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Abstract

The ever increasingdemandfor high clock speedsand
the desie to exploit abundanttransistorbudgets havere-
sultedin alarming increasesin processorpower dissipa-
tion. Partitioned(or clusteed)architectureshavebeenpro-
posedn recentyears to addressscalability concerndn fu-
ture billion-transistomicroprocessas. Our analysisshows
that increasing processorresoucesin a clusteed archi-
tecture resultsin a linear increasein powerconsumption,
while providing diminishingimprovementsn single-thead
performance To preservehigh performanceto powerra-
tios, we claim that the power consumptionof additional
resoucesshouldbe in proportion to the performancem-
provementshey yield. Hence in this paper we proposethe
implementatiorof hetepgeneouglustes thathavevarying
delayand power characteristics. A cluster's performance
and power characteristicis tunedby scalingits frequency
and novel policiesdynamicallyassignfrequenciego clus-
ters, while attemptingo eithermeeta xed powerbudgetor
minimizeametricsuchasEnergy Delay? (ED?). Byin-
creasingresoucesin a powerefcient manneywe observe
a 11%improvementn ED? and a 22.4%average reduc-
tion in peaktempeature, whencompaed to a processor
with homaeneousunits. Our proposedprocessormodel
alsoprovidesstrategiesto handlethermalemegencieghat
havea relativelylow impacton performance

Keywords: partitioned (clusteed) architectules,
Energy Delay?, tempeature, dynamic frequency
scaling

1 Intr oduction

Recenttechnologytrendshave led to abundanttransis-
tor budgets,high clock speedsand high power densities
in modernmicroprocessors.Simultaneouslylatenciesof
on-chipandoff-chip storagestructuregcachesmemories)
have increasedelative 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 stratgies, suchas out-of-orderexecution
with alargein- 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 mamginal improvements but expend
signi cant enegy. This paperinvestigatesf abundanttran-

sistorbudgetscan be exploited without causinginordinate
increasesn power density

Partitionedarchitecture$2, 6, 7, 12, 20] have beenpro-
posedin recentyearsto allow processoresourceso scale
up without impacting clock speedor designcomplexity.
A partitionedarchitectureemploys small processingcores
(alsoreferredto as clusters)with an interconnectfabric,
and distributesinstructionsof a single applicationacross
the processingcores. The small size of eachcoreenables
low designcompleity andfastclock speedsandindepen-
dentdependencehainsexecutingon separatelustersen-
able high parallelism. Of course,most applicationscan-
not be decomposeéhto perfectlyindependentiependence
chains. This resultsin signi cant amountsof databeing
communicatedetweerclusters.

Eventhougha partitionedarchitecturds more scalable
than a monolithic architecture,the addition of more re-
sourcewill eventuallyyield mamginalimprovementsn ILP
(if atall). Onthe otherhand,the additionof resourcesn-
evitably leadsto a linear increasein power consumption.
Figure 1 shavs the improvementin instructionsper cycle
(IPC) achieved by addingmoreclusters. It alsoshavs the
power overheadncurredby addingmoreclusters(the sim-
ulatedprocessomodel andthe workload are describedn
detailin Section4). Improvementin IPC is not commen-
suratewith the increasein processompower, and aggres-
sive designswith humerousresourcesan have very poor
Energy DelayandEnergy Delay? (ED?) character
istics. In this paperwe arguethatif additionalresourceare
likely to yield mamginal IPC improvementsthey mustalso
incur mamginal power overheads.To achieve this goal, we
proposehedesignof heterogeneoudusters wherediffer-



IPC and Power Scaling

N

18 A
.

. 7~
@ L.
g 16 -
o A
° /
j= v
© 14 z
g -
T 1.2 1 d
& g —8—IPC
© =& =Power
E
<}
z

0.8

0.6 T T T

1 2 3 4

Number of Clusters

Figure 1. IPC and Power as number of clusters
increases, normaliz ed to the 1-cluster system

entclustersareoptimizedfor eitherperformanceor power.
Such an approachcan entail signi cant designcomple-

ity in a corventionalmonolithic superscalaarchitecture.

For example,accommodatinglifferentregisterimplemen-
tationswithin a singleregister le canposecircuit timing
issuesand pipeline schedulingdif culties in a monolithic
superscalarA partitionedarchitecturepon the otherhand,
is modularenoughthatthe propertiesof oneclusterdo not
in uence thedesignof anothercluster

Further we advocatedynamicheterogeneity frequeny
scalingallows a clusterto dynamically sene as either a
high-performancer 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 obsene ED? improvementsof 11%,
comparedo a systemcomprisedof homogeneouslusters.
If theprocessomustmeeta x edpowerbudgetwe obsene
thataheterogeneouson gurationis oftenableto maximize
performancevhile meetingthis powerbudget.By allowing
aclusterto alternatébetweerhighandlow-powermode,op-
eratingtemperaturen a chip is reducedJeadingto lower

leakagepower dissipationand fewer thermalemegencies.

Heterogeneouslustersalsopresenthe option of handling
a thermalemepgeng in a mannerthat minimally impacts
performance.

In summary this paperpresentdow-compleity novel
proposalgheterogeneoudustersanddynamicresourceal-
location) and detailedevaluationsthat demonstrateigni -
cantE D? andtemperaturdene ts. Theseinnovationsare
especiallyimportantwhen single-threadedvorkloadsexe-
cuteon aggressie microprocessodesignghatyield dimin-
ishing IPC improvements. The paperis organizedas fol-
lows. Section2 reviews our basearchitecturanodel. Sec-

tion 3 discussedhe designof heterogeneouslustersand
our novel dynamicadaptationpolicy. Section4 evaluates
the impactof our proposedtechniqueson ED? andtem-
perature.Finally, Section5 discusseselatedwork andwe
concluden Section6.

2 The BaseClustered Processor

A variety of architecturehave beenproposedo 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-
tions acrosgheseclusters eitherstatically or dynamically
For our evaluationsin this study we employ a dynami-
cally scheduleatlusteredarchitectureThis modelhasbeen
shavn to work well for mary classesof applicationswith
little or no compilersupport.

2.1 The Centralized Front End

As shown in Figure 2, instruction fetch, decode,and
dispatch(registerrename)are centralizedn our processor
model. During register rename,instructionsare assigned
to one of four clusters. The instructionsteeringheuristic
is basedon Canalet al.'s ARMBS algorithm[13] and at-
temptsto minimize load imbalanceand inter-clustercom-
munication. For every instruction, we assignweightsto
eachclusterto determinethe clusterthatis mostlikely to
minimize communicatiorandissue-relatedtalls. Weights
are assignedo a clusterif it producesnput operandsor
theinstruction.Additional weightsareassignedf thatpro-
ducerhasbeenonthecritical pathin thepast{44]. A cluster
alsorecevesweightsdependingon the numberof freeis-
suequeueentrieswithin the cluster Whendispatchindoad
instructions,moreweightsareassignedo clustersthatare
closesto thedatacache Eachinstructionis assignedo the
clusterthat hasthe highestweight accordingto the above
calculations. If that clusterhasno free registerandissue
gqueueresourcesthe instructionis assignedo a neighbor
ing clusterwith availableresources.

2.2 The Execution Units

Our clusteredarchitectureemploys small computation
units(clustersthatcanbeeasilyreplicatedonthedie. Each
clusterconsistof asmallissuequeue physicalregister le,
andalimited numberof functionalunitswith a singlecycle
bypassnetwork amongthem. The clock speedand design
compleity bene ts stemfrom the small sizesof structures
within eachcluster Dependencehainscanexecutequickly
if they only accessalueswithin acluster If aninstruction
sourcesanoperandhatresidesn aremoteregister le, the
register renamestageinsertsa “copy instruction” [13] in
the producingclustersothatthe valueis movedto the con-
sumers register le assoonasit is produced.Theseregis-
ter valuecommunicationfapperover longerglobal wires
and cantake up a few cycles. Aggaral and Franklin [2]
shav that a crossbaiinterconnectperformsthe bestwhen
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Figure 2. A partitioned architecture model with 4
cluster s and a centraliz ed frontend.

connectinga small numberof clusters(up to four), while

a hierarchicalnterconnecperformsbetterfor alargenum-
ber of clusters.Eventhoughfuture aggressie systemsare
likely to employ mary clusterswe expectthatthe clusters
will bepartitionedamongmultiplethreads Only asubsebf

programsshaw signi cant IPC bene tsby emplgying more
thanfour clustersandeventhis improvementmay not war-

ranttakingresourcesway from otherthreads.In thecom-

mon case,we expect that most single-threadegrograms
will executeon four clustersandwe thereforerestrictour-

selesto systemswith fewer thanfour clustersthatemploy

acrossbainterconnect.

Earlier studieshave shavn that the performanceim-
provementfrom a distributed cachemay not warrantthe
implementationcompleity [5, 25, 38]. We implementa
centralizedcacheandload/storequeue(LSQ) thatarealso
accessiblehroughthe crossbarouter(Figure?). Loadand
storeinstructionsare assignedo clusters,whereeffective
addrescomputatiorhappens.The effective addresseare
sentto thecentralized_SQ andcache.TheLSQ checksfor
memorydependencebeforeissuinga load and returning
theword backto therequestingluster

3 Heterogeneoulusters

Partitioned or clustered architectureshave favorable
scalability properties. As transistorbudgetsincrease we
can increasethe numberof clusterswhile only impact-
ing the compleity of the dispatchstage. A higher num-
berof clustersenabledargerin- ight instructionwindows,
therebypotentially boostingILP. However, asis true with
mostILP techniquesthis stratgy quickly yields mamginal
returns. As Figure 1 shaved us, the IPC jump in moving
from oneto two clustersis 31%, but the jump in mov-
ing from threeto four clustersis only 8%. Additional re-
sourceseitherremainundetutilized or are busy executing
instructionsalong mis-predictedbaths. Unfortunately the
power overheadof eachadditionalclusteris roughly con-
stant. Moreover, disproportionateutilization ratesof dif-
ferent processorstructureslead to localized hotspotsthat
severely degradechip reliability andtrigger thermalemer
gencies.

3.1 High-Performance (HPC) and Low-Power
Clusters (LPC)

In order to better match the IPC and power curves,
we proposeaddingresourcesn a power-ef cient manner
Eachresourcecan toggle betweenhigh-performanceand
low-power mode, therebyalso improving thermal proper
ties. We employ two differentclasse®f clusters.The rst
classof clusters,namedthe high-performanceand high-
power clusters(HPCs), are designedto deliver high per
formancewhile consumingsigni cant power. The second
classof clustersthelow-power andlow-performancelus-
ters (LPCs), are frequenyg scaledversionsof the HPCs.
They operateat a frequeng thatis lower thanthat of the
HPCsby afactorof four. In somecasegthermalemegen-
cies or high inter-clustercommunication),we even com-
pletely turn a clusteroff by gatingits supplyvoltage. An
importantattributeof partitionedarchitecturess low design
compleity becauseachclustercanbe createdy replicat-
ing a singleclusters design.By incorporatingheterogene-
ity, we are not compromisingthis adwantage. Eachclus-
ter hasan identical designand heterogeneityis provided
throughfrequeng scaling.

We allow eachclusters clock to be independentlycon-
trolled, resultingin atleastfour distinctclockdomains.The
clocksmay or may not originatefrom the samesource.Ei-
therway, theinterfacebetweerclock domainsdoesnotim-
posea signi cant performancer powver overhead40, 42).
This interfaceis implementedat the crossbarouter Each
link operatesat the frequeng of the clusterit is connected
to. Thebuffersin theroutercanbereadandwrittenatedges
belongingto differentclocks. Stall cyclesareintroducedif
the clock edgethat wrote the resultis not separatedrom
the clock edgethat attemptsto readthe result by a mini-
mum synchronizatiordelay Stallsusually happenonly if
thebuffer is nearlyemptyor nearlyfull. If the clocksorigi-
natefrom a singlesourceandareintegral multiplesof each
other(asis the casein our simulations) thesesynchroniza-
tion delaysarerare. If the processoiis forcedto employ
multiple clock sourcesdueto clock distribution problems,
thesesynchronizatiomelaysareintroducedn thebasepro-
cessoraswell. Eventhoughoneof thelinks may be drain-
ing a buffer only onceevery four (fast) cycles, the buffer
sizeis bounded. Eachinstructionin a clustercan gener
ateno morethanthreeinput datacommunication@ndthe
numberof instructionsn aclusteris boundedy its window
size.

Dynamicfrequeng scaling(DFS)is a well-established
low-overheadtechniquethat is commonly employed in
modern-daymicroprocessorgl?, 21]. Most implementa-
tionsallow the processoto continueexecutinginstructions
evenastheclockspeeds beingaltered.In ourcasewe only
togglebetweentwo frequencieg5 GHz and1.25GHz) and
a changehappenonceevery few million instructions,on
average.This amountgo a negligible overheadevenif we



assumehattheprocessoris stalledfor asmary asthousand
cyclesduringafrequeny change Notethatsomestallsare
introducedbecauseén- ight pacletsmustbe routedbefore
thefrequengy changecanhappen.Not doingthis couldre-
sultin registertagsarriving atthewrongtime, therebylead-
ing to schedulingproblems. Further if a clusteris being
turnedoff, architecturafegistersin thatclusterwill have to
be copiedelsavhere. We will assumehatturning a clus-
teronandoff with power-gating[1] canalsohappenwithin
the assumedhousanctycle overhead.In tandemwith fre-
queng scaling, voltagescan be scaleddown aswell, al-
lowing signi cant power savings. However, voltagescaling
hashigher overheadsandwe will restrictoursehesto the
more compleity-effective approachof dynamicfrequeny
scalingfor all of ourresults.With DFS,eachclustercanin-
dependenthswitch from beinganHPCto anLPC, or vice
versa.Next, we will describehow variousmetricsarecon-
sideredn determiningthefrequeng for eachcluster

3.2 Dynamic Adaptation Mechanism

Before devising a resourceallocation mechanismthat
balancesperformancebene ts and power overheadswe
must de ne the metric we are attemptingto optimize.
Energy Delay? or ED? is commonlyacknavledgedto
be the mostreliable metric while describingboth perfor
manceandpower[9, 31]. Not only doesit re ect marketing
goals(performancas slightly moreimportantthanenengy),
it alsohasfavorabletheoreticaproperties The ED 2 equa-
tion canbe expressedasfollows ( is actiity factor, C is
capacitancd, is frequeng, andV is voltage):

ED?= Power D3= C fv?D?

If we assumea linear relationshipbetweenthe speedand
voltageof acircuit, we seethatthe E D ? termis aninvariant
whenvoltageand frequeng scalingis appliedto the pro-
cessar Putdifferently (ED?2)3 or (PD3)3 is a measure
of performancdor differentprocessorshatareall voltage-
and-frequeng scaledso asto consumean equalamountof
power. For example,if V is reducedo 0:9V, thenf is re-
ducedto 0:9f andD is increasedo D =0:9, resultingin the
cancellatiorof theconstanfactors.A differentmetric,such
asED, may not berobustundersuchoptimizations.With
theED metric,arny processofA) operatingwell above the
thresholdvoltagecanbeshavn to be“better” thanary other
processo(B) if it (A) is sufciently voltageandfrequeny
scaled Similarly, E D ? is notsusceptibléo frequeny scal-
ing tricks — E D 2 is minimizedwhenthe processopperates
atits peakfrequeng. For all thesereasonspuralgorithmat-
temptsto optimizethe E D2 metric. Thelinearrelationship
betweercircuit speedandvoltagedoesnot alwayshold in
practice.Therefore pur resultsalsopresentPC andpower
valuesallowing theinterestedeaderto computeotherrel-
evantmetrics.

Sinceeachclustercan operateasan HPC, an LPC, or
be completelyturnedoff, the processorcanbe con gured

in mary interestingways. Figure 3 shavs the ED? value
for eachbenchmarlkprogramundervarious x ed con gu-

rations. For example,the barsdenotedby “3f " referto a
processomodel wherethree clustersoperateat peakfre-

queng while oneclusteris turnedoff, andthe barsdenoted
by “3f1s” referto a processomodelwith threeclustersat

peakfrequeng (fast)andoneclusterat 1=4™ the peakfre-

queng (slow). For brevity, mary of thecon gurationsthat
yield uninterestinge D2 valuesareleft out. It is clearthat
a single statically chosendesignpoint bene ts only a sub-
setof theapplicationswhile adwerselyaffectingthe perfor

mance/pwer characteristic®f otherapplications.For ex-

ample the processomodelwith two fastclusterq2f) deliv-

erslow E D? while executingbenchmarksuchasgccand
twolf, but degradegperformancesigni cantly for galgel.

Benchmark| Distance L2 L1D Nearly | Base
between miss | miss | optimal | Case

branch rate rate ED? 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 35 2f 0.82
gap 65 11.77 | 0.67 2f 0.90
gcc 103 225 | 3.38 2f 0.75
gzip 129 0.21 6.56 2f 0.73
parser 80 435 | 3.83 2f 0.78
twolf 60 0.31 7.28 2f 0.77
ammp 289 0.79 6.63 4f 1.74
apsi 360 348 | 2.77 Af 1.85
vortex 183 3521 | 1.44 Af 1.78
wupwise 170 20.61 | 2.22 Af 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

equale 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 3fls 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 branch mis-
predicts, L2 and L1D cache miss rates, con gura-
tions that yield ED? within 5% of the optimal ED?2,
and raw IPC for baseline model with 4 HPCs.

Table 1 shows the averagel 1 dataand L2 cachemiss
rates averagedistancebetweerbranchmispredictsandthe
con gurationsthatyield E D 2 within 5% of thelowestE D 2
obsened amongall the statically x ed con gurations(re-
ferredto asthe optimal ED? for eachbenchmark).From
this data,we take noteof thefollowing trends.(i) Programs
(lucas,equale, etc.) with high datacachemissrates( 8%
L1D missrateand 12%L2 missrate)bene t from using
moreclusters.More clustersmply moreregistersandissue
queueentries,which in turnimply large in- ight windows
thatincreaseahechance®f nding usefulwork while wait-
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Figure 3. ED? metric for diff erent static con gurations

ing for cachemisses.Thereis usuallynot enoughwork to

keepthe processobusy for the entire durationof a cache
miss, which implies that the execution units can execute
atlow frequenciesandstill completetheir work beforethe
cachemissreturns. (ii) Programg(gcc, bzip2, etc.) with

high branchmispredictionrates(averagedistancebetween
mispredictsbeing lessthan 100 instructions)bene t very

little from large in- ight windows as mostinstructionsin

the window arelikely to be on mispredictedpaths. Exe-

cutinginstructionsat alow frequeny canseverelydegrade
performancéecausét increaseshetime takento detecta
branchmisprediction.

Clearly, branchmispredictionsandcachemissesarethe
biggestbottlenecksto performanceand simply observing
thesametricsguidesusin detectinghemost“ef cient” pro-
cessorcon guration. Basedon the obsenationsabove, we
identify thefollowing relationships:

Low cadche missratesand high branch mispiediction
rates: Both factorssuggesusingsmallin- ight win-
dows with high frequencies Minimum E D ? wasob-
senedfor con gurationsthatemployedonly two clus-
tersat peakfrequeng (2f).

Low cache missratesand low branch mispediction
rates: Both factorsindicatethat the programhashigh
ILP and could be severely degradedif we eitherre-
ducedwindow sizeor frequeng. The basecaseorga-
nizationwith four clustersoperatingat peakfrequeny
(4f) yieldedminimumED 2.

High cache missratesand low branch mispiediction
rates: Both factorssuggesthe useof large windows
andthe rst factorsuggestsheuseof frequeng-scaled
clusters A con gurationsuchas1f3sor 4softenyields
thelowestE D? (4swasselectedor our simulations).

High cache missratesand high branch mispeediction
rates: The two factorsmake con icting suggestions

normaliz ed to baseline system with 4 HPCs.

for window size andfrequeng. Empirically, we ob-
senedthatthe performancepenaltyof low frequeny
and small window size was too high and the lowest
E D2 wasobsenedfor con gurationsthatstruckabal-
ancesuchas3fls

A smallsubsebf processocon gurationsaresufcient
to deliver optimal E D 2 valuesfor mostof thebenchmarks.
Of the mary different con gurations, our dynamic algo-
rithm employs thefollowing four con gurations: 4s, 2f, 4f,
3fls Thereductionin the numberof con guration choices
available to the dynamicalgorithm helpsreduceits com-
plexity. Only for four of the 23 benchmarkgeon,vpr, ap-
plu, mcf) doesour heuristicselectacon gurationwith E D 2
notwithin 5% of theoptimal E D 2.

Many recentstudied4, 6,19, 22, 23, 26, 37, 45] have ex-
aminedalgorithmsfor dynamicprocessoadaptationSome
of thesealgorithmsmake decisionsat subroutinebound-
aries,somemake decisionsat speci ¢ events(cachemisses,
full buffers,etc), while somemake decisionsatperiodicin-
tenvals. We found that for our experiments jnterval-based
techniquesentailedlittle compleity 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 intenal, hard-
warecounterghattrackL1 andL2 cachemissratesandthe
numberof branchmispredictionsareexamined.Depending
onwhetherthesecountersexceedcertainthresholdspneof
thefour con gurationsdescribedaboveis selectecandem-
ployed for the next intenval. Sincethesecountersdirectly
indicatethe optimal con guration, thereis no needfor an
explorationprocesghatpro les mary candidatecon gura-
tionsandselectone. Sincethereis no explorationprocess,
thereis alsono needto detectwhentheprogrammovesto a
new phasewith radicallydifferentbehaior.

Our algorithmis basedon the premisethat behaior in
thelastinterval will repeatin thenext intenal. In theworst
caseaprogrammayexhibit dramaticallydifferentbehaior



in every successie interval. This canbe easilydetectedas
it would resultin con guration changesn every interval.
Theoperatingsystemcanthenchooseo increaseheinter-
val lengthor shutoff the dynamicadaptatiormechanism.
It mustbe notedthat our adaptationalgorithm simply se-
lectsthecon gurationthatis likely to yield minimumE D 2
with little regardto the actualperformancdoss. If signi -
cantperformancdossescannotbe tolerated the adaptation
algorithmwill have to be alteredandthis is discussedn a
latersection.

Onceanappropriatecon guration hasbeenchosensay
3fls the following questionsarise: (i) which clusteris as-
signedthe low frequeng, and(ii) whatinstructionsareas-
signedto the slow cluster? The answerto the rst ques-
tion lies in the thermalpropertiesof the processorandis
discussedn the next sub-section. To addresshe second
question,we attempteda numberof steeringmechanisms
that take instructioncriticality into account. We modeled
perinstructionandbranch-con dencéasectriticality pre-
dictorsto identify instructionsthat are off the critical path
anddispatchthemto slow clusters. However, thesesteer
ing policiesinevitably increasedhe degreeof inter-cluster
communication,often resulting in contentioncycles for
otherdatatransfersthatwere on the programcritical path.
Load balancewas alsoaffectedas critical and non-critical
instructionsarerarelyin the sameratio asthefastandslow
clusterq(3:1in thecaseof 3f19. In spiteof our bestefforts,
even comple alterationsto the steeringpolicy resultedin
minor IPC improvements(if at all) over the basesteering
policy that only attemptsto balancecommunicationand
load. We will only considerthe basesteeringpolicy for the
restof the paper which implies that somecritical instruc-
tionsmaybe executedon the slower clusters.

3.3 Thermal Emergencies

If eachclusteroperatesat peakfrequeng, the register
les in eachclusteroftenemepgeasthe hottestspotsonthe
chip. By allowing eachclusterto occasionallyoperateat a
lower frequeng (or be turnedoff), the operatingtempera-
tureateachregister le is greatlyreducedlf acon guration
suchas3flsis chosenaround-robinpolicy selectgheclus-
terthatis frequeng-scaledevery million cycles. Thereare
two adwantagedo a lower operatingtemperature:(i) The
numberof thermalemegenciesarereduced.On athermal
emegeng, the processomusttake stepsto reducepower
dissipationat the hot-spot,often leadingto a performance
penalty (ii) Theleakagepower dissipationon a chipis an
exponentialfunction of the operatingtemperature Evenif
thermalemepgenciesarenot triggered,by reducingoperat-
ing temperatureywe cansigni cantly reducdeakagepower.

It is notevorthy that heterogeneouslustersprovide in-
terestingoptionsin the event of a thermalemegeng. If
all four clustersareoperatingat peakfrequeny andather
mal emegeny is triggered,a differentcon guration that
yields a slightly higher ED? canbe invoked. Sincethis

con guration periodically shutseachclusteroff or lowers
its frequeng, it canmitigatethethermalemegeng without
imposinga signi cant penaltyin performanceor ED?2. In
Section4, we shav thatsuchathermalemepgeng stratgy
performsbetterthanapproachefor traditionalsuperscalars,
suchasglobalfrequeng scaling.

3.4 Achieving Maximum Performancefor a Fixed
Power Budget

In some microprocessodomains, designersare most
concernedwith maximizing performancewhile staying
within a x ed maximum power budget. Heterogeneous
clustersallow low-overheadun-time e xibility thatallows
aprocessoto meetpowerbudgetsor eachprogram.At the
startof programexecution,all four clustersoperateat peak
frequeng. At the endof every million cycle interval, hard-
warecounterghattrackaveragepower dissipationor activ-
ity areexamined.If theaveragepowerdissipations greater
than the power budget, someof the clusterswill have to
be eitherslowed down or turnedoff. Likewise,if the aver
agepowerdissipationis well belov the powerbudget,clus-
ters canbe eitheractivatedor have their frequeng scaled
up. The correlationbetweencachemissrates,branchmis-
predictrates,and optimal ED? con gurations guidesour
adaptatiorpolicy again.For programswith frequentoranch
mispredictghatexceedthepowerbudgetwe choosdo turn
clustersoff in stepsuntil the power dissipationdropsto ac-
ceptabldevels. For all otherprogramswe chooseo scale
down the frequenciesof clustersin stepsuntil the power
constrainis met.

Our mechanismby usingbranchmispredictrates,tries
to seekoutcon gurationsthatarelik ely to have competitive
E D2 andmeetsthe power constrainthroughlow-overhead
techniqueghat scaledown frequeng or turn a clusteroff.
Notethat(ED?2)3 or (PD?3)3 is ameasuref performance
for differentprocessorghat are all voltage-and-frequeryc
scaledso asto consumean equalamountof powver. By
employing con gurationsthat have nearoptimal ED 2, the
adaptatiormechanismachieves nearoptimal performance
at the x ed power budgetand doesso without employing
thehigh overheadechniqueof voltagescaling.

4 Results
4.1 Methodology

Our simulatoris basedon SimpleScalai3.0[11] for the
AlphalSA. Thecycle accuratesimulatorhasbeenextended
with apowermodelbasedn Wattch[10] to computepower
for the entire processarincluding clusters,interconnect,
cachesandthe centralizedfront-end. Leakagepower for
thecachesandtheregister les followsamethodologysim-
ilar to HotLeakage [46]. HotLeakageextendsthe Butts-
Sohileakagepower modelbasedon the BSIM3 [34] data
andcalculatedeakagecurrentsdynamicallyfrom tempera-
ture andvoltagechangesiueto operatingconditions. For



Fetchqueuesize 64
Branchpredictor comb of bimodaland2-level
Level 1 predictor 16K entries history 12
BTB size 16K sets,2-way
Issuequeuesize 30 percluster(int andfp, each)
Integer ALUs/mult-div 1/1 percluster

L1 I-cache 32KB 2-way
L1 D-cache 32KB 4-way set-associate,
6 cycles,4-way word-interlezed
Frequeng 5GHz
Corvectionresistance 0.8K/W
Maximumtemperature 85C
Load/Storequeue 240entries

Fetchwidth 8 (acrosaupto 2 basicblocks)
Bimodalpredictorsize 16K
Level 2 predictor 16K entries

Branchmispredictpenalty
Ragister®le size
FP ALUs/mult-div
Memorylateny

atleast12 cycles
64 percluster(int andfp, each)
1/1 percluster
300cyclesfor the®rst block

L2 uni®edcache 8MB 8-way, 30 cycles
| andD TLB 128entries 8KB pagesize
Initial Temperature 70C
Heatsinkthickness 6.9mm
vdd 1.1V

Table 2. Simulator parameter s.

all otherfunctionalunits,leakagepoweris calculatecbased
ontheformuladerivedby curve tting with ITRS data [3].

Separaténtegerand oating pointissuequeuesandreg-
ister les aremodeledfor eachcluster Eachof the clusters
is assumedo have 64 registers(Int andFR each),30issue
queueentries(Int andFR, each)andonefunctionalunit of
eachkind. Contentiorontheinterconnectsaindfor memory
hierarchyresourceg¢ports,banks buffers,etc.)aremodeled
in detail. Inter-clustercommunicatiorthroughthe crossbar
incursatwo cycle delay(in additionto contentioncycles)
whenall links are operatingat peakfrequeng. This de-
lay growsto ve cyclesif oneof the clustersis operating
asan LPC andto eight cyclesif both clustersare operat-
ing asLPCs. For all processomodelsin this study when
frequeng scalingis appliedto clustersthe processofront-
endcontinuego executeat peakfrequeng.

We usethe Hotspot-2.J43] modelto extendour Wattch-
basedsimulatorfor sensingtemperatureof various units
at 100K cycle intervals. This model exploits the duality
betweenheatand electricity to model the temperatureof
the processoat a functionalunit granularity The average
power of eachof the units over recentcyclesis suppliedto
the modelto calculatethe currenttemperaturef the func-
tionalunitsfrom aknown initial temperatureHeatremoval
is donevia air o w by corvectionusingan equivalentther
malresistancef 0.8K/W andanambientemperaturef 40
CisassumedThe oorplan layoutof the processomodels
the four clustersalongwith the front end andfollows the
procedurendicatedin [43]. At thebeginningof thesimula-
tion, we assumehatthe processohasbeenoperatingfor a
long time, dissipatingnominaldynamicandleakagepower
atanoperatingemperatur®f 70 C.

All importantsimulationparameterareshavn in Table
2. For the 4-clustersystemoperatingat peakfrequeng, our
powermodelsshov anaverageprocessopower dissipation
of 113Wat 90nmtechnologywith eachclusteraccounting
for approximatelyl 7W, andleakagepower accountingfor
20W overtheentireprocessar

We use?23 of the 26 SPEC-2kprogramswith reference
inputsasa benchmarkset(the remainingthreebenchmark
programswere not compatiblewith our simulator). Each

programwas simulatedfor 100 million instructionsover
simulationwindowsidenti ed by the SimPointtoolset[41].
Theraw IPCsfor eachprogramfor the basecasearelisted
in Table1.

4.2 ED? Analysis

We begin by shaving ED? improvementsthat can be
achievedby emplgying the dynamicadaptatiormechanism
thattunesprocessoresourceso suitapplicatiorneedsThe
basecaseis a high performancemodelthat employs four
HPCs. The dynamic processomodel examinesL1 and
L2 cachemiss and branchmispredictioncountersin ev-
ery intenal to selectthe con guration for the next inter-
val. Section3.2 hasalreadydiscussedhestrongcorrelation
betweerthesemetricsandthe E D 2-optimal con guration.
For our experimentswe assumeninterval sizeof onemil-
lion instructions.Thethresholddor L1 andL2 cachemiss
ratesis 8% and 12%, respectiely, while the thresholdfor
the branchmispredictioncounteris 1 in every 100 com-
mitted instructions. Figure 4a shavs the IPC degradation
andthe power savings obtainedwith the dynamicmodelas
comparedo thebaseprocessomodel.Overall, we obsene
a power saving of 15% and a performancedegradationof
only 2%. In certaincasesasin gap,employing two clusters
providesa slight performancemprovement(lessthan2%)
thatcanbeattributedto areductionin inter-clustercommu-
nicationand contentioncycles. Most programs(17 of the
23 benchmarksgncounteredewer than ve con guration
transitionsover the courseof the executionof the program.
The otherprogramsontainmary differentprogramphases
during their executionasa resultof which the cachemiss
ratesandthe branchmispredictionratesvary signi cantly.
For example,artincursasmary as91 phaseransitionsover
the executionof the program. Thesefrequenttransistions
causethe ED? to be slightly sub-optimal,but the overall
E D? is muchlower thanthatfor the basecasefor mostof
theseprograms As pointedout in Section3.2,appluis one
of the programsthat is not handledby our heuristicand it
yieldsanE D 2 valuethatis higherthanthatof thebasecase.
Overall, the E D? valuesachieved by the dynamicmecha-
nism arevery similar to that of the optimal con gurations
shavn for eachbenchmarkn Figure3.



IPC Loss and Power Savings for Dynamic Processor Model

@ IPC loss (%)
W Power savings (%)

50.00

N
<]
2
3

30.00

(%)

10.00

°
9
3

Relative IPC loss and Power Savings
%

| b
—
oo
id
Vpr AL
Wupwise gf

Me
Mg
Parser
Swim 1
I |

n
e
d

S 2 838 2 8 2 g5

_____

Apply

Ammp g
Apsi P
At |
Bzip2 1
Crafty 1
Equal
Fma
Galge! |
Ga
Ge
Gizi
Luca: 1
Mi
Twi
Vortexgy

-10.00

Benchmarks
a. IPClossandpower savingsfor dynamicmodel
comparedo baselinemodelwith 4 HPCs.

IPC, Power and Energy-Delay Characteristics of different
Configurations

mIPC
O Power
2.00 EEDNY? ——

it

2 Cluster 3 Cluster  1f3s 2f2s 3fls 4s Ideal
Configurations

b. IPC, PaverandE D2 for differentcon gurations,each
normalizedwith respecto the baselingprocessomodel
with 4 HPCs.

ul

Normalized IPC, Power and ED2

Dynamic

Figure 4. Performance and power characteristics.

Comparison of temperature characteristics

250

200

O Base case
B Dynamic case

-
&
3

Peak temperature
g

7] g é =2 o 3] g
Benchmark
Figure 5. Peak operating temperatures reached

by the base processor model and the dynamicall y
adaptive processor model

Figure4b summarizeperformancepower, andE D 2 for
differentcon gurations,averagedacrosshe benchmarlset
(averagesaretakensuchthatevery programexecutesor an
equalnumberof cycles[27]) and normalizedwith respect
to thebaseprocessomodelwith four fastclusters.Noneof
the con gurationsexceedthe performanceof the basepro-
cessor Similarly, all of thestudiedcon gurationsconsume
muchlower power thanthe basecase.The modelwith four
slow clusters(4s) consumeshe leastpower but alsoincurs
a performanceenaltyof nearly40%. All staticcon gura-
tionshave ahigherE D 2 thanthebasecase Thebarsfor the
idealprocessomodelshow resultsif theE D 2-optimalcon-

guration for eachbenchmarks picked by anoraclefrom

a large set of con gurations. The dynamic mechanisns
behavior is very closeto thisidealscenarig E D ? improve-
mentof 11%,comparedo 12%for theidealcase).

4.3 Temperature Analysis

The dynamicmechanisnselectsa con guration thatis
likely to optimize ED?. Even thoughtemperatureeduc-
tion was not a priority in this mechanisma con guration
optimizedfor ED? canalsoreduceoperatingtemperature,
comparedo thebaseprocessarFigure5 compareshepeak
temperatureseachedoy our dynamicallyadaptve proces-
sormodelandthe baseprocessomodel(no thermalemer
geng thresholdwas set). The graphleavesout programs
that had the samepeak temperaturein both cases(note
thatthe dynamicmechanisnmexecutesnearly half the pro-
gramswith four HPCs).Overall,acrosgheseprogramswe
obsene a 22.4%reductionin peakoperatingtemperature.
For benchmarkshatemploy four LPCs,this reductionwas
48%. For bechmarkghatemploy two HPCs,clustersalter
nate betweenexecutingat peakfrequeng and being shut
off. By allowing eachclusterto periodicallycool down, we
obsenedanaveragereductionof 7.5%in peaktemperature
for theseprograms.

A subsebdf thebenchmarkseachpeaktemperaturethat
arehigh enoughto triggerthermalemegencies.The peak
temperaturecorresponddo the temperatureof the hottest
block on the micro-architecturaloorplan. The useof het-
erogeneouslusterson athermalemegeng allowsthepro-
gramto have tolerableperformancepenaltieswhile lower-
ing the operatingtemperature.For example,the program
vortex reaches peaktemperaturef 93 C withoutary ther
mal managemenin both the basemodelandthe dynamic
processomodel (that emplogys four HPCs for minimum
E D?). While abaselinenodelwouldscalethefrequengy of
theentireprocessareterogeneitgllows usto operatewith
threeHPCsandalternatethe clustersbetweenexecutingat
peakfrequeng andbeingswitchedoff. Thisstrateyy incurs
a performanceoss of 5.6%, when comparedagainstthe
baselineprocessomodel employing no thermalmanage-
ment. Whenthebasecaseemploysthermalmanagemertty
scalingthefrequeng of all four clusterswe obsere a per



Benchmark| Con®guratiorwith
bestperformance
for pover 80W
ammp 3sif
art 2f2s
crafty 3sif
equale 2f2s
galgel 3sif
gcc 2c
lucas 2f2s
mesa 3s1f
parser 3s1f
twolf 2c
vpr 2c
apsi 2c

Benchmark| Con®guratiorwith
bestperformance
for pover 80W
applu 2c
bzip2 3s1f
eon 3sif
fma3d 2f2s
gap 3s1f
gzip 2c
mcf 2f2s
mgrid 2f2s
swim 2f2s
vortex 3sif
wupwise 3s1f

Table 3. Best static con gurations

formancedegradatiorof 8.5%(with respecto thebasecase
with no thermalmanagement)On an average for bench-
marksthat reachthermalemepgencies,our proposedpro-
cessomodelperforms7.5%betterthanthe baseprocessor
model,whenbothemploy thermalemegeng management
stratgies.

4.4 Fixed Power Budget

If aprocessois to operatewithin a x ed power budget,
we canscaleits voltageandfrequeng until the power con-
straintis met. Voltagescalinghasits limitations in future
technologiesas overheadsncreaseand acceptableoltage
margins shrink. If we restrictourselhesto frequeng scal-
ing or turning off individual clusters,we obsene that het-
erogeneityoftenyieldsthe optimalperformancdor agiven
power budget. Table 3 shaws the staticcon guration that
deliversthe bestperformanceor a x ed power budgetof
80W. Similar resultsareobsenedfor differentpower bud-
gets. Clearly, a single staticcon guration is not sufcient
to deliver the bestperformanceor all benchmarks.Com-
paredto a con gurationthatemploys frequeng scalingfor
all four clusters(4s), the dynamicalgorithm describedn
Section3.4 provides23%improvedperformance.

4.5 Sensitvity Analysis

All throughthis study we have assumedhatthe LPCs
executeat one-fourththe frequeng of the HPCs. Figure 6
tracks the IPC, power, and ED? characteristicdor pro-
cessomodelswith varying LPC frequenciesall normal-
ized with respecto the basecase.In all con gurations,a
dynamic processoicon guration provides ED ? improve-
ments,with the highestimprovementseenwhen the fre-
queng of theLPCis one-fourththe HPCfrequeng. As we
increasahefrequeny of the LPCs,we obtainperformance
improvementsandcorrespondingncreasesn power dissi-
pation. By tuningthefrequeng of the LPCs,we canarrive
at differentpointsin the power-performancecurve, while
still achiering E D ? bene ts. We alsofound thatthe useof
voltagescalingfurtherincreasesur overall E D 2 improve-
mentsbutit hasnotbeenemployedfor any of the presented

for a x ed power budg et.

1.05

mIPC
7 Power
BED2

Normalized Values

12 3 4 8

Frequency of LPC, relative to HPC

Figure 6. Normaliz ed IPC, Power, and ED? for the
dynamic mechanism for diff erent LPC frequencies

resultsbecaus®f theassociatedon-trivial overheads.

In Figure 4a, we had seenthat the proposeddynamic
algorithmincurs a maximum performancdoss of around
8% for eonand 7% for applu. In somecases,designers
may wantto imposethe constraintthat ED? be improved
while limiting performancédoss. TuningtheLPCfrequengy
(above) is one strateyy to limit performancdoss. We can
alsotunethealgorithmto limit the maximumperformance
lossto a certainvalueby choosingconserative con gura-
tions at the costof relatively higherpower dissipation.For
example, for benchmarkswith high branchmisprediction
rates,we canchooseto employ threeHPCsinsteadof two
HPCs. Likewise, for benchmarkghat have a high cache
missfrequeng, we canemploy LPCsthathave frequencies
thatare one-halfthe HPC frequeng. With thesenew poli-
cies,the maximumperformancdossfor ary programwas
2.5% (applu). The overall performancdosswaslessthan
1%, but the E D 2 saving wasonly 7%. The above analysis
demonstratethe robustnesf the dynamicmechanisnin
adaptingitself to varying performanceand power require-



ments.

We alsoexaminedthesensitvity of ourresultsasafunc-
tion of interval length(for makingcon gurationdecisions).
If frequeng changeoverheadsvereignored,we foundthat
E D? improvementswere approximatelyconstanteven if
the internval size wasreducedto 10K instructions. For an
interval sizeof 1K instructions the cachemissandbranch
mispredictionmeasurementare noisy, leadingto frequent
selectionsof sub-optimalcon gurations. While a smaller
interval length may allow us to capturethe behaior of
smallerphaseswefoundthisbene tto beminimal. A large
interval lengthhelpsamortizetheoverheadsf changinghe
frequeng of a clusteror turninga clusteroff.

5 RelatedWork

Commercialmanufcturershave developedprocessors
capableof voltageand frequeng scaling[17, 21]. Intel's
XScale[17] processoemploys this dynamicscalingtech-
niguein applicationswith real-timeconstraintstherebyim-
proving batterylife. Frequeng andvoltagescalinghasalso
beenemployedwithin speci ¢ domainsof aprocessarsuch
asin the MCD processoproposedy Semeraretal. [40].
Interval-basedstratgies for global frequeng scaling for
real-timeand multimediaapplicationshave beenproposed
by Peringetal. [36]. Childerset al. [16] proposetrading
IPC for clock frequeng. In their study high IPC programs
run at low frequenciesandlow IPC programsrun at high
frequencies.

The primary goal of our studyis ef cient utilization of
transistorbudgets whereE D 2 is the metric for ef ciency.
The temperatureside-efects of our proposalare similar
in spirit to the “cluster hopping” proposalof Chaparroet
al. [14], wherepartsof thebackendareshutdown toreduce
peaktemperaturesThat study doesnot explore the effect
of operatingclustersat lower frequenciesChenetal. [15]
proposea clusteredarchitecturehat combinesa high-ILP
low-frequeng core with a low-ILP high-frequeng core.
The authorsdemonstratéhat suchan approachcan better
matchthelLP needof programsandimprove performance.
Our hypothesisis that identical corescombinedwith fre-
queng scalinghave lower designcomplexity, provide sig-
ni cant ED? improvementsandreduceoperatingtemper
atures Moradetal. [32] employ anasymmetrichip multi-
processoiin which differentthreadsof a programare as-
signedto coresof varyingcompleity. Kumaretal. [30] de-
signachip multi-processowith heterogeneousoresto ex-
ecutemulti-programmeadvorkloads.Programsreassigned
to coresof varyingcompleity basedon their ILP require-
ments.Ghiasietal. [24] implementa schedulethatexam-
inesthe executioncharacteristicef a programandassigns
it to a processothat matchests needs. The above stud-
iesdemonstrat¢éhatheterogeneithasfavorableenegy and
enegy-delay propertieswhen executingindependenpro-
gramson multi-processosystems.

6 Conclusions

Futurebillion transistorarchitecturesirecapableof high
performancebut suffer from extremelyhigh power densi-
ties. This paperadwocatespower avareresourcescalingin
aneffort to achiese high performancevhile reducingpower
andoperatingtemperatureThe papermakesthe following
key contributions:

A heterogeneouarchitectureghat leverageghe mod-
ularity of a partitionedarchitectureand preseresthe
low designcomplexity of a partitionedarchitectureby
employing frequeng scalingto provide heterogeneity

A dynamicadaptatiorpolicy thatexploitsinformation
on cachemissratesandbranchpredictionaccurag to
predictan E D 2-optimalcon guration

A mechanisnthat switchesthe frequeng of a cluster
at periodicintervals to lower operatingtemperatures
andathermalemegeng handlingmechanisnthatim-
posedminimal performanceenalties

Basedon our evaluations we draw the following major
quantitatve conclusions:

Heterogeneitycombinedwith our dynamicadaptation
policy, reducesE D? by 11% (power saving of 15%
andperformancepenaltyof 2%).

Benchmarkprogramshatemploy four LPCsshowv an
average48%reductionin operatingtemperatureThe
samenumberfor programsthat employ two HPCsis
7.5%.

By scalingindividual clusterson athermalemegeng,
our dynamicalgorithmperforms7.5% betterthanthe
basecasethat scalesthe operatingfrequeng of all
clusterson athermalemepgeng.

The proposedinnovationsintroducevery little design
compleity.  Our results demonstratehat heterogeneity
hasthe potentialto improve single-threadpberformancen
a power-ef cient manner While this paperfocuseson
single-threadehaior on a clusteredarchitecturethe gen-
eral ideascan also apply to multi-threadedworkloadson
chip multi-processordCMPs). Multiple threadsof a sin-
gle applicationthat executeon different coresof a CMP
areanalogoudo dependencehainsexecutingon clusters.
For futurework, we will explorethe potentialof intelligent
threadassignmento coreswithin anasymmetricCMP. We
will alsoexamineothertechniqueso introduceheterogene-
ity within clustersor cores,suchasthe useof simplein-
orderpipelines.
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