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Abstract— Multicor e microprocessorshave been largely mo-
tivated by the diminishing returns in performance and the
increasedpower consumption of single-threadedILP micropro-
cessors.With the industry already shifting from multicore to
many-core microprocessors,software developers must extract
more thread-level parallelism from applications. Unfortunately,
low power-ef ciency and diminishing returnsin performancere-
main major obstacleswith many cores.Poor interaction between
software and hardware, and bottlenecks in shared hardware
structur es often prevent scaling to many cores, even in applica-
tions where a high degree of parallelism is potentially available.
In some cases, throwing additional cores at a problem may
actually harm performance and increase power consumption.
Better useof otherwiselimitedly bene cial coresby software com-
ponents such as hypervisors and operating systemscan impr ove
system-wide performance and reliability, even in caseswhere
power consumption is not a main concemn. In responseto these
obsewations, we evaluate an approach to throttle concurrency
in parallel programs dynamically. We throttle concurrency to
levels with higher predicted ef ciency from both performance
and enemy standpoints, and we do so via machine learning,
speci cally arti cial neural networks (ANNs). One advantage
of using ANNs over similar techniques previously explored is
that the training phaseis greatly simpli ed, thereby reducing
the burden on the end user Using machine learning in the
context of concurrency throttling is novel. We show that ANNs
are effective for identifying enermgy-ef cient concurrency levelsin
multithr eadedscienti ¢ applications, and we do sousing physical
experimentation on a state-of-the-art quad-core Xeon platform.

I. INTRODUCTION

Modern microprocessorsrerapidly increasingin their de-
greeof on-chip,thread-leel parallelism.This trendis largely
motivated by two obsenrations: rst, more performanceis
expectedfor a x ed transistorbudgetthroughon-chip,thread-
level parallelism than through further exploitation of ILP;
and second,the replication of lesscomple circuitry results
in potentially more enegy-efcient processorsAs a result,
chip manufcturersare producing multicore processorswith

a large numberof coresper chip — or manycore processors.

CurrentpredictionsestimateCMPswith 10's to 100's of cores
becoming available in the next decade[l], and Intel has
alreadydemonstrate@ working prototypewith 80 cores[2].
Multicore microprocessorsepresentin in ection point for
software,sincethey rely on high levelsof parallelismextracted
from applicationgo take full adwantageof the coresavailable.
A further, often overlooked requirements that software needs
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to scale gracefully with the number of cores, and threads
needto interactwith the hardwarein non-destructie manners.
If the applicationis unableto take adwantageof all cores
provided by the processarthen either the applicationshould
be further parallelizedand optimized to improve scalability
on that particulararchitectureor the coresshouldbe allocated
differently betweenapplicationand systemsoftware, possibly
leaving somecoresidle to consere enegy.

In this paper we perform an in-depth analysis of the
scalability of a set of multithreadedscienti c applications
that have alreadybeenextensvely optimizedfor parallelism
and locality. We do so on a recently introduced quad-core
Xeon processqrand our ndings indicate that while ample
parallelismis available in the studied applications,threads
interfere destructvely for shared on-chip resources,often
resulting in negligible performancegains through the use
of more than two cores, or even signi cant performance
losseswhen concurreng exceedssomethreshold.Somavhat
surprisingly poor scaling occurs even at just four cores,
indicating that future mary-core microprocessorgay expose
severe scaling limitations. Furthermore we obsenre that the
scalability of individual applicationsis phase-sensitivein
that different phasesof the parallel code in an application
exhibit radically different scaling properties. Simultaneous
with the performanceconsequencesf poor scalability comes
anincreasingtrendin power usagewhen using more cores.

In responseto the obsered scalability limitations, we
presenta runtime systemthat dynamically throttlesthe level
of concurreng whendoing so is expectedto improve perfor
mance.Our runtime system,ACTOR (for Adaptive Concur
reng Throttling Optimization Runtime system),includesthe
necessaryinfrastructureto detectprogram phasesthat may
not scalewell andto determinethe level of concurreng that
will improve performanceaswell asthe optimal architecture-
aware placementof threadsonto speci ¢ processorcoresfor
each phase.A phasein ACTOR is a userde ned region
of parallel code encapsulatingeither a collection of parallel
loopsor a collectionof basicblocksexecutedconcurrentlyby
multiple threads.Concurreng throttling and optimal thread
placemenby ACTOR cumulatiely improve enegy-efciency
by virtue of higher performancewith sustainedor reduced
power consumptionwvhen processorcoresare left idle.



In previous work we evaluatedphase-sensite concurreng
throttling on a systemof multiple simultaneousnultithreaded
processorg3]. To our knowledge,concurreng throttling has
not beenevaluatedon a realmulticoreprocessaor-urthermore,
in prior work, we rely on regressiontechniquedor predicting
optimal levels of concurreng and thread placement.Here
we leverage machine learning, speci cally arti cial neural
networks (ANNs). We useANN-basedperformanceprediction
to identify the desiredlevel of concurreng and the optimal
threadplacementThe ANNs aretrainedof ine to modelthe
relationshipbetweerperformanceountereventratesobsened
while sampling short periods of programexecution and the
resultingperformancewith variouslevels of concurreng. The
derived ANN modelsallow usto performonline performance
prediction for phasesof parallel code with low overhead
by sampling performancecounters. The use of our ANN
approachremovesthe burdenof managingthe training phase
and providing domain-speci cknowledge,two stepsthat are
crucial to regression-basegredictionstratejies[4].

This paper makes three primary contritutions. First, we
analyzethe scalabilityand enegy-efciency of multithreaded
scienti ¢ applicationson a recentlyintroducedquad-cordntel
Xeon processar Second,we describean ANN-based run-
time adaptationrmechanisnto throttle concurreng. Third we
evaluateits applicationto identify dynamicallymore enegy-
efcient concurreng levels and achieve higher performance
with lower enegy consumptionin thoseparallel codes.

In the next section,we give a brief overview of related
researchSectionlll discusseshe scalabilityand power char
acteristicsof multithreadedapplicationson a quad-corelntel
Xeon processarWe describean approachto identify enegy-
efcient concurreng levels basedon applying our ANN ap-
proachto a setof performancecountersamplesn SectionlV.
In SectionV, we presentthe resultsof our experimentswith
ANN-basedconcurreng throttling.

Il. RELATED WORK

Li and Martnez [5] develop a heuristic searchapproach
to improve concurreng and use DVFS to optimize power
consumptiongiven a x ed performancerequirement. The
effectivenesof ary search-basestratayy is likely to decrease
as the number of cores from which to choosegrows. Li
andMart'nezarti cially lengthentheir benchmarkgo provide
enoughiterationsto reacha decision(up to fty), whereasour
prediction-basedhpproachsucceedson applicationswith as
few asten iterations.They requirehhardware modi cations to
gatherinput on runtime powver consumptionTheir evaluation,
unlike ours, did not use a real multicore systembut instead
useda simulatedmachine.

Previous work consideredadaptingconcurreng at runtime
via online performancepredictions[3]. The major differences
in that work are that it utilizes multiple linear regressionto
malke the performancepredictionsacrossthreadingcon gura-
tions. While the approachs successfulit requires ne-tuning
a regressionmodel with detailed architectural knowledge,

whereasANNs provide a non-linear model without user

provided domainknowledge.Further we performexperiments
on a state-of-the-artmulticore processoiin placeof the SMP

of Intel Hyperthreadedprocessoraused previously, and we

discusshow ourresultsarelikely to extendto future platforms
with signi cantly more cores. Finally, we provide detailed
analysisof the scalability of the applicationsand architecture
herebefore presentingadaptatiornresults.

ANNs have previously beenusedfor performancepredic-
tion in the context of architecturalspaceexploration [6]. In
this work, the authorsreducethe numberof points that must
be simulatedin evaluating designalternatves in a thorough
sensitvity study The values of various microarchitectural
parametersre usedto predictthe resultingperformanceof a
given applicationby sampling(simulating)a subsetof points
in the designspace.Our work, on the other hand, predicts
performancebasedon event rates obsered during a live
execution using a model trained once that can subsequently
be appliedto ary application.

Lee et al. [7] comparethe effectivenessof non-linear
regressiorandANNS for predictingperformancen the context
of varyinginput parametersTheir ndings suggesthat, while
prediction accuraciesbetweenthe two approachesre com-
parable,eachapproachis advantageousn different contexts.
However, they reportthat the training processs signi cantly
simpli ed throughthe useof ANNS, andit is for this reason
that we proposeits usein this paper

Marin andMellor-Crummey [8] presenttoolkit to measure
and to model application characteristicssemi-automatically
in an architecture-neutralvay. They predict applicationrun-
time using propertiesof the architecture,the binary, and
the applicationinputs, and evaluatetheir predictionsagainst
measurementsollectedusinghardwareperformanceounters.

Carrington et al. [9] presentan automatedframewnork
for predictingscienti ¢ applicationperformanceBenchmark
probes are used to create machine pro les and generate
applicationsignaturesThey thenusea cornvolution methodto
map sighaturesonto machinepro les. The approachrequires
generatingseveraltraces andpredictionaccuray is dependent
on the tracesamplingrate.

Yang et al. [10] presenta cross-platform performance
translationapproachbasedon relative performancebetween
the original and target platforms. They obsene relatve per
formancethrough partial execution of a parallel application
by assumingthe code is iteratve and behaes predictably
over time. This obsenation-basedapproachdoesnot require
programmodeling,codeanalysis,or architecturalsimulation,
but is renderedless accuratefor different problem sizes or
degreesof parallelization.

I1l. MULTITHREADED SCALABILITY

This sectionpresentshe performancempact and enegy-
efciency analysisof using additional coresfor a range of
parallel applicationsfrom the scienti c domain.The recently
introduced quad-coreplatform we use is by no meansa
mary-core processqrbut our experimentalanalysisindicates
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that scalability bottlenecksexist for mary applications,even
at such a small scale.Our experimentalplatform is a Dell

Precision Workstation 390n running Linux kernel version
2.6.18.The particularmachinehasa single Intel Xeon quad-
core processo QX 6600). The processolis designedas two

dual-coreprocessorglacedon a single chip. As such,there
are two 4MB L2 caches,each sharedbetweentwo of the
cores.Hereafter we refer to the two coressharinga single
cacheas tightly coupled,and as loosely coupled otherwise.
Additionally, the systemhas 2GB of main memory and a
1066MHz frontsidebus.

In our evaluations, we use benchmarksfrom the NAS
Parallel Benchmarksuiteversion3.2[11] to representmodern
scienti ¢ applications.The codesareimplementedn eitherC
or Fortran, have beenparallelizedusing OpenMP and have
beenextensvely optimizedfor parallelismand locality [11].
We execute them under various levels of concurreng and
under speci ¢ bindings of the threadsto cores, performing
experimentswith ve differentthreadingcon gurations: rst,
a single threadboundto a single core (con guration 1), two
threadshoundto two tightly coupledcores(con guration 2a),
two threadsrunning on two loosely coupledcores(con gu-
ration 2b), three threads(con guration 3), and four threads
running on all four cores(con guration 4).

A. Analysisof Application Scalability

Figure 1 displays the execution time results of our ex-
periments.Many applicationsfail to scalebeyond using two
threadsexecuting on loosely coupled cores. In fact, of the
eight benchmarkspnly three (BT, FT, LU-HP) experience
substantialgains with the use of additional processorcores.
The remaining benchmarksfall into two cateyories: those
whose scalability curves atten after two cores, and those
who seelarge performancdosseswhenusingmorecores.We
examineeachclassof applicationsin turn.

Thethreeapplicationghatscalewell areinterestingbecause
they showv whatcanbe achiered on this architectureThe fact
that ary applicationscanimprove their performancehrough
the useof eachadditionalcoredemonstratethatscalingis not
inherentlylimited on this quad-corgrrocessqror on multicore
processordn general. Rather the problem stemsfrom the

Executiontimes by hardware con guration.

interactionbetweenparticularapplicationsandthe underlying
architectureThis group may provide insightinto the typesof
programbehaior that are amenableto multicore execution,
althoughsuchan analysisis beyond the scopeof this paper
Averagedover this classof application,a speedupof 2.37
timesis seencomparedo the sequentialexecutions.

The secondgroup of applicationsseeslittle performance
gain or loss executing on more than two cores (CG, LU,
and SP). Speci cally, CG seesa speedupof a factor of 1.95
by usingall four processorcores,however the samespeedup
is achiered with only two threadswhen executedon loosely
coupledcores.Overall, this classof applicationsexperiences
only a 7.0% average performanceimprovementfrom using
four corescomparedo two.

The nal group of applications,thosethat see substantial
performancdossesthroughthe use of more processorcores,
provides the most interestingresults. Both MG and IS see
their besttimes when two threadsare executedon loosely
coupledcores.The performanceof MG improves by 11.3%
when it usesfour threadscomparedto the sequentialexe-
cution, however the two thread execution is still faster by
14.0%. In contrast,IS is extremely communication-intenge
and bandwidth-sensite. The benchmarkruns at a 40.0%
performancdoss using four threadscomparedto one but its
performancamproves by 22.8% using two threads.The two
threadexecutionof IS on loosely coupledcoresis 2.04times
fasterthan on tightly coupledcores,which suggestghat the
destructve interferencein the sharedL2, and the resulting
memorybandwidthsaturationjs largely to blamefor the poor
scalability of IS on this machine.

Averagedover all of the benchmarkseffective scalingonly
occursup to two cores,with additionalcoresproviding little
to no gain. Theseresultssuggesthat this architectureis not
well suitedfor applicationsfrom the scienti ¢ domain.Poor
scalability obsered in theseexperimentsis not an artifact of
outdatedsystemsasresultsare obtainedon a state-of-the-art
systemlf next-generatiorprocessorgontainasmary coresas
generallyexpected,andthe needsof scienti ¢ applicationsare
not addressedhenthe increasectoncurreng will likely lead
to even poorerscalabilitythanthat obsered here.In the next
section,we addresghe power propertiesof the experimental
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platform and analyzethe consequencesf poor scalability on
the resultingenegy ef ciency.

Beyond the resultsfor whole programscalability we ob-
sene that the scalability of phaseswithin an application
vary greatly For example, Figure 2 presentslPCs for each
phaseof the SPapplicationwhenexecutingon eachthreading
con guration. The graph demonstratesvide variations, with
the maximumIPC for eachphaserangingfrom 0.32to 4.64,
andthe bestperformancesomingon all con gurationsexcept
thosewith threethreadsWe only shaw resultsfor SP dueto
spacdimitations, but this diversity existsfor otherbenchmarks
in similar proportions.lt is this heterogeneitythat motivates
usto performadaptatiorat the phasegranularity allowing for
potentially betterperformanceahanary single con guration.

B. Power and Enegy Analysis

Figure 3 presentspower and enegy characteristicof our
benchmarkgnote that the y-axis doesnot begin at zero). For
the ve runs over which we measureexecution times, we
also collect enegy consumptiondata using a Watts Up Pro
multimeter We computeaveragepower for eachapplication
via recordedexecutiontime andenegy consumptionNumbers
reportedhererepresent full systempower pro le, including
CPU, memory power supply and othercomponents.

Overall, we con rm that using more coresyields higher
power consumptionTotal systempower consumptioron four
coresis 14.2%higherthan on onecore. This is unsurprising,
sincemuch of processopower is dictatedby the actiity on
the processarHigher utilization with more concurreng will
generallyincreasepower, but the samecontentionresponsible
for poor scaling obsered above yields reducedpower con-
sumptionin several casesThis indicatesthat coresand other
processocomponentsemainidle for extendedtime intervals.
In such cases,measuringtotal systemenegy consumption
during executionprovidesinsightinto whetherthrottling cores
bene ts both executiontime and enegy.

Applicationsthat scalebestexperiencethe largestincreases
in power consumptionwith more cores, while those appli-
cationswith the poorestscalability see nggligible changein
power (even power reductions) ConsiderBT, which achieres
a factor of 2.69 speedupon four coreswith an associated
increasein power of a factor of 1.31, the largestof ary ap-

plicationin both respectsThis illustratesthe potentialenegy

ef ciency of multicorearchitecturesyith a decreasén enegy

consumptiorof a factorof 2.04. For scalableapplicationsthe

performancencreasds muchgreaterthanthe power increase,
and enepy efciency improveson more cores.

On the other hand, MG performs best on two loosely
coupledcoreswith aspeedumf 1.29,which alsorepresentgts
highest power-consumingthreadingcon guration. The min-
imal relatve decreasein power of 2.1% on four coresis
dwarfed by the 18.1% higherexecutiontime, so the resulting
enepy ef ciency onfour coresdropsoff considerablyFurther
IS is 2.04 timesfasteron con guration 2b thanon con gura-
tion 4, andconsumeslightly lesspower on fewer cores.These
poorly scalableapplicationsdemonstratehe potentiallossin
enegy efciency whenusingall available processorcores.

The nal group of applications,thosewith at scalability
cunes,simply fail to achieve increasesn enegy efciency on
this architecture Taken all togethey the suite of applications
experiencesa minor decreasef 0.7%in enegy consumption
scalingto four cores.Future generationsystemswith mary
coreswill be further proneto scalability limitations, as ap-
plicationswill have to scaleto more threadson architectures
with a reducedcompute-to-cacheatio [1].

IV. CONCURRENCY THROTTLING

We now describethe performanceprediction component
of ACTOR, our runtime systemthat dynamically throttles
concurreng to improve performanceand enegy ef ciency.
ACTOR adaptsapplicationsby identifying betterperforming
numbersof threadsand thread placementsfor each phase.
Phasesare collections of parallel loops or basic blocks as-
signed for execution to different threads.We focus on a
novel approachto concurreng throttling basedon runtime
performancepredictionusing ANNs on obsered performance
counterevent rates.

A. Overviav of Arti cial Neumal Networks

Machine learning studiesalgorithms that learn automati-
cally through experience.For our problem, we focus on a
particularclassof machinelearningalgorithmscalledarti cial
neul networks(ANNSs). Their mary previous usesinclude
microarchitecturaldesign space exploration [6], workload
characterizatiorj12], and compiler optimization[13]. ANNs
automaticallylearnto predictone or moretargets(here,|PC)
for a given setof inputs. We chooseANNs becausdhey are
e xible and well suitedfor generalizedhonlinearregression,
and their representationapower is rich enoughto express
comple interactionsbetweenvariables:ary function can be
approximatedo arbitraryprecisionby athree-layetANN [14].
They requireno knowledgeof the tamget function, take real or
discreteinputs and outputs,and deal well with noisy data.

An ANN consistsof layersof neuons or switching units:
typically, an input layer, one or more hidden layers,and an
outputlayer. Input valuesare presentedat the input layer and
predictionsareobtainedfrom the outputlayer. Figure4 shawvs
an example of a fully connectedfeed-forvard ANN. Every
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Fig. 4. Simpli ed diagramof fully connectedfeed-fornard ANN.

unit in eachlayer is connectedo all unitsin the next layer
by weightededges.Each unit appliesan activation function
to the weighted sum of its inputs and passesthe result to
the next layer Figure 5 [14] shavs a unit with a sigmoid
activation function. One can use ary nonlineay monotonic,
and differentiable activation function. We use the sigmoid
activation function for our models.

Training the network involves tuning edge weights via
backpropagtion, using gradient descentto minimize error
betweenpredictedand actualresults.In this iterative process,
thetrainingsamplesarerepeatedlypresentedttheinputlayer,
and the error is calculatedbetweenthe prediction and the
actual target. The weights are initialized near zero and are
updatedusing an updaterule (similar to the one shavn in
Equationl) in the direction of steepestiecreasen error As
weightsgrow, the network becomesncreasinglynonlinear

X @

wij A wij

@, 1)

Fig. 5. Exampleof a hiddenunit with a sigmoid activation function.

ANNSs have a tendeng to overt on training data,leading
to modelsthat generalizepoorly to new data despitetheir
high accurag on the training data. This is counteredy using
early stopping[15], where we keep aside a validation set
from the training data and halt training as accurag begins
to decreas®n this set. However, this meanswe lose someof
our training datato the validationset. To addresghis, we use
an ensemblemethodcalled crossvalidation to help improve
accurag and mitigate the risk of over tting the ANN. This
techniqueconsistsof splitting the training setinto n equal-
sizedfolds. Taking n=10, for example,we usefolds 1-8 for
training, fold 9 for early stoppingto avoid over tting, andfold
10 to estimateperformanceof the trained model. We train a
secondnodelon folds 2-9, usefold 10 for early stopping,and
estimateperformanceon fold 1, andso on. This generated0
ANNSs, and we averagetheir outputsfor the nal prediction.
EachANN in the ensembleseesa subsetof training data,but
the group as a whole tendsto perform better than a single
network becausall datahasbeenusedto train portionsof it.
Crossvalidationreduceserrorvarianceandimprovesaccurag
at the expenseof training multiple models.

B. ConcurencyThrottling Using Neural Networks

We model the effects of changingconcurreng and thread
placement.Hardware performancecounter values collected
during a brief sampling period at maximal concurreng be-
comeinput to our ANN ensemblethat predictsIPC for each
phaseon alternatve con gurations. The online sampleperiod
runs on as mary coresas available to representhe greatest
possibleinterferenceamongthreads andresultingpredictions
estimatethe degree to which contentionwill be reducedby
throttling concurreng. Our modeling approachproducesthe
following function for each desiredtarget con guration, T,
mappingobsenedeventrates(e ) onthesamplecon guration,
S, to IPC on the target con guration:

IPCr = Fr(IPCs;eus);: i €ns)) @)

ACTOR collectspredeterminegherformancecountervalues
for the samplecon guration and normalizesobsenred values



to the elapsedcycle counts,yielding an eventrate associated
with eachcounter The predictionmodule,which we develop
of ine, usestheserates as input. We sort predictions and
selectthe con guration with the highestpredictedIPC for the
correspondingporogram phase.We supportthe prediction of
performanceat phasegranularity as executioncharacteristics
are likely to vary considerablyfrom one phaseto another
within a single application [16]. Once a con guration is
selectedpur runtimelibrary ensuresll subsequengxecutions
of the phaseausethe choserconcurreng andthreadplacement.

We derive the prediction module from ANNs that we
train on the hardware counter values and IPCs from the
target con gurations. The performancecountersare selected
as a collection that representperformance-criticaresources,
such as cachesand buses.We choosetraining applications
representinga variety of runtime characteristicsasidenti ed
by the performancecounters During the shorttraining period,
patternsin effects of event rateson resultingtraining bench-
mark IPCs are obsened and encodedn the ANN models.

Our systemcurrently supportsapplicationsparallelizedus-
ing OpenMPandinstrumentedvith callsinto ACTOR. Parallel
regionsin OpenMPtendto have consistentexecutionproper
ties, and they also representthe nest granularity at which
the numberof threadscan be changedat runtime, therefore
we use them as program phases. ACTOR library calls are
addedat the beginning and end of each phaseto initialize
our runtime system,to collect performancecounter values,
to make performancepredictionsandto enforceconcurrenyg
decisionsmadefor eachphase.

We have previously experimented with both empirical
search-basefl7] andstatisticalprediction-basedi3] determi-
nation of concurreng levels. Eachof thesestratgjies suffers
from certaindif culties, andthe useof ANNSs in this contet
addresseghese limitations. The con guration identi cation
procesdor empiricalsearchind17] requiresthe onlinetesting
of a potentially large number of con gurations, which is
associateavith a large degreeof overheadhat canreducethe
gains through adaptation.While at most ve con gurations
would needto be testedon our experimentalplatform, future
generatiorsystemswith alarge numberof coreswould require
signi cantly more. Therefore the bene ts of prediction-based
adaptatiorrelative to searchingwill only grow in the future.

Regression-basednodels for performanceprediction, on
the other hand [3], have very low overhead.However, they
do require signi cant effort and machine-speci ctraining in
the derivation of effective modelsof performance[4]. This
laborintensive, machine-speci c training period may well
renderregression-basedpproachesnsuitablefor usein mary
contets. Sinceour approachautomaticallydevelopsa model
basedon a collection of sampleswithout requiring userinput
and domain-speci ¢ knowledge, the minor costs associated
with using ANNSs, alongwith the comparableonline overhead
of performancecountercollectionand model evaluation,may
male it more appropriatethan regression-basednodelsin a
larger numberof environments.
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V. RESULTS

A. Evaluationof ANN-basedPerformancePrediction

For our experimentakvaluationof ANN-basedperformance
predictionand concurreng throttling, we usedthe sameln-
tel quad-coreexperimentalplatform and benchmarksuite as
describedn Sectionlll. Performanceounterswere collected
usingPAPI version3.5. We useeachbenchmarkior evaluation
by trainingasmary modelsasthereareapplicationsgachtime
leaving one particularapplicationout of the training process.
In this way, we perform predictionfor eachapplicationwith
a modelthat hasnever seendatafrom the target application.
In practice,the model would generally be trained a single
time with a given set of training applications,and would
subsequentie usedfor ary desiredapplicationwith possible
re nementsto re ect datafrom the currentworkload.

In our evaluation of the ANN-based predictor we have
selecteda setof twelve hardwareeventsrepresentinghe cache
andbusbehaior of theapplication Our experimentabplatform
only allows the simultaneousrecording of two events. As
a result, we emplgy collection acrossmultiple timestepsto
record all necessarevents. However, several of our bench-
marks containvery few iterations,in which casethe sample
execution period can consumea signi cant fraction of the
overall executiontime, therebylimiting the potentialbene ts
of adaptationln responséo this situation,we limit thenumber
of monitoredtimestepgo at most20% of the total execution.
While reducingthe numberof countersusedin predictionwill
likely have someminimal effect on the prediction accurag,



the bene ts of using the improved concurreng level for a
larger percentagef executiontime is likely to outweighthe
negative effects on accurag. In the following evaluationwe
useareducechumberof eventsfor the applicationswith fewer
iterations(FT, 1S, and MG).

Figure 6 gives a cumulatve distribution function of the
error of our ANN-basedpredictor shaving the percentagef
sampleghatfall within increasinglyhigherlevels of obsened
error. Speci cally, we malke predictionsfor four targetcon g-
urations(1, 2a, 2b, and 3) and theseresultsare accumulated
over all predictionsmade.For eachsample erroris calculated
asj(I PCops i | PCpred)=IP Copsj. Overall, the medianerror
error is only 9.1%. Further 29.2% of the predictionsexhibit
errorsof lessthan5%.

An alternatve metric for evaluating the accurag of the
predictorin the context of concurreng throttling is the rate
at which the optimal con gurationis selectedFigure7 shawvs
the percentageof phaseswhere each ranking con guration
is selectedIn 59.3% of phasesthe single bestcon guration
is correctly identi ed, and the secondbest con guration is
selectedin an additional 28.8%.In only one caseout of 59
is the secondworst con guration selected,and the worst is,
in fact, never identi ed as optimal. Theseresultsshav that
ANN-basedperformancepredictionis effective at identifying
optimal or nearoptimal concurreng levels.

B. ConcurencyThrottling Evaluation

Figure 8 displaysthe resultsof our prediction-baseaon-
curreng throttling approachnormalized by the four core
execution,aswell asthoseof the alternatve executionstrate-
gies. We compareagainst using all available coresfor multi-
threadedexecution,which would normally be the default for
a performance-orientedeveloper We presentresultsfor two
approachesasedon the useof oracle-derred con gurations.
The one that we call the global optimal usesthe best static
con guration for an entire application.The second the phase
optimal, usesthe bestcon guration for eachphaseln eachof
thesecasesthis informationwould not normally be available,
however they sene as points of comparisonto evaluatethe
effectivenessof the library.

By using our approachfor low overheadidenti cation of
improved concurreng levels, we seean averageperformance
gain of 6.5% comparedo the default stratgyy of simply using
all available cores.Even BT, which scaledwell on the four
core machine,seesa substantialgain of 4.7% through our
phase-a/are adaptationstrateyy, which successfullyidenti es
phasesn BT that canbe improved by concurreng throttling.
Additionally, SP seesminor gains from more cores,however
ACTOR is ableto improve its performanceby 5.2%.

When comparedto the two oracle-denred stratgies, we
canseethat ACTOR falls shortof theseoracularapproaches,
comingin 2.5% and 4.9% slower on averagethan the global
andphaseoptimals,respectiely. This shavs potentialbene ts
of improving prediction accurag. Further reduced online
overheadof samplingis possibleon architecturesvith more

counterregistersto reducethe numberof rotationsnecessary
for event collection.

One surprising result is that no power is saved through
concurreng throttling, on average. We successfullyleave
coresidle, but it is likely that by changingthe binding of
threads,we are interfering with cachewarmth. This, in turn,
causesincreasesin bus and memory accessesthereby in-
creasingff-chip powver consumptionSo, while on-chippower
consumptionis reducedby small amounts,this is overcome
by the off-chip increase Thereare also casesas pointed out
in Sectionlll, where power is increasedthrough selecting
reduced threading con gurations with better performance.
Together these situationsresult in an average increasein
power consumptiorof 1.5%. However, giventhe considerable
improvementin executiontime, the total enegy consumption
goesdown by an averageof 5.2%.

A popular metric in powveraware HPC is enegy-delay-
squared(E D?2), which considerspower consumptionbut is
more in uenced by performance,commensuratewith the
heary emphasison performancein HPC. Given the large
improvementsin execution time, with very minor increases
in power consumptionyve experiencesigni cant reductionsn
E D2, saving anoverall 17.2%.However, it is clearthatfurther
gainsare possiblethroughthis approachasthe phaseoptimal
executionseesa 29.0%improvementcomparedo using four
cores. The most signi cant result occurs with IS, which
shaws that for applicationsthat scale poorly, concurreng
throttling is imperative to achieve enegy-efciency with a
71.6%improvementin ED?2.

VI. CONCLUSIONS

In this paper we have evaluatedthe scalabilityandenegy-
ef ciency of multithreadedscienti ¢ applicationson arecently
introducedintel quad-coreprocessarAs the numberof cores
per chip is continuing to increase,such a study is vital
to understandinghe future of both power-aware and high-
performancecomputing.We found that for a large portion of
our evaluationsuite, scalabilityis quite poor andthe resulting
enegy-efciency at high degreesof concurreng suffers asa
result. We improved the enegy-efciency for mary of our
applicationsby predictingthe optimal numberand placement
of threadsat runtime, and improved the average ED? by
17.2%. The succesof our approachis largely dueto a new
performanceprediction model basedon applying ANNs to
a set of performancecounterscollected online, which we
shav achieves high accurag in terms of IPC prediction as
well asidenti cation of the optimal threadingcon guration.
A major adwantageof our approachover existing work is
that, throughANNSs, we signi cantly reducethe end-useicost
without sacri cing accurag.
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