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Abstract

With powerdissipationbecomingan increasinglyvexing
problemacrossmanyclassesof computersystems,measur-
ing powerdissipationof real, runningsystemshasbecome
crucial for hardware andsoftware systemresearch andde-
sign.Live powermeasurementsare imperative for studies
requiring executiontimestoo long for simulation,such as
thermalanalysis.Furthermore, asprocessorsbecomemore
complex and include a hostof aggressivedynamicpower
managementtechniques,per-componentestimatesof power
dissipationhavebecomebothmore challengingaswell as
more important.

In this paper we describeour technique for a coor-
dinated measurementapproach that combinesreal total
powermeasurementwith performance-counter-based,per-
unit power estimation.The resulting tool offers live total
power measurementsfor Intel Pentium4 processors, and
also providespowerbreakdownsfor 22 of themajor CPU
subunitsover minutesof SPEC2000anddesktopworkload
execution.Asanexampleapplication,weusethegenerated
componentpower breakdownsto identify program power
phasebehavior. Overall, this paperdemonstratesa proces-
sor power measurementand estimationmethodology and
also gives experiencesand empirical application results
that can provide a basisfor future power-aware research.

1. Intr oduction

Energy andpower densityconcernsin modernproces-
sorshave led to signi�cant computerarchitectureresearch
efforts in power-awareand temperature-awarecomputing.
As with any applied,quantitativeendeavorsin architecture,
it is crucial to be able to characterizeexisting systemsas
well asto evaluatetradeoffs in potentialdesigns.

Unfortunately, cycle-level processorsimulations are
time-consuming,andareoftenvulnerableto concernsabout
accuracy. In certaincases,very long simulationscanbe re-
quired.This is particularlytruefor thermalstudies,sinceit
takesa long time for processorsto reachequilibriumther-

mal operatingpoints [24]. Furthermore,researchersoften
needtheability to measurelive,runningsystemsandto cor-
relatemeasuredresultswith overall systemhardwareand
software behavior. Live measurementsallow a com-
pleteview of operatingsystemeffects,I/O, andmany other
aspectsof “real-world” behavior, oftenomittedfrom simu-
lation.

While live measurementsgain value from their com-
pleteness,it can often be dif�cult to “zoom in” and dis-
cern how different subcomponentscontribute to the ob-
servedtotal.For this reason,many processorsprovidehard-
wareperformancecountersthathelpgiveunit-by-unitviews
of processorevents.While goodfor understandingproces-
sor performance, the translationfrom performancecoun-
tersto power behavior is moreindirect.Nonetheless,some
prior researchefforts have producedtools in which per-
unit energy estimatesarederived from performancecoun-
ters[16, 17].

Prior counter-basedenergy tools have beengearedto-
wards previous-generationprocessorssuch as the Pen-
tium Pro. Sincetheseprocessorsusedlittle clock gating,
theirpowerconsumptionvariedonly minimally with work-
load.As a result,back-calculatingunit-by-unitpower divi-
sionsis fairly straightforward.In today's processors,how-
ever, power dissipationvariesconsiderably—50 Wattsor
more—onanapplication-by-applicationandcycle-by-cycle
basis.As such,counter-basedpower estimationwarrants
further examination on aggressively-clock-gatedsuper-
scalarprocessorslike theIntel Pentium4.

Theprimarycontributionsof this paperareasfollows:
� We describe a detailed methodology for gather-

ing live, per-unit power estimatesbasedon hard-
ware performance counters in complicated and
aggressively-clock-gatedmicroprocessors.

� We presentlive total power measurementsfor SPEC
benchmarksaswell assomecommondesktopapplica-
tions.

� As an applicationof the componentpower estimates,
we describea power-oriented phaseanalysisusing
Bayesiansimilarity matrices.

Theremainderof thispaperis structuredasfollows.Sec-
tion 2 givesan overview of our performancecounterand



power measurementmethodology. Sections3 and 4 then
go into detailsaboutour mechanismsfor live monitoring
of performancecountersand power. Following this, Sec-
tion 5 developsa techniquefor attributingpowerto individ-
ualhardwareunitslikecaches,functionalunits,andsoforth
by monitoringappropriateperformancecounters.Section6
gives resultson total power and per-unit power measure-
mentsfor collectionsof SPECand desktopapplications,
andSection7 givesan exampleuseof componentpower
estimatesto trackprogrampowerphases.Finally, Section8
discussesrelatedwork andSection9 givesconclusionsand
offersideasfor futurework.

2. Overall Methodology

The fundamentalapproachunderlyingour power mea-
surementsis to usesampledmultimeterdatafor overall to-
tal powermeasurements,andto useestimatesbasedonper-
formancecounterreadingsto produceper-unit powerbreak-
downs.Figure1 showsourbasicapproach.
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Figure 1. Overall power measurement and es
timation system �o w.

Livepowermeasurementsfor therunningsystemareob-
tainedfrom a clampammetermeasuringcurrenton theap-
propriatepower lines.Theclampammeterplugsinto a dig-
ital multimeterfor datacollection.A separateloggingma-
chinequeriesthemultimeterfor datasamplesandthengen-
eratesruntime power plots and power logs for arbitrarily
long timescales.Section4 describesthe power measure-
mentsetupin moredetailandpresentsseveralpower traces
to demonstratethepowermeasurementscheme.

In parallel,per-unit powerestimatesarederivedfrom ap-
propriateweightingsof Pentium4 hardware performance
counterreadings.To accessthe P4 performancecounters,
thereare a small numberof pre-writtencounterlibraries
available[10, 25]. For ef�ciency andease-of-usewe have
written our own Linux loadablekernelmodule(LKM) to
accessthecounters.OurLKM-basedimplementationoffers
amechanismwith suf�cient �e xibility andportability,while
incurringalmostzeropower andperformanceoverheadso
thatwecancontinuouslycollectcounterinformationatrun-
timeandgenerateruntimepowerstatistics.

Section 5 describesour power estimation technique
basedon the performancecounterreadingsobtainedfrom
a live programrun. Froma Pentium4 die photo,we break
theprocessorinto sub-unitssuchasL1 cache,branchpre-
diction hardware, and others. For each component,we
develop a power estimation model basedon combina-
tionsof eventsavailableto P4hardwarecountersaswell as
heuristicsthat translateevent countsinto approximateac-
cessratesfor eachcomponent.Somecomponents,suchas
caches,arerelatively straightforward sincetherearehard-
ware event countersthat map directly to their accesses.
Othercomponents,suchasbuslogic, have lessstraightfor-
wardtranslations,asdiscussedin Section5.As thelaststep,
weusetherealpowermeasurementsobtainedfrom theam-
meterin conjunctionwith logging system's counter-based
power estimatesto synchronizeand provide a compar-
ison between the measuredand estimatedtotal power
measures.

The machineusedin our power measurementand es-
timation experimentsis a 1.4GHz Pentium4 processor,
0.18� Willamettecore.TheCPUoperatingvoltageis 1.7V
andpublishedtypicalandmaximumpowersare51.8Wand
71W, respectively [13]. The NetBurstmicroarchitectureof
P4 is basedon a 20-stagemispredictionpipeline with a
tracecacheto remove instructiondecodingfrom the main
pipeline.In addition to a front-endBPU a secondsmaller
BPU is usedto predictbranchesfor uopswithin traces.It
has two double-pumpedALUs for simple integer opera-
tions. L1 cacheis accessedin 2 cycles for integer loads,
while theL2 cacheis accessedin 7 cycles.

The processorimplementsextremelyaggressive power
management,clockgating,andthermalmonitoring.Almost
every processorunit is involvedin power reductionandal-
most every functional block containsclock gating logic,
summingup to 350 uniqueclock gating conditions.This
aggressive clock gatingprovidesup to approximately20W
powersavingson typical applications[4].

Thefollowing sectionspresentour runtimepower mod-
elingmethodologyin progressivemanner. We �rst describe
eventmonitoringwith performancecounters,thenSection4
describestherealpowermeasurementsetupand�nally Sec-
tion 5 discussesthepowerestimatorswe havedeveloped.

3. Using Pentium 4 PerformanceCounters

Mostof today'sprocessorsincludesomededicatedhard-
ware performancecountersfor debugging and measure-
ment. In general,performancecounterhardware includes
eventsignalsgeneratedby CPUfunctionalunits,eventde-
tectorsdetectingthesesignalsandtriggeringthe counters,
andcon�guredcountersincrementingaccordingto thetrig-
gers.

Intel introducedperformancecountinginto IA32 archi-
tecturewith Pentiumprocessorsandhasgonethroughtwo
more countergenerationssincethen.The Pentium4 per-
formancecountinghardware includes18 hardware coun-
ters that cancount18 differenteventssimultaneouslyand
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Figure 2. L1 hit rate validation.

in parallel with pipeline execution. 18 counter con�gu-
ration control registers(CCCRs),eachassociatedwith a
uniquecounter, con�gure the countersfor speci�c count-
ing schemessuchas event �ltering and interrupt genera-
tion. 45 event selectioncontrol registers(ESCRs)specify
theP4eventsto becountedandsomeadditionalmodelspe-
ci�c registers(MSRs) for specialmechanismslike replay
tagging.In additionto the18 eventcounters,thereexistsa
specialtimestampcounter(TSC)thatincrementswith pro-
cessorclock cycle [11, 26]. Intel P4performancemonitor-
ing eventscomprise59 event classesthat enablecounting
severalhundredspeci�c eventsasdescribedin AppendixA
of [11]. Theeventmetricsarebrokeninto categoriessuchas
general,branching,tracecacheandfront end,memory, and
others[12]. A morecomprehensivedescriptionof eventde-
tectionandcountingcanbefoundin [26].

In orderto usetheperformancecounters,we implement
two LKMs. The �rst LKM, CPUinfo, is simply usedto
readinformationaboutthe processorchip installedin the
systembeingmeasured.This helpsthe tool identify archi-
tecturespeci�cationsand discernthe availability of per-
formancemonitoring features.The secondLKM, Perfor-
manceReader, implementssix systemcalls to specify the
eventsto be monitored,andto readandmanipulatecoun-
ters.The systemcalls are: (i) selectevents: Updatesthe
ESCR and CCCR �elds as speci�ed by the user to de-
�ne the events,masks,and counting schemes,(ii) reset
event counter: Resetsspeci�ed counters,(iii) start event
counter: Enablesspeci�edcounter'scontrolregisterto be-
gin counting,(iv) stop event counter: Disablesspeci�ed
counter's control register to end counting, (v) get event
counts: Copiesthe currentcountervaluesandtime stamp
to userspace,and (vi) set replay MSRs: updatesspecial
MSRsrequiredfor “replay tagging”.

The performancereaderis very lightweight and low-
overhead.The start, stop, and resetevent countersystem
callsareonly threeassemblyinstructions.Thesystemcall
for getting event countsat the end of a measurementis
longerasit requirescopying dataelsewherein memory, but
neednot beexecutedduringthecoreof anapplication.Be-
causetheperformancereaderhasa simpleandlightweight
interface,we can completelycontrol and updatecounters
easilyfrom within any application.

To validate the performancereader, we wrote mi-
crobenchmarkstargeting speci�c processorunits. The

0%

20%

40%

60%

80%

100%

0 0.1 0.2 0.25 0.3 0.4 0.5 0.6 0.7 0.75 0.8 0.9 1
Desired Taken Branch Rate

A
cq

u
ir

ed
 B

ra
n

ch
 R

at
es

Approximated Mispredict Rate Measured Taken Branch Rate

Figure 3. Branc h rate validation.
�rst benchmark,shown in Figure 2, generatesa de-
siredL1 cachehit rateby executing1 billion iterationsof
traversalthrougha largelinkedlist of pointersin a pseudo-
randomsequence,with the sequencelengthguidedby the
user-speci�eddesiredhit rate.Weusetwo metricsto evalu-
atetheL1 hit rates.The�rst metricusesaneventcounterdi-
rectly countingload instructionsthat are taggeddue to a
loadmissreplay. Thesecond,lessdirect,metricusesL2 ac-
cessesasa proxy for L1 missesaslong asdatais expected
to reside in L2 cacheand other application/systemac-
cessesto L2 are minimal. The �gure shows that both
methodsof measuringL1 cacheperformancetrack thetar-
getquiteclosely, particularlyfor hit ratesof 50%or more.
Both counter-measuredhit ratesareslightly below thepro-
gram's target; this is due to initialization effects,con�icts
andsharingof cacheamongprocesses.In themainbench-
mark loop of the cache experiment, there are 8 IA32
instructions,and so we expect 8 billion retired instruc-
tionsfrom thefull program.Theactualvaluereadfrom the
countersis ��� ���	��
���	� , wheremost of the additional in-
structionsare due to OS scheduling.Thus, the perfor-
mancereaderoperatesaccuratelyandwith trivial overhead,
aslong assamplingintervalsarekepton theorderof mil-
liseconds.

The secondbenchmark,illustrated in Figure 3, gener-
atesa desiredrateof taken branchesby comparinga large
randomdataset to a thresholdset to generatethe desired
branchingrate.Moreover, the randomnessof the dataen-
ablesus to approximatelyspecifythe expectedmispredict
rateas: ����������������� ��!#"$���&%'��� (&)+* ,-"/./�0�1���"$0��324!#"$���5)

���6(�* . As the�gure shows, thebranchmicrobenchmarkpro-
ducesthedesiredamountof takenbrancheseffectively. Ad-
ditionally, themispredictratesgeneratedarecloselyrelated
to our expectation,usuallyshootingaround10% higherin
20-40%expectedmispredictionrange.

4. Real Power Measurements

In Figure4 we show the detailsof our power measure-
mentsetup,whereCPUpower is measuredwith theclamp
ammeter. Whilesomepriorworkhasusedseriesor shuntre-
sistorsto measurepower dissipation[21, 28], we chosethe
clampammeterapproachbecauseit avoids theneedto cut
or addany wireson thesystembeingmeasured.
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The main power lines for the CPU operateat 12V, and

thenarefed to a voltageregulatormodule,which converts
this voltageto the actualprocessoroperatingvoltageand
provides tight control on voltage variations[30]. There-
fore, we useour currentprobeto measurethe total current
throughthe12V lines.To verify oursetup,wemeasuredthe
currentthrougheachof the 17 power lines in our system,
while runninga microbenchmarkthat createshigh �uctu-
ationsin processorpower. In accordancewith our choice
of power lines, three12V lines yielded currentvariations
that followed the processoractivity tracked by the perfor-
mancereader, while other lines presentedan uncorrelated
powerbehavior, usuallywith insigni�cant powervariation.

We usea Fluke i410 currentprobeconnectedto anAgi-
lent34401digital multimeter(DMM). TheDMM sendsthe
voltagereadingsto a secondlogging machine,a 2.2GHz
Pentium4 Processor, via theserialport.Theloggermachine
getsvoltagedatafrom serialport andconvertsthesevalues
into processorpower dissipationwith the power relation:

798;:=< >?8A@�B�<4CD:FE�GIH�J	KML�NOJ$PRQ4GILMS :-TVUW<X@Y�Y�Y

. It thendis-
playsthemeasuredruntimepower in a powermonitorwith
a sliding time window, while alsologging time vs. voltage
information.

In ourexperiments,wesample1000readingspersecond
with 4 Z

[ digit resolution,whichcorrespondsto0.12Wpower
resolution.TheDMM cangeneratearound55 ASCII read-
ingspersecondto RS232,sowe collectthedatain thelog-
ger machineat 20msintervals.The logging machinethen
computesa moving averagewithin an even longersecond
samplingperiodthat is usedto updatetheon-screenpower
monitorandthedatalog. (We usethis secondsamplingpe-
riod sothatwe canlikewiseusecoarsesamplingperiodsto
readperformancecountersin Section5.)

We close this sectionwith a selectionof total power
observationsfrom the SPECbenchmarks.In Figure5, we
demonstratethepowertracesfor Spec2000benchmarksgcc
and vpr, compiledwith gcc-2.96with -O3 -fomit-frame-
pointercompiler�ags, for full benchmarkrunsoverseveral
minutes.Despitetheir similar averagepowers(seeFigure
14 (a), non-idleaveragemeasuredpower), the two bench-
marksshow a very different power behavior during their
runtimes.Thevprbenchmarkmaintainsaverystablepower,
while gccproducessigni�cant power �uctuations.Theap-
plicationsalsoclearlydemonstrateseveralphasesof execu-
tion during their lifetimes.Given the long timescalesover
which thesedatawerecollected,it is clearthat live power
measurementsare crucial to future power-awareresearch,
sincesimulationtimes to gathersuchdatawould be pro-
hibitive.
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Figure 5. SPEC gcc (upper) and vpr (lower)
power traces.

5. Modeling Power for ProcessorSub-Units

While total power measurementsfor long-runningpro-
gramsare alreadyuseful, we also wish to be able to es-
timate how power subdivides among different hardware
units. Prior work hasdevelopedcounter-basedor pro�le-
basedestimatesfor muchsimplerprocessors[3, 16, 19, 28].
In our approach,we estimatephysicalcomponentpowers
usingcounter-basedmeasures,andalsogeneratereasonable
totalpowerestimates.

Our modelingtechniqueis distinct from prior work in
the following ways.We estimatepower for a much more
complicatedmodernprocessor, with extremelyaggressive
clock gating andhigh power variability. Second,we con-
siderstrictly physicalcomponentsdirectly from thedie lay-
out,asopposedto “proxy” categoriesaggregatedfor conve-
niencebut not presentasa singlehardwareunit on thedie.
Finally, we estimatepower for all levels of processoruti-
lization for arbitrarily long periodsof time, ratherthanre-
strictingour techniqueonly to powervariationsathighpro-
cessorutilization. The latter two areparticularlyimportant
for thermalstudies.In thissection,we�rst walk throughour
methodologyandthendemonstratetheexperimentalsetup.

5.1. De�ning Componentsfor Power Breakdowns

The processorcomponentsfor which the power break-
downs are generatedmight be chosenin different ways,
with varying granularityand interpretations.For example,
onecanconsiderthe four processorsubsystemsdescribed
in [8]: memory, in-orderfront end,outof orderengine,and



execution.Or instead,onemight usea moreconceptualin-
terpretationsimilar to [16] in which categoriessuchasis-
sue,execution,memory, fetch andreorder-relatedarecon-
sidered.The �rst option lacks the �ne granularitywe de-
sire,while theseconddoesn't provideadirectmappingto a
physicallayout.

In our approach,we choosea reasonably�ne granular-
ity, and—mostimportantly—ourcategoriesarestrictly co-
locatedphysical componentsidenti�able on a die photo.
Thisdecisionis basedontheultimateendgoalof ourproject
whichis to supportthermalmodelingandprocessortemper-
aturedistributions,both of which rely on actualprocessor
physicalparameters.Consequently, basedon an annotated
P4die photowe de�ne 22 physicalcomponents:Bus con-
trol, L1 cache,L2 cache,L1 branchpredictionunit (BPU),
L2 BPU, instructionTLB & fetch, memoryorder buffer,
memorycontrol,dataTLB, integerexecution,�oating point
execution,integerregister�le, �oating pointregister�le, in-
structiondecoder, tracecache,microcodeROM, allocation,
rename,instructionqueue1,instructionqueue2,schedule,
andretirementlogic.

5.2. P4Counter Eventsto Dri veEstimation

For eachof the22 components,we needa performance
countereventor a combinationof eventsthatcanapproxi-
matetheaccesscountof thatcomponent.The �nalized set
of heuristicsthatde�ne theseaccesscountsinvolve24event
metricscomposedin variouswaysfor the 22 de�ned pro-
cessorcomponents.While the full set of heuristicsis too
large to presenthere,Table 1 gives a sampleof proces-
sorcomponentsandthecorrespondingperformancecounter
metrics we devised. The full complementis available in
[15].

For example,bus control accessratescan be obtained
by con�guring IOQ Allocation to countall bustransactions
(all reads,writes and prefetches)that are allocatedin the
IO Queue(betweentheL2 cacheandbussequencequeue)
by all agents(all processorsandDMAs). FSB dataactiv-
ity is con�gured to count all DataReaDY and DataBuSY
eventson thefront sidebus,whenprocessoror otheragents
drive/read/reserve thebus.Thebusratio (3.5 in our imple-
mentation)is theratioof processorclock(1400MHz)to bus
clock (400MHz), and converts the countsin referenceto
processorclock cycles.

Tracecacheactivity canbediscernedby con�guring the
“Uop queuewrites” metric to count all speculative uops
written to thesmall in-orderuopqueuein front of theout-
of-orderengine.Thesecomefrom eithertracecachebuild
mode,tracecachedelivermodeor microcodeROM.

As a �nal example,thereis no direct counterevent for
the total numberof integer instructionsexecuted.Instead,
we total up the countersfor the eight typesof FP instruc-
tions, giving us an estimateof total FP operationsissued.
Wethensubtractthis from thetotalwrittenspeculativeuops
to getanintegerestimatedtotal. Integeroperationsthatare
not load/storeor brancharescaledby 2 asthey usethedou-
ble pumpedALU. On the other hand,load/storesusead-

dressgenerationunitsandbranchprocessingis donein the
complex ALU, alongwith shifts, �ag logic andmultiplies.
Thecountersdo not let usdifferentiatemultiply andshifts
andthereforethey arealsoscaledby 2. Also, somex87and
SIMD instructionsaredecodedinto multiple uops,which
maycauseundercounting.

Ultimately, we use 15 counterswith 4 rotations.The
P4 eventsand counterassignmentsminimize the counter
switchesrequiredto measureall the metrics needed.At
leastfour rotationsareunavoidable.This is because�oat-
ing point metricsinvolve 8 differentevents,of which only
two at a time canbe counteddueto the limitations of P4
countersin ESCRassignments.

5.3. CounterbasedComponentPower Estimation

We use the componentaccessrates—eithergiven di-
rectlyby a performancecounteror approximatedindirectly
by one or more performancecounters—to weight com-
ponentpower numbers.In particular, we use the access
ratesasweightingfactorsto multiply againsteachcompo-
nent's maximumpower valuealongwith a scalingstrategy
that is basedon microarchitecturaland structuralproper-
ties. In general,all the componentpower estimationsare
basedon Equation1, wheremaximumpower and condi-
tional clock power areestimatedempiricallyduringimple-
mentation.The \^] in theequationarethehardwarecompo-
nents,1 through22.
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Of the22components,six issuelogic units(tracecache,
allocation,rename,scheduleandboth instructionqueues)
requireaspecialpiecewiselinearapproach.This is because
of nonlinearbehavior, in whichaninitial increasefrom idle
to arelatively low accessratecausesalargeincreasein pro-
cessorpower, while further increasesin accessratespro-
ducemuchsmallerpower variations.Therefore,for the is-
suelogic components,we applya conditionalclock power
factor in addition to linear scalingabove a low threshold
value.

As an example of our overall technique,considerthe
tracecache.It deliversthreeuops/cycle whena traceis ex-
ecutedandbuilds oneuop/cycle wheninstructionsarede-
codedinto atrace.Therefore,theaccessrateapproximation
in delivermodeis scaledby 1/3,while accessratefrom in-
structiondecoderis scaledwith 1. Theseratesarethenused
astheweightingfactorfor estimatedmaximumtracecache
power.

We constructthe total power, shown in Equation2, as
thesumof 22componentpowerscalculatedasabove,along
with a�x edidle powerof 8Wfrom thetotalpowermeasure-
mentsdescribedin Section4. Hence,this �x ed 8W base
includessomeportion of globally non-gatedclock power,
whereasthe conditionally-gatedportion of clock power is
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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.
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in Equation1, weusedphysicalar-
eason the die. We scaledthe documentedmaximumpro-
cessorpower by thecomponentarearatios.In many cases,
theseareasserve as good proportionalestimates.To fur-
ther tune thesemaximumpower estimates,we developed
a small set of training benchmarksthat exercisethe CPU
in particularways.By measuringtotal power with a mul-
timeter, we could comparetrue total power over time to
the total power estimatedby summingour componentes-
timates.We thusobserved how diferentsettingsof “max-
power” weight factorsaffect theaccuracy of our power es-
timationsfor thetrainingbenchmarks.After severalexperi-
mentswith thetrainingbenchmarks,wearrivedata�nal set
of maxpowerandnon-gatedclock powervaluesfor eachof
the components.Theseare hard-codedas the P4 speci�c
weightingfactorsin the �nal implementationof our power
estimationsetup.

Figure6 shows a screenshotof the resultingpower es-
timations for the training benchmarks,togetherwith the
measurementdata in the combinedtotal power monitor.
Thedarkcoloredestimatedpower is plottedsynchronously
with the lighter coloredmeasuredruntimepower. The left-
mostbenchmark,fast, is very simple codewith two inte-
gerandone�oating-point operationinsidea computation-
dominatedloop. The next two benchmarksarethe branch
microbenchmarkand cache microbenchmarkdescribedin
section3. Finally, the last application in the timeline is
calledhi-lo, an iterative stressmarkdesignedto repeatedly
changepowerdissipationfrom verylow to veryhigh,which
producesaroughly30Wpowerswing.Onecanseethatthe
�nal maxpower settingsleadto very goodtotal power esti-
matesoverawiderangeof powerlevelsandapplicationbe-
haviors.

Figure 6. Total power after tuning of maxim um
component powers and idle power assump
tions.

5.4. Final Implementation

To summarize,in our �nal implementation,we useour
performancereaderto providethesystemwith therequired
counterinformationandtheloggermachinecollectsall the
counterandmeasurementinformationto generatethecom-
pleteruntimecomponentpower modelingandtotal power
veri�cation system.We verify componentbasedestimates
againsttotal power measurementsusing the setupin Fig-
ure4.

Measuredprocessorcurrentis againsentby the DMM
to the loggermachinevia RS232andthe loggermachine
convertsthecurrentinformationto powerasbefore.On the
measuredmachine,PowerServercollectscounterinforma-
tion every100ms,for theP4eventschosento approximate
componentaccessrates;it alsoappliescounterrotationsand
timestamping.Every400ms,it sendscollectedinformation
to the logging machineover Ethernet.While this perturbs
systembehavior slightly, it is doneasinfrequentlyaspos-
sible to minimize the disturbance.On the loggermachine,



PowerClientcollectsmeasuredammeterdatafrom the se-
rial port,andraw counterinformationfrom Ethernet.Com-
bining the two, it appliesthe accessrateandpower model
heuristics,andgeneratescomponentpowerestimatesfor the
de�ned components.After theprocessingof collecteddata,
PowerClientgeneratestheruntimecomponentpowerbreak-
down monitoraswell asruntimetotal powerplotsfor both
measuredandcounterestimatedpower aftersynchronizing
themodeledandmeasuredpowers,overa 100secondtime
window, with anaverageupdaterateof 440ms.

5.5. Micr obenchmarkResults

To begin, we show generatedpower breakdowns for
branchandcachemicrobenchmarks,that were introduced
in Section3. As one cannotgain physicalaccessto per-
componentpower to measure,and since per-component
power valuesare not published,we use the close match
of measured(ammeter)total power to estimated(counter-
based)totalpowerasa gaugeof ourmodel'saccuracy.
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Figure 7. Power breakdo wns for branc h and
cache benc hmarks.

Theleftmostbarof Figure7 shows theestimatedpower
breakdownsfor our branchexercisemicrobenchmark.This
is a verysmallprogramthat is expectedto residemostly in
tracecacheandthat is mostlyL1 bound.This microbench-
mark is a high uopsper cycle (UPC), high-power integer
program.The breakdownsshow high issue,executionand
branchpredictionlogic power, while asexpectedL2 cache
andbusfor mainmemorydissipatelowerpower.

Secondbarof Figure7 showsbreakdownsfor cacheex-
ercisemicrobenchmarkwith an almostperfectL1 hit rate.
Onceagain,thecomponentbreakdownstrackour intuition
well. The breakdowns show high L1 power consumption
andrelatively high issueandexecutionpower aswe do not
stall due to L1 miss and memoryordering/replayissues.
BothL2 andbuspowerarerelatively low.

In the third barof Figure7, we con�gure thecachemi-
crobenchmarkto generatehigh L1 misses,while hitting al-
mostperfectly in L2. The power distribution of L2 cache

is seento increasesigni�cantly, while execution and is-
suecoresstartto slow down dueto replaystalls.Moreover
memoryorderbuffer shows slight increasedueto increas-
ing memoryloadandstoreport replayissues.

Finally, in the rightmostbar of Figure7 we alsogener-
atehighL2 missesandthereforebuspowerclimbsup,while
executioncoreslows down evenfurtherdueto highermain
memorypenalties.Although total L2 accessesactuallyin-
crease,dueto signi�cantly longerprogramduration,access
ratesrelatedto L2 dropandaggregateL2 powerdecreases.

Overall, this sequenceof microbenchmarks,while sim-
ple, builds con�dence that the counter-basedpower esti-
matesareshowing reasonableaccuracy. In thesectionsthat
follow, we presentmore large-scale,long-runningexperi-
mentsonSPECanddesktopapplications.

6. Power Model Results

In the precedingsectionwe showed someinitial per-
componentpower resultsfor our microbenchmarks.Here,
we provide power breakdowns and total power estimates
for the full runtimes of selectedSPEC benchmarks,as
well as some practical desktopapplications.Additional
measurementandestimationdatais availablein [15]. The
SPEC2000benchmarksshown in this paperare compiled
using gcc-2.96and with compiler �ags of “-O3 -fomit-
frame-pointer”.Weusethereferenceinputswith asingleit-
erationof run. In orderto demonstrateour ability to model
powercloselyevenat low CPUutilizations,wealsoexperi-
mentedwith practicaldesktoptools:AbiWord for text edit-
ing, Mozilla for web browsing andGnumericfor numeri-
calanalysis.All thesebenchmarkssharethecommonprop-
erty of producinglow CPU utilization with only intermit-
tentpowerbursts.

6.1. SPECResults

In this section,we show SPECint programsvpr and
twolf, andequake from SPECfp.Figures8–13show total
powerestimatesandcomponentpowerbreakdownsfor vpr,
twolf andequake.Similar datafor gccareincludedin Fig-
ure 16. For referenceinputs, the vpr benchmarkactually
consistsof two separateprogramruns.The�rst runusesar-
chitectureandnetlist descriptionsto generatea placement
�le, while the secondrun usesthe newly-generatedplace-
ment�le to generatearoutingdescriptor�le [27]. Although
the total averagepower for the two runs is quite similar,
Figure8 shows a noticeablephasechangeat around300s
when the secondrun begins. Figure 9 demonstrateseven
moreclearlyhow distinctthepowerbehavior in thesecond
phaseis. Although the �rst run, the placementalgorithm,
dissipatesvery stablepower, thesecondphase's routingal-
gorithm hasa muchmorevariableandperiodicpower be-
havior. As [18] discusses,the initial placementphasepro-
duceshigher miss ratesthan the routing part. This is be-
causerouting bene�ts from the fact that placementbrings
muchof thedatasetintomemory.Theper-componentpower



breakdowns corroboratethis: thereis higher L1 power in
�rst half dueto memoryorderingissuesandincreasedL2
power in secondphase.Although it is an integer bench-
mark,our breakdown alsoshows thatvpr consumessignif-
icantamountof FPunit power. This is dueto theSIMD in-
structionsit employs which usethe FP unit. (The counter
x87 SIMD movesuops indicatesa upc of 0.08 in place-
mentand0.22in routing.)

Twolf is a transistorlayoutgenerationprogramthatper-
formsstandardcell placementandconnection.It performs
several loop computations,traversingthe memoryandpo-
tentiallyproducingcachemisses.Thehighmemoryutiliza-
tion of twolf is observedin thepowerbreakdownsof Figure
11. Moreover, althoughtwolf exhibits almostconstantto-
tal power in Figure 10, individual componentpowers are
not constant;thereareslight increasesin L1 cacheandmi-
crocodeROM powersanddecreasesin L2 cachepowerover
theruntime.

As an exampleof �oating point benchmarks,we show
theequake benchmarkin Figures12 and13. Equake mod-
els groundmotion by numericalwave propagationequa-
tion solutions[2]. The algorithm consistsof meshgener-
ationandpartitioningfor the initialization,andmeshcom-
putationphases.In Figure12,we canalreadyclearly iden-
tify the initialization phaseandcomputationphase.Figure
13 demonstratesthe high microcodeROM power as the
initialization phaseusescomplex IA32 instructionsexten-
sively. Themeshcomputationphase,thenexhibitsthe�oat-
ing point intensivecomputations.

In addition to vpr, twolf and equake, we have gener-
atedsimilarpowertracesfor severalotherSpec2000bench-
marks.Gccis includedin section7 andcounterbasedpower
estimationsareseento track the highly variantgcc power
tracevery favorably. Power tracesfor therestof the inves-
tigatedbenchmarksareavailablein [15]. Figures14(a)and
(b), however, presentstatisticalmeasuresthat further con-
�rm accuracy of our modelingframework, for a larger set
of SPEC2000benchmarks.

In Figure 14, we show the averagepowers computed
from real power measurementsand counterestimatedto-
tal powers,for both the whole runtimeof the benchmarks
alsoincluding the idle periodsandfor theactualexecution
phases,excluding idle periods.Hence,the idle-inclusive
measurescannotbe consideredasstandardresults,as the
idle periodsvaryin eachexperiment- i.e.equakehasa long
idle periodloggedat theendof experiment,thusproducing
a very high standarddeviation dueto loweredfull-runtime
averagepower, aroundwhich the deviation is computed.
They are of value,however, for comparingcounter-based
totalsto measuredtotals,becauseoneof our aimsis to be
ableto characterizelow utilizationpowersaswell, with rea-
sonableaccuracy. For theestimatedaveragepowers,theav-
eragedifferencebetweenestimatedandmeasuredpowersis
around3 Watts,with the worst casebeingequake (Figure
12),with a 5.8Wdifference.For thestandarddeviation, the
averagedifferencebetweenestimatedandmeasuredpowers
is around2 Watts,with theworstcasebeingvortex, with a
standarddeviationdifferenceof 3.5W.

6.2. DesktopApplications

In additionto SPEC,we investigatedthreeLinux desk-
topapplicationsaswell. Thesehelpdemonstrateourpower
model's ability to estimatepower behavior of practical
desktopprograms;becauseof their interactive nature,they
typically presentperiodsof low power punctuatedby in-
termittentburstsof higher power. The threeapplications,
shown in Figure15, areAbiWord for text editing,Mozilla
for webbrowsingandGnumericfor numericalanalysis.

In the web browsing experiment in Figure 15(a), the
power tracesrepresentopeningthe browser, connectingto
awebpage,downloadingastreamingvideoandclosingthe
browser. In thetext editingexperimentin Figure15(b),the
power tracesrepresentopeningthe editor, writing a short
text, saving the�le andclosingtheeditor. In theGnumeric
examplein Figure15(c), the power tracesrepresentopen-
ing the program,importing a large text of 370K, perform-
ing several statisticson the data,saving the �le andclos-
ing theprogram.Thepower tracesreveal theburstynature
of the total power timeline for thesebenchmarks;this is
particularlytrueat themomentsof saving datato memory
andcomputations.Overall, the long idle periodsmeanthat
the benchmarkshave low averagepower dissipation.The
powertracesfor thedesktopapplicationsalsorevealthatour
counterbasedpower model follows even very low power
trendswith reasonableaccuracy. Togetherwith the SPEC
results,this demonstratesthatour counter-basedpower es-
timatescanperformreasonablyaccurateestimationsinde-
pendentof the rangeof power variationsproducedby dif-
ferentapplications,without any realisticboundson theob-
servedtimescale.To ourknowledge,wearethe�rst to pro-
ducelive power measurementsof this type for a processor
ascomplex astheP4.

7. Power PhaseBehavior Analysis

As a possibleapplicationof our technique,we demon-
strateherehow we canusecomponent-basedpower break-
downsto identify powerphasesof programs.Severalprior
papershave proposedmethodsfor detectingor exploiting
programphases[1, 5, 9, 22, 23, 29]. Our examplehereis
distinctbecausewe focuson powerphasesratherthanper-
formancephases.A moredetaileddescriptionof ourpower
phaseresearchcanbefoundin [14].

We usethesimilarity matrix approachof [23] to deduce
power phasebehavior over the programruntime.We con-
sidergeneratedcomponentbreakdownsascoordinatevec-
tors in the possiblepower space.Proceedingsimilarly to
prior work onbasicblock vectors,we considerthemanhat-
tandistancebetweenpairsof vectorsasthe“power behav-
ior dissimilarity” betweenthe two vectors.We do not nor-
malizethepower breakdown vectors,asour measureis al-
readybasedon power andscaledpower valuesshouldnot
beconsideredassimilar powerbehavior. Consequently, we
constructthe power similarity matrix from manhattandis-
tancesof all thecombinationpairsof componentpowervec-
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Figure 8. SPECint vpr total measured and mod
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Figure 10. SPECint twolf total measured and
modeled runtime power.
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Figure 12. SPECfp equake total measured and
modeled runtime power.
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tors.A singlematrix entry is computedasshown in equa-
tion 3, where
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representthe samplepower vec-
torsand ��� representtheindividual components.Thediag-
onalof thematrix representsthetimeaxisandtheentriesto
theright of thediagonaldenotesimilarity betweenthecur-
renttime sampleandfuturesamples.Entriesabovethecur-
rent sampleshow similarity with respectto previous sam-
ples.
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In Figure16,we presenttheacquiredpower phasesim-

ilarity matrix for SPEC2000benchmarkgcc. In theupper-
mostmatrix plot, the top left cornerrepresentsthestartof
the timeline and the lower right cornerrepresentsthe end
of the timeline. Darker regions representhigher similar-
ity betweenthe correspondingcomponentpower vectors.
In the lower graphsof the �gure, we also show the total
power andcomponentpower breakdown estimationswith
thesametimescalesasthesimilarity matrix.

Evenwith gcc,whichhasveryunstablepowerbehavior,
severalsimilaritiesarehighlightedby thesimilarity matrix.
For example,considerthealmostidenticalpower behavior
aroundthe30s,50sand180spointsin thetimeline.More-

over, by usingcomponentpowerbreakdownsaspower“sig-
natures”,thesimilarity matrixhelpsdifferentiatepowerbe-
havior even in caseswherethe total power is measuredto
bequitesimilar. For example,althoughmeasuredpower is
similar for gcc's regionsaround88s,110s,140s,210sand
230s,the similarity matrix revealsthat the 88s,210sand
230sregionsaremuchmoresimilar thantheothertwo re-
gions,which arealsoshown to be mutually dissimilar. On
the other hand,other applicationswe have studied,such
as gzip, show more regular patternswith several similar
phases.By providing a foundationfor power phaseanaly-
sis,counter-basedcomponentpowerestimatesareusefulin
powerandthermalawareresearch.As our techniqueworks
at runtime,it is quite ef�cient andcanbe usedto homein
accuratelyonrepetitiveprogramphasesevenwhenlittle ap-
plicationinformationis available.

8. RelatedWork

While there has been signi�cant work on proces-
sor power estimations,much has been basedpurely on
simulations.Our approach,in contrast,useslive perfor-
mance counter measurementsas the foundation for an
estimationtechnique.
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Figure 15. Total measured (light) and counter estimated (dark) runtime power for 3 desktop applica
tions.

Onecategory of relatedwork is researchinvolving live
measurementsof total power. While theseare numerous,
we touchon a few key exampleshere.In early work, Ti-
wari et al. developedsoftware power modelsfor an Intel
486DX2processorandDRAM andveri�ed total power by
measuringthecurrentdrawn while runningprograms[28].
They usedthe information to generateinstructionenergy
costtablesandidentify inter-instructioneffects.Russellet
al. likewise did softwarepower modelingfor i960 embed-
dedprocessors,andvalidatedusingcurrentmeasurements
[20]. Flinn et al. developedthe PowerScopetool, which
mapsconsumedenergy to programstructureat procedural
level [6]. ThisOS-orientedresearchusesa DMM to do live
power measurements,and thenusesenergy analyzersoft-
wareto attributepowerto differentprocessesor procedures.

More recently, Lee et al. used energy measurements
basedon charge transferto derive instructionenergy con-
sumptionmodelsfor a RISC ARM7TDMI processor[19].
They use linear regressionto �t the model equationsto
measuredenergy at eachclock cycle.Thesetechniquesare
aimedat very simpleprocessorswith almostno clock gat-
ing, however, and thereforeneedto track andmodelonly
minimal cycle-by-cyclepowervariation.As a �rst example
of Pentium4 powermeasurementstudies,SengandTullsen
have investigatedthe effect of compiler optimizationson
averageprogrampower, by measuringtheprocessorpower
for benchmarkscompiledwith differentoptimizationlevels
[21]. They usetwo seriesresistorsin Vcc tracesto measure

the processorcurrent.However, they do not presentcom-
ponentpower breakdownsor power-orientedphaseanaly-
sis.

Next, we presentprior work on performancecounters
andpower metrics.Bellosausesperformancecounters,to
identify correlationsbetweencertainprocessorevents,such
as retired �oating point operations,and energy consump-
tion for an Intel PentiumII processor[3]. He proposes
this counter-basedenergy accountingschemeas a feed-
backmechanismfor OS directedpower managementsuch
asthreadtime extensionandclock throttling.Likewise,the
Castletool, developedby Josephet al. [16], usesperfor-
mancecountersto modelcomponentpowersfor a Pentium
Pro processor. It providescomparisonsbetweenestimated
total processorpowerandtotal powermeasuredusinga se-
riesresistorin processorpower lines.Our work makessig-
ni�cant extensionsin both infrastructureand approachin
order to apply counter-basedtechniquesto a processoras
complex astheP4.Furthermore,to our knowledge,neither
Bellosanor Josephusedtheir measurementsto do phase
analysis.Kadayif et al. usethe Perfmoncounterlibrary to
accessperformancecountersof theUltraSPARC processor
[17]. They collect memoryrelatedevent information and
estimatememorysystemenergy consumptionbasedon an-
alytical memoryenergy model; they did not considerthe
restof the processorpipeline.And �nally , Haid et al. [7],
proposea coprocessorfor runtime energy estimationfor
system-on-a-chipdesigns.Essentially, thegoalof thatwork
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(Verticallinesextendingfrom thesimilarity matrixplotscorrespondto
theirprojectedtimevaluein thepower traces)

is to describewhateventcounterswouldwork bestif power
measurement,insteadof or in additionto performancemea-
surement,werethedesigngoal.

9. Conclusionand Future work

In this paper we presenta runtime power modeling
methodologybasedon usinghardwareperformancecoun-
ters to estimatecomponentpower breakdowns for the In-
tel Pentium4 processor. Our total power estimatesvalidate
with goodaccuracy, despiteP4's complex pipelineandag-
gressiveclockgating.By usingrealpowermeasurementsto
comparecounter-estimatedpoweragainstmeasuredproces-
sorpower, we havea real-timemeasurementandvalidation
schemethatcanbeappliedat runtimewith almostno over-
heador perturbation.We usedour powermodelto measure
long runs from the SPEC2000suite and typical practical
desktopapplications.Thepower resultsshow thatour tech-
niqueis ableto track closelyeven very �ne trendsin pro-
grambehavior. Becauseour techniquehasper-component
power breakdowns,we canalsogetunit-by-unitpower es-
timates.Furthermore,we can treat this “vector” of com-
ponentpower estimatesas a power signaturethat can ef-
fectively distinguishpowerphasebehavior basedonsimple
similarity analysis.

This researchdiffers from previous power estimation
work in several aspects.Our model is targetedtowardsa
complex high-performanceprocessorwith �ne microarchi-
tectural details and highly variable power behavior. Our
power measurementtechniqueis non-disruptive, and the
LKM-basedimplementationis highly-portable.The com-
ponentbreakdownswe producearebasedon physicalenti-
tiesco-locatedonchip,asopposedto conceptualgroupings.
As a result,thesecomponentbreakdownscanoffer a foun-
dationfor future thermalmodelingresearch.The fact that
detailedpowerdatacanbecollectedin real-timeis alsoim-
portantfor thermalresearch,sincethe large thermaltime
constantsmandatelongsimulationruns.Ourcounter-based
power modelestimatesevenvery low processorpower ac-
curately, by usingboth linear andpiecewise linear combi-
nationsof eventcounts.

There are several key contributions of this work. The
measurementand estimationtechniqueitself is portable,
andcanoffer aviablealternativeto many of thepowersim-
ulationscurrentlyguidingresearchevaluations.Thecompo-
nentbreakdownsoffer suf�cient detail to beusefulon their
own, and their propertiesasa power signaturefor power-
aware phaseanalysisseemto be even more promising.
In conclusion,this work offers both a measurementtech-
nique,aswell ascharacterizationdataaboutcommonpro-
gramsrunningonawidely-usedplatform.Wefeel it offersa
promisingalternative to purelysimulation-basedpower re-
search.
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