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Abstract

Theever increasingdemandfor high clock speedsand
the desire to exploit abundanttransistorbudgetshavere-
sulted in alarming increasesin processorpower dissipa-
tion. Partitioned(or clustered)architectureshavebeenpro-
posedin recentyears to addressscalabilityconcernsin fu-
turebillion-transistormicroprocessors. Our analysisshows
that increasingprocessorresources in a clustered archi-
tecture resultsin a linear increasein powerconsumption,
while providing diminishingimprovementsin single-thread
performance. To preservehigh performanceto powerra-
tios, we claim that the power consumptionof additional
resourcesshouldbe in proportion to the performanceim-
provementsthey yield. Hence, in this paper, weproposethe
implementationof heterogeneousclusters thathavevarying
delayand powercharacteristics. A cluster's performance
and powercharacteristicis tunedby scalingits frequency
and novel policiesdynamicallyassignfrequenciesto clus-
ters,whileattemptingto eithermeeta �xed powerbudgetor
minimizea metricsuch asEnergy� Delay2 (ED 2). Byin-
creasingresourcesin a power-ef�cient manner, weobserve
a 11% improvementin ED 2 and a 22.4%average reduc-
tion in peaktemperature, whencompared to a processor
with homogeneousunits. Our proposedprocessormodel
alsoprovidesstrategiesto handlethermalemergenciesthat
havea relativelylow impactonperformance.

Keywords: partitioned (clustered) architectures,
Energy � Delay2, temperature, dynamic frequency
scaling.

1 Intr oduction

Recenttechnologytrendshave led to abundanttransis-
tor budgets,high clock speeds,and high power densities
in modernmicroprocessors.Simultaneously, latenciesof
on-chipandoff-chip storagestructures(caches,memories)
have increasedrelative to logic delays. If architectsmake
no attemptto hide theselong latencies,clock speedim-
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provementsdo not translateinto signi�cant performance
improvements.Long latenciescanbe toleratedeffectively
via a numberof strategies,suchasout-of-orderexecution
with a large in-�ight instructionwindow, dataprefetching,
etc. However, the questfor instruction-level parallelism
(ILP) often succumbsto the law of diminishing returns.
Oncethe low-hangingfruit hasbeenpicked,transistorsal-
locatedfor ILP yield marginal improvements,but expend
signi�cant energy. This paperinvestigatesif abundanttran-
sistorbudgetscanbe exploited without causinginordinate
increasesin powerdensity.

Partitionedarchitectures[2, 6, 7, 12, 20] have beenpro-
posedin recentyearsto allow processorresourcesto scale
up without impacting clock speedor designcomplexity.
A partitionedarchitectureemploys small processingcores
(also referredto as clusters)with an interconnectfabric,
and distributes instructionsof a single applicationacross
the processingcores. The small sizeof eachcoreenables
low designcomplexity andfastclock speeds,andindepen-
dentdependencechainsexecutingon separateclustersen-
able high parallelism. Of course,most applicationscan-
not bedecomposedinto perfectlyindependentdependence
chains. This resultsin signi�cant amountsof databeing
communicatedbetweenclusters.

Even thougha partitionedarchitectureis morescalable
than a monolithic architecture,the addition of more re-
sourceswill eventuallyyield marginal improvementsin ILP
(if at all). On theotherhand,theadditionof resourcesin-
evitably leadsto a linear increasein power consumption.
Figure1 shows the improvementin instructionsper cycle
(IPC) achievedby addingmoreclusters.It alsoshows the
poweroverheadincurredby addingmoreclusters(thesim-
ulatedprocessormodelandthe workloadaredescribedin
detail in Section4). Improvementin IPC is not commen-
suratewith the increasein processorpower, and aggres-
sive designswith numerousresourcescanhave very poor
Energy � Delay andEnergy � Delay2 (ED 2) character-
istics. In thispaper, wearguethatif additionalresourcesare
likely to yield marginal IPC improvements,they mustalso
incur marginal power overheads.To achieve this goal,we
proposethedesignof heterogeneousclusters,wherediffer-
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Figure 1. IPC and Power as number of cluster s
increases, normaliz ed to the 1-cluster system

entclustersareoptimizedfor eitherperformanceor power.
Such an approachcan entail signi�cant designcomplex-
ity in a conventionalmonolithic superscalararchitecture.
For example,accommodatingdifferentregisterimplemen-
tationswithin a singleregister�le canposecircuit timing
issuesandpipelineschedulingdif�culties in a monolithic
superscalar. A partitionedarchitecture,on the otherhand,
is modularenoughthat thepropertiesof oneclusterdo not
in�uence thedesignof anothercluster.

Further, weadvocatedynamicheterogeneity– frequency
scalingallows a cluster to dynamically serve as either a
high-performanceor low-power cluster. We proposea dy-
namic adaptationpolicy that takes advantageof program
metrics that estimatethe performancepotential of addi-
tional resourcesand selectsa cluster con�guration with
minimum ED 2. We observe ED 2 improvementsof 11%,
comparedto a systemcomprisedof homogeneousclusters.
If theprocessormustmeeta�x edpowerbudget,weobserve
thataheterogeneouscon�gurationisoftenableto maximize
performancewhile meetingthispowerbudget.By allowing
aclustertoalternatebetweenhighandlow-powermode,op-
eratingtemperatureon a chip is reduced,leadingto lower
leakagepower dissipationandfewer thermalemergencies.
Heterogeneousclustersalsopresenttheoptionof handling
a thermalemergency in a mannerthat minimally impacts
performance.

In summary, this paperpresentslow-complexity novel
proposals(heterogeneousclustersanddynamicresourceal-
location)anddetailedevaluationsthatdemonstratesigni�-
cantED 2 andtemperaturebene�ts. Theseinnovationsare
especiallyimportantwhensingle-threadedworkloadsexe-
cuteonaggressivemicroprocessordesignsthatyield dimin-
ishing IPC improvements.The paperis organizedas fol-
lows. Section2 reviews our basearchitecturemodel. Sec-

tion 3 discussesthe designof heterogeneousclustersand
our novel dynamicadaptationpolicy. Section4 evaluates
the impactof our proposedtechniqueson ED 2 and tem-
perature.Finally, Section5 discussesrelatedwork andwe
concludein Section6.

2 The BaseClustered Processor

A varietyof architectureshave beenproposedto exploit
large transistorbudgetson a chip [2, 6, 7, 8, 12, 18, 20,
28, 29, 33, 35, 39]. Most proposalspartition the archi-
tectureinto multiple executionunits and allocateinstruc-
tionsacrosstheseclusters,eitherstaticallyor dynamically.
For our evaluationsin this study, we employ a dynami-
cally scheduledclusteredarchitecture.Thismodelhasbeen
shown to work well for many classesof applicationswith
little or nocompilersupport.

2.1 The Centralized Front End

As shown in Figure 2, instruction fetch, decode,and
dispatch(registerrename)arecentralizedin our processor
model. During register rename,instructionsare assigned
to one of four clusters. The instructionsteeringheuristic
is basedon Canalet al.'s ARMBS algorithm[13] andat-
temptsto minimize load imbalanceandinter-clustercom-
munication. For every instruction,we assignweights to
eachclusterto determinethe clusterthat is most likely to
minimizecommunicationandissue-relatedstalls. Weights
areassignedto a clusterif it producesinput operandsfor
theinstruction.Additional weightsareassignedif thatpro-
ducerhasbeenonthecritical pathin thepast[44]. A cluster
alsoreceivesweightsdependingon the numberof free is-
suequeueentrieswithin thecluster. Whendispatchingload
instructions,moreweightsareassignedto clustersthatare
closestto thedatacache.Eachinstructionis assignedto the
clusterthat hasthe highestweight accordingto the above
calculations. If that clusterhasno free registerand issue
queueresources,the instructionis assignedto a neighbor-
ing clusterwith availableresources.

2.2 The ExecutionUnits

Our clusteredarchitectureemploys small computation
units(clusters)thatcanbeeasilyreplicatedonthedie. Each
clusterconsistsof asmallissuequeue,physicalregister�le,
anda limited numberof functionalunitswith asinglecycle
bypassnetwork amongthem. The clock speedanddesign
complexity bene�tsstemfrom thesmallsizesof structures
within eachcluster. Dependencechainscanexecutequickly
if they only accessvalueswithin a cluster. If aninstruction
sourcesanoperandthatresidesin a remoteregister�le, the
register renamestageinsertsa “copy instruction” [13] in
theproducingclustersothatthevalueis movedto thecon-
sumer's register�le assoonasit is produced.Theseregis-
ter valuecommunicationshappenover longerglobalwires
andcantake up a few cycles. Aggarwal andFranklin [2]
show that a crossbarinterconnectperformsthe bestwhen
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Figure 2. A par titioned architecture model with 4
cluster s and a centraliz ed frontend.

connectinga small numberof clusters(up to four), while
a hierarchicalinterconnectperformsbetterfor a largenum-
berof clusters.Eventhoughfutureaggressive systemsare
likely to employ many clusters,we expectthat theclusters
will bepartitionedamongmultiplethreads.Onlyasubsetof
programsshow signi�cant IPCbene�tsby employing more
thanfour clustersandeventhis improvementmaynot war-
ranttakingresourcesaway from otherthreads.In thecom-
mon case,we expect that most single-threadedprograms
will executeon four clustersandwe thereforerestrictour-
selvesto systemswith fewer thanfour clustersthatemploy
acrossbarinterconnect.

Earlier studieshave shown that the performanceim-
provementfrom a distributed cachemay not warrant the
implementationcomplexity [5, 25, 38]. We implementa
centralizedcacheandload/storequeue(LSQ) thatarealso
accessiblethroughthecrossbarrouter(Figure2). Loadand
storeinstructionsareassignedto clusters,whereeffective
addresscomputationhappens.The effective addressesare
sentto thecentralizedLSQandcache.TheLSQchecksfor
memorydependencesbeforeissuinga load and returning
theword backto therequestingcluster.

3 HeterogeneousClusters

Partitioned or clustered architectureshave favorable
scalability properties. As transistorbudgetsincrease,we
can increasethe numberof clusterswhile only impact-
ing the complexity of the dispatchstage. A higher num-
berof clustersenableslargerin-�ight instructionwindows,
therebypotentiallyboostingILP. However, as is true with
mostILP techniques,this strategy quickly yields marginal
returns. As Figure1 showed us, the IPC jump in moving
from one to two clustersis 31%, but the jump in mov-
ing from threeto four clustersis only 8%. Additional re-
sourceseitherremainunder-utilized or arebusy executing
instructionsalongmis-predictedpaths. Unfortunately, the
power overheadof eachadditionalclusteris roughly con-
stant. Moreover, disproportionateutilization ratesof dif-
ferent processorstructureslead to localizedhotspotsthat
severelydegradechip reliability andtrigger thermalemer-
gencies.

3.1 High­Performance (HPC) and Low­Power
Clusters (LPC)

In order to better match the IPC and power curves,
we proposeaddingresourcesin a power-ef�cient manner.
Each resourcecan toggle betweenhigh-performanceand
low-power mode,therebyalso improving thermalproper-
ties. We employ two differentclassesof clusters.The�rst
classof clusters,namedthe high-performanceand high-
power clusters(HPCs), are designedto deliver high per-
formancewhile consumingsigni�cant power. The second
classof clusters,thelow-powerandlow-performanceclus-
ters (LPCs), are frequency scaledversionsof the HPCs.
They operateat a frequency that is lower than that of the
HPCsby a factorof four. In somecases(thermalemergen-
cies or high inter-clustercommunication),we even com-
pletely turn a clusteroff by gatingits supplyvoltage. An
importantattributeof partitionedarchitecturesis low design
complexity becauseeachclustercanbecreatedby replicat-
ing a singlecluster's design.By incorporatingheterogene-
ity, we are not compromisingthis advantage. Eachclus-
ter hasan identical designand heterogeneityis provided
throughfrequency scaling.

We allow eachcluster's clock to be independentlycon-
trolled,resultingin at leastfour distinctclockdomains.The
clocksmayor maynot originatefrom thesamesource.Ei-
therway, theinterfacebetweenclockdomainsdoesnot im-
posea signi�cant performanceor poweroverhead[40, 42].
This interfaceis implementedat the crossbarrouter. Each
link operatesat the frequency of theclusterit is connected
to. Thebuffersin theroutercanbereadandwrittenatedges
belongingto differentclocks.Stall cyclesareintroducedif
the clock edgethat wrote the result is not separatedfrom
the clock edgethat attemptsto readthe result by a mini-
mum synchronizationdelay. Stallsusuallyhappenonly if
thebuffer is nearlyemptyor nearlyfull. If theclocksorigi-
natefrom a singlesourceandareintegralmultiplesof each
other(asis thecasein our simulations),thesesynchroniza-
tion delaysare rare. If the processoris forced to employ
multiple clock sourcesdueto clock distribution problems,
thesesynchronizationdelaysareintroducedin thebasepro-
cessoraswell. Eventhoughoneof thelinks maybedrain-
ing a buffer only onceevery four (fast)cycles, the buffer
size is bounded. Eachinstructionin a clustercan gener-
ateno morethanthreeinput datacommunicationsandthe
numberof instructionsin aclusteris boundedby its window
size.

Dynamicfrequency scaling(DFS) is a well-established
low-overheadtechniquethat is commonly employed in
modern-daymicroprocessors[17, 21]. Most implementa-
tionsallow theprocessorto continueexecutinginstructions
evenastheclockspeedis beingaltered.In ourcase,weonly
togglebetweentwo frequencies(5 GHzand1.25GHz)and
a changehappensonceevery few million instructions,on
average.This amountsto a negligible overheadevenif we



assumethattheprocessoris stalledfor asmany asthousand
cyclesduringa frequency change.Notethatsomestallsare
introducedbecausein-�ight packetsmustberoutedbefore
thefrequency changecanhappen.Not doingthis couldre-
sult in registertagsarriving at thewrongtime,therebylead-
ing to schedulingproblems. Further, if a clusteris being
turnedoff, architecturalregistersin thatclusterwill have to
be copiedelsewhere. We will assumethat turning a clus-
teronandoff with power-gating[1] canalsohappenwithin
theassumedthousandcycle overhead.In tandemwith fre-
quency scaling,voltagescan be scaleddown as well, al-
lowing signi�cant powersavings.However, voltagescaling
hashigheroverheadsandwe will restrictourselvesto the
morecomplexity-effectiveapproachof dynamicfrequency
scalingfor all of our results.With DFS,eachclustercanin-
dependentlyswitch from beinganHPCto anLPC,or vice
versa.Next, we will describehow variousmetricsarecon-
sideredin determiningthefrequency for eachcluster.

3.2 Dynamic Adaptation Mechanism

Before devising a resourceallocation mechanismthat
balancesperformancebene�ts and power overheads,we
must de�ne the metric we are attempting to optimize.
Energy � Delay2 or ED 2 is commonlyacknowledgedto
be the most reliable metric while describingboth perfor-
manceandpower[9, 31]. Not only doesit re�ect marketing
goals(performanceis slightly moreimportantthanenergy),
it alsohasfavorabletheoreticalproperties.TheED 2 equa-
tion canbe expressedasfollows (� is activity factor, C is
capacitance,f is frequency, andV is voltage):

ED 2 = Power � D 3 = �C f V 2D 3

If we assumea linear relationshipbetweenthe speedand
voltageof acircuit,weseethattheED 2 termis aninvariant
whenvoltageandfrequency scalingis appliedto the pro-
cessor. Put differently, (ED 2)

1
3 or (PD 3)

1
3 is a measure

of performancefor differentprocessorsthatareall voltage-
and-frequency scaledsoasto consumeanequalamountof
power. For example,if V is reducedto 0:9V , thenf is re-
ducedto 0:9f andD is increasedto D=0:9, resultingin the
cancellationof theconstantfactors.A differentmetric,such
asED, maynot berobustundersuchoptimizations.With
theED metric,any processor(A) operatingwell abovethe
thresholdvoltagecanbeshown to be“better” thanany other
processor(B) if it (A) is suf�ciently voltageandfrequency
scaled.Similarly, ED 2 is notsusceptibleto frequency scal-
ing tricks– ED 2 is minimizedwhentheprocessoroperates
atitspeakfrequency. Forall thesereasons,ouralgorithmat-
temptsto optimizetheED 2 metric.Thelinearrelationship
betweencircuit speedandvoltagedoesnot alwayshold in
practice.Therefore,our resultsalsopresentIPC andpower
values,allowing theinterestedreaderto computeotherrel-
evantmetrics.

Sinceeachclustercanoperateasan HPC, an LPC, or
be completelyturnedoff, the processorcanbe con�gured

in many interestingways. Figure3 shows the ED 2 value
for eachbenchmarkprogramundervarious�x ed con�gu-
rations. For example,the barsdenotedby “3f ” refer to a
processormodel wherethreeclustersoperateat peakfre-
quency while oneclusteris turnedoff, andthebarsdenoted
by “3f1s” refer to a processormodelwith threeclustersat
peakfrequency (fast)andoneclusterat 1=4th thepeakfre-
quency (slow). For brevity, many of thecon�gurationsthat
yield uninterestingED 2 valuesareleft out. It is clearthat
a singlestaticallychosendesignpoint bene�ts only a sub-
setof theapplicationswhile adverselyaffectingtheperfor-
mance/power characteristicsof otherapplications.For ex-
ample,theprocessormodelwith two fastclusters(2f) deliv-
erslow ED 2 while executingbenchmarkssuchasgccand
twolf, but degradesperformancesigni�cantly for galgel.

Benchmark Distance L2 L1D Nearly Base
between miss miss optimal Case
branch rate rate E D 2 IPC

mispredicts models (4f)
eon 57 0.14 0.72 3f 1.47

crafty 72 0.7 1.68 2f, 3f 1.12
bzip2 53 2.5 3.5 2f 0.82
gap 65 11.77 0.67 2f 0.90
gcc 103 2.25 3.38 2f 0.75
gzip 129 0.21 6.56 2f 0.73

parser 80 4.35 3.83 2f 0.78
twolf 60 0.31 7.28 2f 0.77
ammp 289 0.79 6.63 4f 1.74
apsi 360 34.8 2.77 4f 1.85

vortex 183 3.521 1.44 4f 1.78
wupwise 170 20.61 2.22 4f 1.92

galgel 356 1.24 7.19 3f, 4f 2.63
mesa 204 5.73 0.63 3f, 4f 2.35
vpr 161 11.74 5.67 2f, 3f 0.51

mgrid 18430 12.29 6.62 4f, 4s 1.43
fma3d 544 22.28 6.48 4s 1.45
equake 506 16.44 17.02 4s 0.6
lucas 1628292 16.67 20.52 4s 0.5
swim 33895 13.76 20.19 4s 1.29

art 97 7.8 41.39 3f1s 0.79
applu 55 23.03 9.76 3f, 4f 1.04
mcf 57 43.25 37.61 4s,1f3s 0.17

Table 1. Average distance between branc h mis-
predicts, L2 and L1D cache miss rates, con�gura-
tions that yield E D 2 within 5% of the optimal E D 2 ,
and raw IPC for baseline model with 4 HPCs.

Table1 shows the averageL1 dataandL2 cachemiss
rates,averagedistancebetweenbranchmispredicts,andthe
con�gurationsthatyieldED 2 within 5%of thelowestED 2

observed amongall the statically �x ed con�gurations(re-
ferredto asthe optimal ED 2 for eachbenchmark).From
thisdata,we takenoteof thefollowing trends.(i) Programs
(lucas,equake,etc.)with high datacachemissrates(� 8%
L1D missrateand� 12%L2 missrate)bene�t from using
moreclusters.Moreclustersimply moreregistersandissue
queueentries,which in turn imply large in-�ight windows
thatincreasethechancesof �nding usefulwork while wait-
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Figure 3. E D 2 metric for diff erent static con�gurations normaliz ed to baseline system with 4 HPCs.

ing for cachemisses.Thereis usuallynot enoughwork to
keepthe processorbusy for the entiredurationof a cache
miss, which implies that the executionunits can execute
at low frequenciesandstill completetheir work beforethe
cachemiss returns. (ii) Programs(gcc, bzip2, etc.) with
high branchmispredictionrates(averagedistancebetween
mispredictsbeing lessthan 100 instructions)bene�t very
little from large in-�ight windows asmost instructionsin
the window are likely to be on mispredictedpaths. Exe-
cutinginstructionsat a low frequency canseverelydegrade
performancebecauseit increasesthetime takento detecta
branchmisprediction.

Clearly, branchmispredictionsandcachemissesarethe
biggestbottlenecksto performanceand simply observing
thesemetricsguidesusin detectingthemost“ef�cient” pro-
cessorcon�guration. Basedon theobservationsabove,we
identify thefollowing relationships:

� Low cache missratesand high branch misprediction
rates: Both factorssuggestusingsmall in-�ight win-
dows with high frequencies.Minimum ED 2 wasob-
servedfor con�gurationsthatemployedonly two clus-
tersat peakfrequency (2f).

� Low cache missratesand low branch misprediction
rates: Both factorsindicatethat theprogramhashigh
ILP and could be severely degradedif we either re-
ducedwindow sizeor frequency. Thebasecaseorga-
nizationwith four clustersoperatingatpeakfrequency
(4f) yieldedminimumED 2.

� High cache missratesand low branch misprediction
rates: Both factorssuggestthe useof large windows
andthe�rst factorsuggeststheuseof frequency-scaled
clusters.A con�gurationsuchas1f3sor4softenyields
thelowestED 2 (4swasselectedfor oursimulations).

� High cachemissratesandhigh branch misprediction
rates: The two factorsmake con�icting suggestions

for window sizeand frequency. Empirically, we ob-
served that theperformancepenaltyof low frequency
and small window size was too high and the lowest
ED 2 wasobservedfor con�gurationsthatstruckabal-
ance,suchas3f1s.

A smallsubsetof processorcon�gurationsaresuf�cient
to deliveroptimalED 2 valuesfor mostof thebenchmarks.
Of the many different con�gurations, our dynamicalgo-
rithm employs thefollowing four con�gurations:4s,2f, 4f,
3f1s. Thereductionin thenumberof con�gurationchoices
available to the dynamicalgorithm helpsreduceits com-
plexity. Only for four of the23 benchmarks(eon,vpr, ap-
plu,mcf)doesourheuristicselectacon�gurationwith ED 2

notwithin 5%of theoptimalED 2.
Many recentstudies[4, 6,19, 22, 23, 26, 37, 45] haveex-

aminedalgorithmsfor dynamicprocessoradaptation.Some
of thesealgorithmsmake decisionsat subroutinebound-
aries,somemakedecisionsatspeci�c events(cachemisses,
full buffers,etc.), while somemakedecisionsatperiodicin-
tervals. We found that for our experiments,interval-based
techniquesentailedlittle complexity andreactedappropri-
ately to phasechanges.An interval is de�ned asthe time
taken to commit one million instructions(we also evalu-
ateotherinterval sizes).At theendof every interval, hard-
warecountersthattrackL1 andL2 cachemissratesandthe
numberof branchmispredictionsareexamined.Depending
onwhetherthesecountersexceedcertainthresholds,oneof
thefour con�gurationsdescribedabove is selectedandem-
ployed for the next interval. Sincethesecountersdirectly
indicatethe optimal con�guration, thereis no needfor an
explorationprocessthatpro�les many candidatecon�gura-
tionsandselectsone.Sincethereis noexplorationprocess,
thereis alsononeedto detectwhentheprogrammovesto a
new phasewith radicallydifferentbehavior.

Our algorithmis basedon the premisethat behavior in
thelastinterval will repeatin thenext interval. In theworst
case,aprogrammayexhibit dramaticallydifferentbehavior



in every successive interval. This canbeeasilydetectedas
it would result in con�guration changesin every interval.
Theoperatingsystemcanthenchooseto increasetheinter-
val lengthor shutoff the dynamicadaptationmechanism.
It mustbe notedthat our adaptationalgorithmsimply se-
lectsthecon�gurationthatis likely to yield minimumED 2

with little regardto theactualperformanceloss. If signi�-
cantperformancelossescannotbetolerated,theadaptation
algorithmwill have to be alteredandthis is discussedin a
latersection.

Onceanappropriatecon�gurationhasbeenchosen,say
3f1s, the following questionsarise: (i) which clusteris as-
signedthe low frequency, and(ii) what instructionsareas-
signedto the slow cluster? The answerto the �rst ques-
tion lies in the thermalpropertiesof the processorand is
discussedin the next sub-section.To addressthe second
question,we attempteda numberof steeringmechanisms
that take instructioncriticality into account. We modeled
per-instructionandbranch-con�dencebasedcriticality pre-
dictorsto identify instructionsthat areoff the critical path
anddispatchthemto slow clusters. However, thesesteer-
ing policiesinevitably increasedthedegreeof inter-cluster
communication,often resulting in contentioncycles for
otherdatatransfersthatwereon theprogramcritical path.
Load balancewasalsoaffectedascritical andnon-critical
instructionsarerarelyin thesameratioasthefastandslow
clusters(3:1 in thecaseof 3f1s). In spiteof ourbestefforts,
even complex alterationsto the steeringpolicy resultedin
minor IPC improvements(if at all) over the basesteering
policy that only attemptsto balancecommunicationand
load. We will only considerthebasesteeringpolicy for the
restof the paper, which implies that somecritical instruc-
tionsmaybeexecutedon theslowerclusters.

3.3 Thermal Emergencies

If eachclusteroperatesat peakfrequency, the register
�les in eachclusteroftenemergeasthehottestspotson the
chip. By allowing eachclusterto occasionallyoperateat a
lower frequency (or be turnedoff), the operatingtempera-
tureateachregister�le is greatlyreduced.If acon�guration
suchas3f1sis chosen,around-robinpolicy selectstheclus-
ter that is frequency-scaledevery million cycles.Thereare
two advantagesto a lower operatingtemperature:(i) The
numberof thermalemergenciesarereduced.On a thermal
emergency, the processormust take stepsto reducepower
dissipationat the hot-spot,often leadingto a performance
penalty. (ii) The leakagepower dissipationon a chip is an
exponentialfunctionof theoperatingtemperature.Even if
thermalemergenciesarenot triggered,by reducingoperat-
ing temperature,wecansigni�cantly reduceleakagepower.

It is noteworthy that heterogeneousclustersprovide in-
terestingoptionsin the event of a thermalemergency. If
all four clustersareoperatingat peakfrequency anda ther-
mal emergency is triggered,a differentcon�guration that
yields a slightly higher ED 2 can be invoked. Sincethis

con�guration periodicallyshutseachclusteroff or lowers
its frequency, it canmitigatethethermalemergency without
imposinga signi�cant penaltyin performanceor ED 2. In
Section4, we show thatsucha thermalemergency strategy
performsbetterthanapproachesfor traditionalsuperscalars,
suchasglobalfrequency scaling.

3.4 Achieving Maximum Performancefor aFixed
Power Budget

In somemicroprocessordomains,designersare most
concernedwith maximizing performancewhile staying
within a �x ed maximum power budget. Heterogeneous
clustersallow low-overheadrun-time�e xibility thatallows
aprocessorto meetpowerbudgetsfor eachprogram.At the
startof programexecution,all four clustersoperateat peak
frequency. At theendof everymillion cycle interval, hard-
warecountersthattrackaveragepowerdissipationor activ-
ity areexamined.If theaveragepowerdissipationis greater
than the power budget,someof the clusterswill have to
beeithersloweddown or turnedoff. Likewise,if theaver-
agepowerdissipationis well below thepowerbudget,clus-
terscanbe eitheractivatedor have their frequency scaled
up. Thecorrelationbetweencachemissrates,branchmis-
predict rates,andoptimal ED 2 con�gurationsguidesour
adaptationpolicy again.For programswith frequentbranch
mispredictsthatexceedthepowerbudget,wechooseto turn
clustersoff in stepsuntil thepowerdissipationdropsto ac-
ceptablelevels. For all otherprograms,we chooseto scale
down the frequenciesof clustersin stepsuntil the power
constraintis met.

Our mechanism,by usingbranchmispredictrates,tries
to seekoutcon�gurationsthatarelikely to havecompetitive
ED 2 andmeetsthepowerconstraintthroughlow-overhead
techniquesthat scaledown frequency or turn a clusteroff.
Notethat(ED 2)

1
3 or (PD 3)

1
3 is ameasureof performance

for differentprocessorsthat areall voltage-and-frequency
scaledso as to consumean equalamountof power. By
employing con�gurationsthathave near-optimalED 2, the
adaptationmechanismachievesnear-optimal performance
at the �x ed power budgetanddoesso without employing
thehigh overheadtechniqueof voltagescaling.

4 Results
4.1 Methodology

Our simulatoris basedon SimpleScalar-3.0 [11] for the
AlphaISA. Thecycleaccuratesimulatorhasbeenextended
with apowermodelbasedonWattch[10] to computepower
for the entire processor, including clusters,interconnect,
caches,and the centralizedfront-end. Leakagepower for
thecachesandtheregister�les followsamethodologysim-
ilar to HotLeakage [46]. HotLeakageextendsthe Butts-
Sohi leakagepower modelbasedon theBSIM3 [34] data
andcalculatesleakagecurrentsdynamicallyfrom tempera-
ture andvoltagechangesdueto operatingconditions. For



Fetchqueuesize 64 Fetchwidth 8 (acrossup to 2 basicblocks)
Branchpredictor comb. of bimodaland2-level Bimodalpredictorsize 16K
Level 1 predictor 16K entries,history12 Level 2 predictor 16K entries

BTB size 16K sets,2-way Branchmispredictpenalty at least12cycles
Issuequeuesize 30percluster(int andfp, each) Register®le size 64percluster(int andfp, each)

IntegerALUs/mult-div 1/1percluster FPALUs/mult-div 1/1percluster
L1 I-cache 32KB 2-way Memorylatency 300cyclesfor the®rst block
L1 D-cache 32KB 4-way set-associative, L2 uni®edcache 8MB 8-way, 30cycles

6 cycles,4-way word-interleaved I andD TLB 128entries,8KB pagesize
Frequency 5 GHz Initial Temperature 70C

Convectionresistance 0.8K/W Heatsinkthickness 6.9mm
Maximumtemperature 85C Vdd 1.1V

Load/Storequeue 240entries

Table 2. Simulator parameter s.

all otherfunctionalunits,leakagepower is calculatedbased
on theformuladerivedby curve �tting with ITRSdata [3].

Separateintegerand�oating point issuequeuesandreg-
ister�les aremodeledfor eachcluster. Eachof theclusters
is assumedto have 64 registers(Int andFP, each),30 issue
queueentries(Int andFP, each)andonefunctionalunit of
eachkind. Contentionontheinterconnectsandfor memory
hierarchyresources(ports,banks,buffers,etc.)aremodeled
in detail. Inter-clustercommunicationthroughthecrossbar
incursa two cycle delay(in additionto contentioncycles)
when all links are operatingat peakfrequency. This de-
lay grows to � ve cyclesif oneof the clustersis operating
asan LPC andto eight cycles if both clustersareoperat-
ing asLPCs. For all processormodelsin this study, when
frequency scalingis appliedto clusters,theprocessorfront-
endcontinuesto executeatpeakfrequency.

WeusetheHotspot-2.0[43] modelto extendourWattch-
basedsimulator for sensingtemperatureof various units
at 100K cycle intervals. This model exploits the duality
betweenheatand electricity to model the temperatureof
theprocessorat a functionalunit granularity. The average
power of eachof theunitsover recentcyclesis suppliedto
themodelto calculatethecurrenttemperatureof the func-
tionalunitsfrom aknown initial temperature.Heatremoval
is donevia air�o w by convectionusinganequivalentther-
malresistanceof 0.8K/Wandanambienttemperatureof 40
C is assumed.The�oorplan layoutof theprocessormodels
the four clustersalongwith the front endandfollows the
procedureindicatedin [43]. At thebeginningof thesimula-
tion, we assumethattheprocessorhasbeenoperatingfor a
long time,dissipatingnominaldynamicandleakagepower
at anoperatingtemperatureof 70C.

All importantsimulationparametersareshown in Table
2. For the4-clustersystemoperatingatpeakfrequency, our
powermodelsshow anaverageprocessorpowerdissipation
of 113Wat 90nmtechnology, with eachclusteraccounting
for approximately17W, andleakagepower accountingfor
20Wover theentireprocessor.

We use23 of the26 SPEC-2kprogramswith reference
inputsasa benchmarkset(the remainingthreebenchmark
programswerenot compatiblewith our simulator). Each

programwas simulatedfor 100 million instructionsover
simulationwindowsidenti�ed by theSimPointtoolset[41].
Theraw IPCsfor eachprogramfor thebasecasearelisted
in Table1.

4.2 ED 2 Analysis

We begin by showing ED 2 improvementsthat can be
achievedby employing thedynamicadaptationmechanism
thattunesprocessorresourcesto suitapplicationneeds.The
basecaseis a high performancemodel that employs four
HPCs. The dynamic processormodel examinesL1 and
L2 cachemiss and branchmispredictioncountersin ev-
ery interval to selectthe con�guration for the next inter-
val. Section3.2hasalreadydiscussedthestrongcorrelation
betweenthesemetricsandtheED 2-optimalcon�guration.
For ourexperiments,weassumeaninterval sizeof onemil-
lion instructions.Thethresholdsfor L1 andL2 cachemiss
ratesis 8% and12%, respectively, while the thresholdfor
the branchmispredictioncounteris 1 in every 100 com-
mitted instructions. Figure4a shows the IPC degradation
andthepowersavingsobtainedwith thedynamicmodelas
comparedto thebaseprocessormodel.Overall,weobserve
a power saving of 15% anda performancedegradationof
only 2%. In certaincases,asin gap,employing two clusters
providesa slight performanceimprovement(lessthan2%)
thatcanbeattributedto a reductionin inter-clustercommu-
nicationandcontentioncycles. Most programs(17 of the
23 benchmarks)encounteredfewer than� ve con�guration
transitionsover thecourseof theexecutionof theprogram.
Theotherprogramscontainmany differentprogramphases
during their executionasa resultof which the cachemiss
ratesandthebranchmispredictionratesvary signi�cantly.
For example,art incursasmany as91phasetransitionsover
the executionof the program. Thesefrequenttransistions
causethe ED 2 to be slightly sub-optimal,but the overall
ED 2 is muchlower thanthat for thebasecasefor mostof
theseprograms.As pointedout in Section3.2,appluis one
of theprogramsthat is not handledby our heuristicandit
yieldsanED 2 valuethatis higherthanthatof thebasecase.
Overall, theED 2 valuesachievedby the dynamicmecha-
nism arevery similar to that of the optimal con�gurations
shown for eachbenchmarkin Figure3.
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Figure 5. Peak operating temperatures reached
by the base processor model and the dynamicall y
adaptive processor model

Figure4bsummarizesperformance,power, andED 2 for
differentcon�gurations,averagedacrossthebenchmarkset
(averagesaretakensuchthateveryprogramexecutesfor an
equalnumberof cycles[27]) andnormalizedwith respect
to thebaseprocessormodelwith four fastclusters.Noneof
thecon�gurationsexceedtheperformanceof thebasepro-
cessor. Similarly, all of thestudiedcon�gurationsconsume
muchlowerpower thanthebasecase.Themodelwith four
slow clusters(4s) consumestheleastpower but alsoincurs
a performancepenaltyof nearly40%. All staticcon�gura-
tionshaveahigherED 2 thanthebasecase.Thebarsfor the
idealprocessormodelshow resultsif theED 2-optimalcon-
�guration for eachbenchmarkis pickedby anoraclefrom
a large set of con�gurations. The dynamicmechanism's
behavior is verycloseto this idealscenario(ED 2 improve-
mentof 11%,comparedto 12%for theidealcase).

4.3 TemperatureAnalysis

The dynamicmechanismselectsa con�guration that is
likely to optimizeED 2. Even thoughtemperaturereduc-
tion wasnot a priority in this mechanism,a con�guration
optimizedfor ED 2 canalsoreduceoperatingtemperature,
comparedto thebaseprocessor. Figure5 comparesthepeak
temperaturesreachedby our dynamicallyadaptive proces-
sormodelandthebaseprocessormodel(no thermalemer-
gency thresholdwasset). The graphleavesout programs
that had the samepeak temperaturein both cases(note
that the dynamicmechanismexecutesnearlyhalf the pro-
gramswith four HPCs).Overall,acrosstheseprograms,we
observe a 22.4%reductionin peakoperatingtemperature.
For benchmarksthatemploy four LPCs,this reductionwas
48%. For bechmarksthatemploy two HPCs,clustersalter-
natebetweenexecutingat peakfrequency and beingshut
off. By allowing eachclusterto periodicallycooldown, we
observedanaveragereductionof 7.5%in peaktemperature
for theseprograms.

A subsetof thebenchmarksreachpeaktemperaturesthat
arehigh enoughto trigger thermalemergencies.Thepeak
temperaturecorrespondsto the temperatureof the hottest
block on themicro-architectural�oorplan. Theuseof het-
erogeneousclustersonathermalemergency allowsthepro-
gramto have tolerableperformancepenaltieswhile lower-
ing the operatingtemperature.For example,the program
vortex reachesapeaktemperatureof 93C withoutany ther-
mal managementin both the basemodelandthe dynamic
processormodel (that employs four HPCs for minimum
ED 2). Whileabaselinemodelwouldscalethefrequency of
theentireprocessor, heterogeneityallowsusto operatewith
threeHPCsandalternatetheclustersbetweenexecutingat
peakfrequency andbeingswitchedoff. Thisstrategy incurs
a performanceloss of 5.6%, when comparedagainstthe
baselineprocessormodel employing no thermalmanage-
ment.Whenthebasecaseemploysthermalmanagementby
scalingthefrequency of all four clusters,we observea per-



Benchmark Con®gurationwith Benchmark Con®gurationwith
bestperformance bestperformance
for power � 80W for power � 80W

ammp 3s1f applu 2c
art 2f2s bzip2 3s1f

crafty 3s1f eon 3s1f
equake 2f2s fma3d 2f2s
galgel 3s1f gap 3s1f
gcc 2c gzip 2c

lucas 2f2s mcf 2f2s
mesa 3s1f mgrid 2f2s
parser 3s1f swim 2f2s
twolf 2c vortex 3s1f
vpr 2c wupwise 3s1f
apsi 2c

Table 3. Best static con�gurations for a �x ed power budg et.

formancedegradationof 8.5%(with respectto thebasecase
with no thermalmanagement).On an average,for bench-
marksthat reachthermalemergencies,our proposedpro-
cessormodelperforms7.5%betterthanthebaseprocessor
model,whenbothemploy thermalemergency management
strategies.

4.4 Fixed Power Budget

If a processoris to operatewithin a �x edpower budget,
we canscaleits voltageandfrequency until thepowercon-
straint is met. Voltagescalinghasits limitations in future
technologiesasoverheadsincreaseandacceptablevoltage
marginsshrink. If we restrictourselvesto frequency scal-
ing or turning off individual clusters,we observe that het-
erogeneityoftenyieldstheoptimalperformancefor agiven
power budget. Table 3 shows thestaticcon�guration that
deliversthe bestperformancefor a �x ed power budgetof
80W. Similar resultsareobservedfor differentpower bud-
gets. Clearly, a singlestaticcon�guration is not suf�cient
to deliver the bestperformancefor all benchmarks.Com-
paredto a con�guration thatemploys frequency scalingfor
all four clusters(4s), the dynamicalgorithm describedin
Section3.4provides23%improvedperformance.

4.5 Sensitivity Analysis

All throughthis study, we have assumedthat the LPCs
executeat one-fourththe frequency of theHPCs.Figure6
tracks the IPC, power, and ED 2 characteristicsfor pro-
cessormodelswith varying LPC frequencies,all normal-
ized with respectto the basecase.In all con�gurations,a
dynamicprocessorcon�guration provides ED 2 improve-
ments,with the highestimprovementseenwhen the fre-
quency of theLPCis one-fourththeHPCfrequency. As we
increasethefrequency of theLPCs,we obtainperformance
improvementsandcorrespondingincreasesin power dissi-
pation.By tuningthefrequency of theLPCs,we canarrive
at differentpoints in the power-performancecurve, while
still achieving ED 2 bene�ts. We alsofoundthattheuseof
voltagescalingfurtherincreasesour overallED 2 improve-
ments,but it hasnotbeenemployedfor any of thepresented

0.8

0.85

0.9

0.95

1

1.05

1/2 1/3 1/4 1/8

Frequency of LPC, relative to HPC

N
o
rm

a
li
z
e
d
 V

a
lu

e
s

IPC
Power
ED2

Figure 6. Normaliz ed IPC, Power, and E D 2 for the
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resultsbecauseof theassociatednon-trivial overheads.
In Figure 4a, we had seenthat the proposeddynamic

algorithm incurs a maximumperformanceloss of around
8% for eon and 7% for applu. In somecases,designers
may want to imposethe constraintthat ED 2 be improved
while limiting performanceloss.TuningtheLPCfrequency
(above) is onestrategy to limit performanceloss. We can
alsotunethealgorithmto limit themaximumperformance
lossto a certainvalueby choosingconservative con�gura-
tionsat thecostof relatively higherpower dissipation.For
example,for benchmarkswith high branchmisprediction
rates,we canchooseto employ threeHPCsinsteadof two
HPCs. Likewise, for benchmarksthat have a high cache
missfrequency, wecanemploy LPCsthathavefrequencies
thatareone-halftheHPCfrequency. With thesenew poli-
cies,themaximumperformancelossfor any programwas
2.5%(applu). The overall performancelosswaslessthan
1%, but theED 2 saving wasonly 7%. Theabove analysis
demonstratesthe robustnessof thedynamicmechanismin
adaptingitself to varying performanceandpower require-



ments.
Wealsoexaminedthesensitivity of our resultsasafunc-

tion of interval length(for makingcon�gurationdecisions).
If frequency changeoverheadswereignored,we foundthat
ED 2 improvementswere approximatelyconstanteven if
the interval sizewas reducedto 10K instructions. For an
interval sizeof 1K instructions,thecachemissandbranch
mispredictionmeasurementsarenoisy, leadingto frequent
selectionsof sub-optimalcon�gurations. While a smaller
interval length may allow us to capturethe behavior of
smallerphases,wefoundthisbene�t to beminimal. A large
interval lengthhelpsamortizetheoverheadsof changingthe
frequency of a clusteror turninga clusteroff.

5 RelatedWork

Commercialmanufacturershave developedprocessors
capableof voltageandfrequency scaling[17, 21]. Intel's
XScale[17] processoremploys this dynamicscalingtech-
niquein applicationswith real-timeconstraints,therebyim-
proving batterylife. Frequency andvoltagescalinghasalso
beenemployedwithin speci�c domainsof aprocessor, such
asin theMCD processorproposedby Semeraroet al. [40].
Interval-basedstrategies for global frequency scaling for
real-timeandmultimediaapplicationshave beenproposed
by Peringet al. [36]. Childerset al. [16] proposetrading
IPC for clock frequency. In their study, high IPC programs
run at low frequenciesand low IPC programsrun at high
frequencies.

The primary goal of our studyis ef�cient utilization of
transistorbudgets,whereED 2 is themetric for ef�ciency.
The temperatureside-effects of our proposalare similar
in spirit to the “cluster hopping” proposalof Chaparroet
al. [14], wherepartsof thebackendareshutdown to reduce
peaktemperatures.That studydoesnot explore the effect
of operatingclustersat lower frequencies.Chenet al. [15]
proposea clusteredarchitecturethat combinesa high-ILP
low-frequency core with a low-ILP high-frequency core.
The authorsdemonstratethat suchan approachcanbetter
matchtheILP needsof programsandimproveperformance.
Our hypothesisis that identical corescombinedwith fre-
quency scalinghave lower designcomplexity, provide sig-
ni�cant ED 2 improvements,andreduceoperatingtemper-
atures.Moradetal. [32] employ anasymmetricchipmulti-
processorin which different threadsof a programare as-
signedto coresof varyingcomplexity. Kumaretal. [30] de-
signachipmulti-processorwith heterogeneouscoresto ex-
ecutemulti-programmedworkloads.Programsareassigned
to coresof varyingcomplexity basedon their ILP require-
ments.Ghiasiet al. [24] implementa schedulerthatexam-
inestheexecutioncharacteristicsof a programandassigns
it to a processorthat matchesits needs. The above stud-
iesdemonstratethatheterogeneityhasfavorableenergy and
energy-delaypropertieswhen executingindependentpro-
gramsonmulti-processorsystems.

6 Conclusions
Futurebillion transistorarchitecturesarecapableof high

performance,but suffer from extremelyhigh power densi-
ties. This paperadvocatespower awareresourcescalingin
aneffort to achievehighperformancewhile reducingpower
andoperatingtemperature.Thepapermakesthefollowing
key contributions:

� A heterogeneousarchitecturethat leveragesthe mod-
ularity of a partitionedarchitectureandpreservesthe
low designcomplexity of a partitionedarchitectureby
employing frequency scalingto provideheterogeneity

� A dynamicadaptationpolicy thatexploits information
on cachemissratesandbranchpredictionaccuracy to
predictanED 2-optimalcon�guration

� A mechanismthatswitchesthe frequency of a cluster
at periodic intervals to lower operatingtemperatures
andathermalemergency handlingmechanismthatim-
posesminimal performancepenalties

Basedon our evaluations,we draw the following major
quantitativeconclusions:

� Heterogeneity, combinedwith ourdynamicadaptation
policy, reducesED 2 by 11% (power saving of 15%
andperformancepenaltyof 2%).

� Benchmarkprogramsthatemploy four LPCsshow an
average48%reductionin operatingtemperature.The
samenumberfor programsthat employ two HPCsis
7.5%.

� By scalingindividualclustersonathermalemergency,
our dynamicalgorithmperforms7.5%betterthanthe
basecasethat scalesthe operatingfrequency of all
clustersona thermalemergency.

The proposedinnovations introducevery little design
complexity. Our results demonstratethat heterogeneity
hasthe potentialto improve single-threadperformancein
a power-ef�cient manner. While this paper focuseson
single-threadbehavior on a clusteredarchitecture,thegen-
eral ideascan also apply to multi-threadedworkloadson
chip multi-processors(CMPs). Multiple threadsof a sin-
gle applicationthat executeon different coresof a CMP
areanalogousto dependencechainsexecutingon clusters.
For futurework, we will explorethepotentialof intelligent
threadassignmentto coreswithin anasymmetricCMP. We
will alsoexamineothertechniquesto introduceheterogene-
ity within clustersor cores,suchas the useof simple in-
orderpipelines.
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