguishpower phasebehavior basedon simplesimilarity analysis.

This researchdiffers from previous power estimationwork in several aspects.Our modelis targetedtowards

a complex high-performanceprocessorwith �ne microarchitecturaldetailsandhighly variablepower behavior.

Ourpowermeasurementtechniqueis non-disruptive, andtheLKM-basedimplementationis highly-portable.The

componentbreakdowns we producearebasedon physicalentitiesco-locatedon chip, asopposedto conceptual

groupings.As a result,thesecomponentbreakdownscanoffer a foundationfor futurethermalmodelingresearch.

The fact that detailedpower datacanbe collectedin real-timeis alsoimportantfor thermalresearch,sincethe

largethermaltime constantsmandatevery longsimulationruns.Ourcounter-basedpower modelestimatingeven

very low processorpower accurately, by usingbothlinearandnon-linearcombinationsof eventcounts.

Thereareseveralkey contributionsof this work. Themeasurementandestimationtechniqueitself is portable,

andcanoffer a viablealternative to many of thepower simulationscurrentlyguiding researchevaluations.The

componentbreakdownsoffer suf�cient detail to beusefulon their own, andtheir propertiesasa power signature

for power-awarephaseanalysisseemtobeevenmorepromising.In conclusion,thisworkoffersbothmeasurement

technique,aswell ascharacterizationdataaboutcommonprogramsrunningon a widely-usedplatform andwe

feel it offersapromisingalternative to purelysimulation-basedpower research.
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