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ABSTRACT
Temperature-inducedreliability issuesareamongthe major chal-
lengesfor multicore architectures. Thermalhot spotsand ther-
mal cyclescombineto degradereliability. This researchpresents
new reliability-aware job schedulingandpower managementap-
proachesfor chip multiprocessors.Accurateevaluationof these
policies requiresa novel simulation framework that can capture
architecture-level effectsover tensof secondsor longer, while also
capturingthermalinteractionsamongcoresresultingfrom dynamic
schedulingpolicies.Usingthisframework andasetof new thermal
managementpolicies, this work shows that techniquesthat offer
similar performance,energy, andevenpeaktemperaturecandiffer
signi�cantly in their effectson theexpectedprocessorlifetime.

Categoriesand SubjectDescriptors
C.4[Performanceof Systems]: ModelingTechniques

GeneralTerms
Reliability

1. INTRODUCTION
Themicroprocessorindustryhasmovedto chipmultiprocessing

to enablethe scalingof performancebeyond the limits of unipro-
cessorexecution.As thechipareashrinks,thepowerdensitygrows
for new processtechnologies,causinghighertemperatures.There-
fore,oursuccessat�nding waysto pro�tably usetheavailabletran-
sistorshasa cost,aswe arenow facedwith signi�cant challenges
in managingthe power and thermaleffectson thesechips. High
temperaturesincreasethe costof cooling,degradereliability, and
reduceperformance.

A numberof mechanismsfor thermalcontrolarecurrentlyavail-
able for multicoreprocessors—includingjob scheduling,job mi-
gration, dynamicvoltageand frequency scaling,etc. This paper
presentsaframework for evaluatingtheeffectivenessof thesetech-
niquesin variouscombinations,andpresentseffectivenew policies
for managingthermaleffects.

The primary goal of managingtemperatureis to prevent pro-
cessorfailure. This researchis focusedon hard failures(which
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causepermanentdamageto theunderlyingcircuit), andthephys-
ical andelectricalphenomenathat inducethem. Silicon devices
have a numberof failuremodesthatareimpactedby temperature,
andin somecasesthesemodesareat odds: thermalmanagement
techniquesthatreducetherateof onefailuremodemayexacerbate
another. In fact,we show that techniquesthatarenearlyidentical
in performance,power, andevenpeaktemperaturecandiffer by a
factorof two in expectedprocessorlifetime. Therefore,it is crit-
ical that we have a modelof power, temperature,andparticularly
reliability thatincorporatesall critical failuremodes.Thispaperin-
troducessuchanintegratedmodelingframework, shows thatsome
policieshave unintendedconsequenceswhenall sourcesof failure
areconsidered,andproposesnew policiesthatprovide signi�cant
gainsin processorlifetime with little lossin performance.

Most power andthermalmanagementtechniqueshave focused
primarily on controllingpeaktemperature.Althoughseveral types
of failuresclearlyscalewith thepeaktemperature,thatfactoralone
doesnotaccuratelymodelall typesof failures.Otherfailures,such
as cracksand fatiguefailures,are creatednot by sustainedhigh
temperatures,but ratherby therepeatedheatingandcoolingof sec-
tionsof theprocessor. This phenomenonis referredto asthermal
cycling. The particularfailuresthat our infrastructuremodelsin-
cludeelectromigration,time dependentdielectricbreakdown, and
thethermalcycling-inducederrorsmentionedabove. Failing to in-
cludethermalcycling in the failure modelcanleadto misleading
resultsandhighly suboptimaltemperaturemitigationstrategies.

Modeling thermalcycles is dif�cult. The primary challengeis
the needto accuratelymodel thesesystemsover the timescales
which thermalcycles occur. This far exceedsthe ability of cur-
rentprocessormodelingtechniques,which typically simulatesys-
tem behavior at instructionor cycle level. Therefore,we intro-
ducenew performancemodelingmechanisms,integratedwith our
power, thermal,andreliability models,thatallows accuratemodel-
ing of executionbehavior over tensor hundredsof seconds.Being
ableto captureall thethermalfailureeffectsis critical to anaccu-
rateunderstandingof processorlifetime. We show, for example,
thatsomeproposedmechanismsthatappearto improve reliability
if thermalcycling effectsareignoredactuallyhave theoppositeef-
fect whenthermalcycling is takeninto account.

In this work, we de�ne severalnew schedulingandpower man-
agementpolicies.This researchshows thatthemostcritical factors
for increasingprocessorlifetime with acceptableperformanceare:
(1) The asymmetricthermalcharacteristicsof the cores(coresin
thecenterhaving verydifferentpropertiesthanthoseon theedges,
etc.);(2) Thefrequency of migration,which canbothinhibit sleep
statesandcausethermalcycling. Ourmosteffectivepolicy thatem-
ploys voltage/frequency scaling,aswell asour bestonethat does
not, bothaccountfor thelocationasymmetryandreducethenum-



berof threadmovements.We presentnew schedulingpoliciesthat
candecreasethefailurerateby a factorof two (overnaive manage-
ment),with aperformancecostof lessthan4%.

This paperis organizedas follows. Section2 discussesrecent
work in thermalandreliability management.Section3 describes
the integratedperformance,power, thermal, and reliability sim-
ulation framework. We provide the details of the experimental
methodologyin Section4, and explain the thermalmanagement
techniquesin Section5. A thoroughevaluationof thetechniquesis
presentedin Section6, andwe concludein Section7.

2. BACKGROUND AND RELATED WORK
In this sectionwe provide an overview of previously proposed

dynamic thermalmanagement(DTM) techniques,and also sim-
ulation methodologiesfor modelingperformance,power and re-
liability. Many of the DTM techniquesare reactive in nature—
dependingon sensorsto indicate temperaturesbeyond assigned
thresholds,andadaptingtheprocessorto eitherreduceor migrate
activity to bring thetemperaturedown.

Brooks and Martonosi [4] introducedthe conceptof dynamic
thermalmanagementin reactionto thermalmeasurements.Some
thermalmanagementtechniquesstall executionor migratecompu-
tationto otherunitsto controltemperature.A well-known example
of suchtechniquesis clock gating,which freezesall dynamicop-
erationsuntil thethermalemergency is over, causingtypically sig-
ni�cant performancecost. Clock gatingis implementedin Intel's
Pentium4 [13].

Donaldetal. [10] proposeadynamicthermalmanagementtech-
niquefor simultaneousmultithreading(SMT) architectures.Their
techniqueselectively managesthe executionof integeror �oating
point intensive threadsto preventhot spotsin theregister�les. To
identify integeror �oating point intensive threads,hardwareevent
countersaresampledduring execution. In activity migration,the
heat is spreadby moving computationto a different location on
thedie. Migration canhappenat multiple levels: from onecoreto
another[14], or within acore[28].

Existingredundancy in asuperscalarpipelinecanbeutilized for
controlling temperature[24]. In this technique,thepower density
is controlledby balancingthe utilization of issuequeues,regis-
ter �les andALUs. Fetchgatingalternatesbetweenfetchingand
stalling fetch in order to reducethe activity andpower densityin
the pipeline. Skadronet al. introducea feedbackcontrol loop to
controlthedutycycle for fetch-gating[28].

Anotherclassof thermalmanagementtechniquesusedynamic
voltageandfrequency scaling(DVFS,wherethesystemis ableto
alter theprocessor's frequency andsupplyvoltagedynamically)to
respondto thermalemergencies[28]. DVFScanusedifferentnum-
berof stepsfor theglobalvoltageandfrequency settings,ranging
from two in Intel'sSpeedSteptechnologyto 40for theIntelXScale.

In hybrid thermalmanagement[27], for mild levels of thermal
stressfetchgating(wherewe stall fetch,but allow otherstagesof
thepipelineto proceedwith previouslyfetchedinstructions)is used
asthe responsemechanism.Whenthe overheadof the fetch gat-
ing increasesandinstructionlevel parallelism(ILP) cannotsuf�-
ciently hide the ill performanceeffect, DTM switchesto DVFS.
Another hybrid DTM techniqueminimizes the performanceim-
pact by proactive useof software techniqueslike thermal-aware
processschedulingcombinedwith reactive useof hardwaretech-
niquessuchasclock gating[19]. Donald,et al. evaluatevarious
combinationsof DVFS, clock gating(i.e., stop-go)andmigration
for managingthe temperatureof multicoreprocessors[11]. They
show that distributedDVFS combinedwith threadmigrationpro-
videsthebestperformanceamongdifferentalternatives.

Priorworkhasalsoinvestigatedlow overheadtemperature-aware
task schedulingat the operatingsystemlevel for multiprocessor
system-on-chips(MPSoC)[8], andtheauthorsproposedanadap-
tiveprobabilisticpolicy addressingbothtemperaturevariationsand
hot spots. The adaptive schedulingtechniqueis combinedwith
threadmigration or DVFS to further improve thermal behavior.
Murali, et al. [22] proposea techniquethatassignsfrequenciesto
differentcoresin anMPSoCto guaranteemeetingthethermalcon-
straints. In the of�ine phase,the set of feasiblefrequenciesfor
different temperatureand workload constraintsare calculatedby
solvingconvex optimizationmodels.At run time, themanagement
policy selectsthe appropriatefrequency valuesthat meetthe cur-
rentworkloadsandoperatingconditions.

In Heat-and-Run[12], the authorsproposea DTM solutionfor
chip multiprocessorswith SMT cores.SMT threadassignmentis
usedto maximizeprocessorresourceutilization by co-scheduling
threadsthatusecomplementaryresourcesbeforecooling is neces-
sary. In this way thecostof threadmigrationis reduced.

Few papersin thethermalmanagementliteraturehave takenre-
liability explicitly into account.Reliability managementhasbeen
mostlyaddressedpreviously asa way of optimizingthepoliciesor
architectureat design-time.TheReliability-AwareMicroprocessor
(RAMP) providesa reliability modelat the architecturelevel for
temperaturerelatedintrinsic hardfailures[30]. It analyzestheef-
fectsof applicationbehavior on reliability andoptimizesthearchi-
tecturalcon�guration and the voltage/frequency settingstatically
(at designtime) to meetthe reliability target. Previous work also
shows thataggressive power managementcanadverselyaffect re-
liability dueto fastthermalcycles,andoptimizationmethodsthat
considerreliability constraintscan provide energy savings while
improving theMPSoClifetime [25].

To thebestof our knowledge,a simulationframework to evalu-
atethereliability impactof dynamicmanagementpoliciesin a fast
andaccurateway hasnot beenintroducedpreviously. The Sim-
Pointtool [26] alsoaddressestheproblemof longsimulationtimes,
but it providesclusteringanalysisto identify a few representative
pointsthat canbesimulatedto predicttheperformanceof theen-
tire application. Instead,we want to capturethe entire behavior
ratherthansummarize.However, we useSimPoint's phaseiden-
ti�cation mechanismto capturea completephasetraceaspart of
our simulationprocess.Biesbrouck,et al. [1] useindividual pro-
gramphaseinformation(acompletephasetracenotunlikeours)to
guidemultithreadedsimulation. This is accomplishedby creating
a Co-PhaseMatrix, which representsthe per-threadperformance
for eachpotentialcombinationof thesingle-threadedphasebehav-
iors thatoccurwhenmultiple programsarerun together. Although
RAMP [30] alsointegratesanarchitecture-level performancesim-
ulatorwith a power modelanda thermalsimulator, it doesnot in-
cludethephase-basedapproachwe introduced.Using our frame-
work, we areableto simulatemuchlongerperiodsof real-lifeexe-
cutionin reasonablesimulationtime.

3. A NOVEL FRAMEW ORK FOR MULTI-
CORE RELIABILITY MODELING

This areaof researchpresentsnew methodologicalchallenges
that requiretools andsolutionsradically different thantraditional
architecturalinvestigation.This sectiondescribestheentiresimu-
lationinfrastructure,but with afocusonthetwo mostnovel aspects
of theframework,whicharethelongtime-frameperformancemod-
elingandtheintegratedreliability model.

3.1 Overview
For a studysuchas this one, it is critical that we have a fully
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Figure1: DesignFlow

integratedperformance,power, and thermalmodel of the entire
chip multiprocessor. This is becausewe aremodelinginteractive
schedulingtechniquesthat observe the temperatureand possibly
power characteristicsof the processorandmake schedulingdeci-
sionsaccordingly. For example,it is impossibleto completelyde-
coupletheperformanceandthethermalmodels.However, full in-
teractive architecture-level simulationis alsonot possible,as just
a singlesimulationat thesetime framescorrespondingto several
minutesof realexecutiontime couldrequiremonthsto complete.

Our simulationframework is shown in Figure 1. The perfor-
mancemodelingfront-endcombinesa full-programphasepro�le
combinedwith detailedarchitecture-level simulationof every dis-
tinct programphaseat all possiblefrequency settings,including
both performanceand power characteristics. This characteriza-
tion all goesinto a databasethat canbe queriedas the full CMP
simulationprogresses.In this way, we can model the effects of
changingfrequency, stoppingor migratingjobs,etc.,without fur-
ther architecture-level simulation. After schedulingdecisionsare
madeandtheresultingperformanceandpower dataproduced,we
canmodeltime-varyingtemperatureeffectsacrosstheentirechip.
Thetemperaturecurvesarethenfedinto thereliability models,pro-
ducingtheexpectedfailurerates.

3.2 Long-Term PerformanceModeling
To accuratelymodelthereliability of thesystemincludingther-

mal cycling effects,we needto capturetemporalthermalbehavior
over time periodsordersof magnitudelongerthantypically mod-
eledin architecturalsimulation. At thesametime, we would like
to capturevarious typesof effects that the architecturalsimula-
tion provides; e.g.,workload-dependentutilization of speci�c ar-
chitecturalstructuresandtheir impacton power andtemperature,
the time-varying behavior of individual applications,etc. This re-
quiresthedevelopmentof new simulationtoolsandmethodologies
notcurrentlyavailable.

We initially use SimPoint [26] to capturethe phasesof each
application. But insteadof capturingoneor a few representative
phases,we useit to capturea completephasepro�le of eachap-
plication,beginningto end.Then,usingtheM5 performancesim-
ulator [2] integratedwith theWattchpower modelingtool [5] and
utilizing a �nite numberof simulationsamplesfor eachphase,we
canreconstructthepower andexecutionpropertiesof thecomplete
program.In fact,we do this for all voltageandfrequency settings
available,sothatwe canreconstructthecompleteprogramevenin
thefaceof anarbitrarynumberof voltage/frequency changes.

We capturetheseprogramtracesin a databasewhich can be
queriedby the ScheduleManagerat distinct intervals. Given a
programstartpoint, an interval length in cycles,anda frequency
setting,the querytool returnsthe averageinstructionsper second
(IPC) andpower levelsacrosstheinterval, andthepoint in execu-
tion theprogramreachesattheendof theinterval. Thus,atruntime,
the schedulingmanagercan make decisionsaboutthreadmigra-
tion, threadstoppage,or voltage/frequency changes,andquerythe
databaseto modelthepreciseeffects.

This framework relieson two simplifying assumptionsthat are
critical to makingthis problemtractable.The �rst is that the time
constantsover which temperaturevariesdo not requireus to fully
capturecycle-by-cycle variancesin the temperatureportion of the
model. The instruction-level variationsarecapturedin theperfor-
mancemodel,but only summarizedin thelatterstages.Thisallows
us to replacethe cycle-by-cycle datawith a stair-stepgraph,pre-
sentingperformanceandpowerbehavior asconstantat theaverage
valuesover individual intervals.This way, we capturetheprogram
behavior with little lossof accuracy.

Thesecondassumptionis thatthebehavior of individual threads
is separable.This is accuratebecausewe modelsystemswith pri-
vate L2 caches,which is a likely architecturalscenarioin future
systems[21]. At 16 coresand above, the interconnectcost of a
sharedcachewould beextremelyhigh. This assumptionhasbeen
usedanddemonstratedto be accurateeven on researchthat does
not requirethis typeof long simulation[20]. Evenwith thesmall
corecountsin currentmulticores,the AMD dual-coreandquad-
coreOpteron,theIBM Power6,andthecomingIntel Nehalempro-
cessorall have privateL1 andL2 caches.For sharedL2 caches,
interactionsbetweenthreadswill be higher and system-level ac-
curacy will be reduced. However, recentresearchon multicore
cachinghasfocusedonreducingthoseinteractions[16], andin the
extreme,theproposedtechniquescouldbecon�gured to make the
sharedcachesessentiallyactasprivatecaches.Thus,even in that
scenariowe canrepresenta reasonablesystemaccurately. This as-
sumptionmakesit dif�cult to modelparallelapplicationswith any
signi�cant communicationbetweenthreads,if thatcommunication
impactstheruntimecharacteristicsof theapplication.

3.2.1 PhaseModeling
We usedSimPoint[26] to identify thevariousphaseswithin the

applicationsand to characterizecompleteprogramexecution. A
program'sexecutionis dividedinto intervalsof 100million instruc-
tions. Oncewe assigneachinterval to a representative phase,we
representa program's executionby a Phase-IDtrace[1]. Thus,at
any instructionduring a program's execution,we usethis �le to
determinethecurrentphaseandto identify pointsof transitionbe-
tweenphases.

By runningsimulationsat eachphasepoint in M5 andcompos-
ing performance/power statisticswith the Phase-IDtrace,we cre-
atebothapowerandaperformancetrace.Theschedulingmanager
thenaccessesthesetracesvia thequerytool.

3.2.2 PowerModelingandManagement
Power modelingrequirescouplingtheexecutiontracesobtained

from M5 with atool thatcomputesthepowerconsumptionfor each
functionalunit. This couplingconverts the performanceparame-
ters(e.g.,cacheaccesses,branchpredictions,etc.) into estimates
for transistorswitching, and then the power model utilizes these
estimatesfor calculatingtheinstantaneouspower values.

Transistorsconsumepower whenthey switchoutputvalues,but
they alsoleakpower evenwhenthey do not switch. Theformer is
referredto asdynamicpower, andhistorically hasbeenthe dom-
inant factor; however, as technologyshrinks, leakagepower be-
comesincreasinglyimportant. We utilized Wattch[5] for the dy-
namicpower modelingof coresin our framework. We integrated
Wattchwith M5 to providedynamicandcycleaccuratepowermea-
surementsfor eachapplication.To modelpower dissipationof L2
caches,we usedCACTI [34] (anintegratedmemoryperformance,
area,leakage,anddynamicpower model)andobtainedthe typi-
cal power consumptionof a memoryblock with thegivensizeand
properties,andthenusedthesevaluesthroughoutthesimulation.



Wedevelopedapowermodelfor 65nmbyscalingtheparameters
within Wattchto matchpublishedpower valuesfor 65nmtechnol-
ogy. Thevariationin dynamicpower rangewe observed matches
thepower distribution on a similar core[15], on which themajor-
ity of applicationshadlessthan16%power dissipationdifference
from the other applications. Among the applicationssampledin
thatdistributionweretheSPECsuite,which we usein thisstudy.

We computethe leakagepower of CPU coresbasedon struc-
tureareas,temperature,andsupplyvoltage.For the65nmprocess
technology, we assumea leakagepower densityof 0:5W=mm2 at
383K [3]. To accountfor thetemperatureandvoltage,we usedthe
second-orderpolynomialmodelproposedby Su,et al. [33]. This
modelcomputesthechangein leakagepower for thegivendiffer-
ential temperatureandvoltagevalues. We determinedthe coef�-
cientsin thepolynomialmodelempiricallyto matchthenormalized
leakagevaluesin thepaper. This modelis foundto matchclosely
with measurements[33], andwefoundtheleakagevaluesproduced
werein line with expectedvalues(i.e., 30–40%of the total power
consumption)basedon thetechnology.

One of the techniqueswe investigateto managepower is Dy-
namicPower Management(DPM). DPM putscoresin sleepstate
to saveenergy. Weimplementeda �x edtimeoutpolicy [18], which
is oneof thecommonlyusedDPM policies.For eachcore,thepol-
icy waitsfor a timeoutperiodwhenthecoreis idle, andthenturns
off thecore.This is to ensurethatwe donot turnoff coresfor very
shortidle times,whereturningoff thecorewould not amortizethe
costof transitioningto andfrom the sleepstate. The time period
to amortizethecostof going to sleepis calledthebreakeven time
(tbe). Weassumeasleepstatepower valueof 0.05W, andbasedon
the active andidle power dissipationvalueswe computedthe t be

to bearound200ms.A simpleandeffective way to setthetimeout
periodis t timeout = tbe [18].

3.3 Thread Managementand Thermal Mod-
eling

Weimplementedaschedulingmanagerwhichenablesthesimu-
lation of a largearrayof threadmanagementpolicies. Themech-
anismsavailable for managingtemperatureinclude adjustingthe
frequency/voltageof acore(DVFS),puttinganidle coreinto alow-
powersleepmode(DPM),migratingcomputationoff of ahotcore,
andpolicies that stopactivity on a hot core(i.e., clock- or fetch-
gating).We presentthespeci�c policieswe modelin Section5. In
eachpolicy, theschedulingmanagermakesa setof decisionsafter
eachschedulinginterval, andit may incorporateperformanceand
thermalinformation from the prior interval. After making those
decisionsfor eachthreadandcore, the schedulingmanagerthen
queriesthe performancedatabaseto obtainthe power andperfor-
mancebehavior of eachcoreover thenext interval. Oursimulation
samplingintervals(50ms)areshorterthanaschedulinginterval, so
therewould bemultiple exchangeswith theperformancedatabase
beforeanotherschedulingdecisionis made.

Sincethe schedulingmanagerkeepstrack of performanceand
power information,it alsohastheresponsibilityof modelingcom-
plex phenomenasuchas the delay from threadmigrations. The
modelsimulatestheeffectson power andperformancefor thefol-
lowing phenomena:threadmigration,DVFS,startinga new appli-
cationonacore,coresleep,andcorewakeup.Theassumptionswe
madefor severalof thedelaysmodeledarepresentedin Table1,but
oneof themorecomplex phenomenadeservesspecialattention.

We modeledtwo aspectsof thecostof threadmigrationamong
cores. We measuredthe software overheadin M5's full system
modeasthetimefor Linux to migrateathreadfrom onecoreto an-
otheridle coreandto startexecution.This threadmigrationtakes

Parameter Model Value
SamplingInterval 50ms
ThreadMigrationDelay syscalldelay+ coldstarteffects
DVFS Delay syscalldelay+ 20E-6s
WakeupDelay 25ms
ApplicationStartupDelay syscalldelay+ coldstarteffects
TransitionPower 10W
(to andfrom sleepstates)

Table1: Delayand Power Model Assumptions

Parameter Value
Die Thickness 0:1mm
CoreArea 14:44mm 2

L2 area(total of 2 banks) 10:56mm 2

ConvectionCapacitance 140J/K
ConvectionResistance 0.1K/W

Table2: HotSpot Parameters

lessthan3.0 �s . We alsoattributedarchitectureoverheadto cold
starteffects in the branchpredictor, caches,TLBs, etc. We mea-
suredcold starteffectsby inducingmany randommigrationsfor
eachbenchmarkandcomputingthe averageloss in performance.
The averagelosswas204 �s , but variedwildly by benchmark—
i.e., from 2 to 740 �s . Note that cold start effectsdominatethe
migration penalty. To addressthe highly variableoverhead,we
modeleda distinctmigrationpenaltyfor eachbenchmark.

Automatedthermalmodelingrequirespower tracesfor eachunit
as input, in addition to the chip andpackagecharacteristicssuch
asdie thickness,heatsink convection properties,etc. Therefore,
we feedthedetailedpower tracederivedby thecombinationof the
schedulingmanagerandthe performance/power databaseinto the
thermalmodel. We modi�ed HotSpotVersion4.0's [28] (block
model)settingsto modelthethermalcharacteristicsof the16-core
die. We usedthe steadystatetemperatureof eachunit asthe ini-
tial temperaturevalues.We summarizetheHotSpotparametersin
Table2. We calculatedthedie characteristicsbasedon the trends
reportedfor 65nmprocesstechnology[14].

Thedescribedmethodologyallows us to do full-programsimu-
lation with simplelookupsof sampledsimulationdata. This sac-
ri�ces someaccuracy. However, the rate at which temperature
changestypically dwarfs the time of evencompletephases,sowe
would expect this techniqueto actually sacri�ce little accuracy.
We validatedour methodologyby comparingthe resultswith di-
rectM5/ Wattchpower output.For eachphasesimulationpoint of
eachSPECbenchmark,we ranM5 andWattchfor 500msof sim-
ulatedexecutionandgatheredpower statisticsevery 500�s . We
comparedthe power statisticsof M5/Wattchandour framework,
andwe foundthatour phase-basedapproachhas1.8%errorover-
all. Table3 shows the detailedresultsfor the benchmarks.bzip2
with inputsetprogramhadthelargestaverageerrorof 3.0%.

The low error margin in our power computationmethodology
translatesto even lower error in temperaturecomputationbecause
of thethermaltimeconstants.Toverify theaccuracy of ourmethod-
ology in termsof thetemperatureresponse,we experimentedwith
bzip2,asit hasthehighestpowererrormargin. Figure2 showsone
particular(worstcase)datapoint—thetemperaturetracefor a core
runningbzip2 andthengoing to sleepstate,on a systemrunning
12 bzip2 threads.The “M5/Wattch” thermaltracecorrespondsto
the detailedpower tracesampledat 500�s , andthe “phase”trace
is the thermaloutputof runningthesameworkloadandusingour
power computationmethodology. We observe thatthetracegener-
atedwith our methodologycloselymatchesthe tracesampledat a



Benchmark AverageErr or Benchmark AverageErr or
parser 0.023 facerec 0.022
applu 0.021 gcc_166 0.020
art110 0.016 fma3d 0.024
swim 0.018 mcf 0.011
galgel 0.015 gap 0.020
twolf 0.009 vpr_route 0.017
mesa 0.027 ammp 0.015
lucas 0.009 bzip2_program 0.030
vortex1 0.018 equake 0.029
sixtrack 0.011 eon_rushmeier 0.018
apsi 0.014 crafty 0.018

Overall: 0.018

Table3: Power Estimation Err or of Our Front-End Tool Com-
paredwith respectto M5/Wattch

� �

� �

� �

� �

� � � � � � � � � � � � �
� �� � �� � � �

�
��

	
�


��




�
��

�
��

���
���

	 � 
� � 

� �
� � � � �

Figure2: Comparisonof TemperatureResponsesfor bzip2, Us-
ing Two Simulation Methodologies.

highergranularity. As bzip2 is oneof the mostpower-variantap-
plications,therestof thebenchmarksdemonstrateevenlessdiffer-
ence. Becausethermalcycling effectsareinsigni�cant unlessthe
temperaturevariationsaremorethana few degrees,theseresults
aremorethanaccurateenoughto capturebothtemperature-induced
andcycle-inducedeffects.

Oncewe generatea full thermaltrace,we usethis traceasinput
to our reliability modeldescribedin thenext section.

3.4 Reliability Modeling
Our work targetstemperature-inducedreliability problems.Our

simulationandmodelingframework allowsusto evaluateschedul-
ingpoliciesbasedontheirsuccessin reducingthefailureratedueto
thermalhotspotsandthermalcycles.Achieving alowerfailurerate
increasesthe mean-time-to-failure,which is the expectedlifetime
of the circuit. The most commonlystudiedtemperature-induced
intrinsichardfailuremechanismsareelectromigration,timedepen-
dentdielectricbreakdown, andthermalcycling [17, 30].

Electromigration (EM) occursin interconnectsasaresultof the
momentumtransferfrom electronsto ionsthatconstructthe inter-
connectlatticeandleadsto hardfailuressuchasopensandshortsin
metallines. TheEM failure rate(� E M ), basedon Black's model,
is givenin Equation1. In theequation,Ea is theactivationenergy,
k is theBoltzmann'sconstant,T is thetemperature,J andJcr it are
thecurrentdensityandthe thresholdcurrentdensity, respectively,
andA0 is amaterialdependentconstant.Werepresentthe�rst half
of theequationwith the term� 0

E M , which canbeconsideredasa
constant(anaveragetechnology/circuitdependentvalue).

� E M = A 0 (J � Jcr it ) � n e( � E a =k T ) = � 0
E M e( � E a =k T ) (1)

Time dependentdielectric breakdown (TDDB) is a wear-out
mechanismof thegatedielectric,andfailureoccurswhenaconduc-
tivepathis formedin thedielectric.TDDB is causedby theelectric
�eld andtemperature,andthefailurerateis de�ned in Equation2.

Similar to the EM failure rateequation,we use� 0
T D D B to repre-

sentthe�rst half of theequation.BothEM andTDDB failurerates
areexponentiallydependenton temperature.

� T D D B = A 0e
 E ox e( � E a =k T ) = � 0
T D D B e( � E a =k T ) (2)

Thermal cycling (TC) is causedby thelargedifferencein ther-
malexpansioncoef�cients of metallicanddielectricmaterials,and
leadsto cracksandotherpermanentfailures.Thethermalcycling
effect is modeledby the Cof�n-Mason equation[17]. Slow ther-
mal cycleshappenbecauseof low frequency power changessuch
as power on/off cycles. Fast cycles occur due to eventssuchas
power managementdecisions. Although lower frequency cycles
have generallyreceived more attention, recentwork shows that
thermalcyclesdue to power or workload variationscan alsode-
gradereliability [23, 25]. Thefailureratedueto thermalcycling is
formulatedasin Equation3.

� T C = C0 (� T � � To) � q f (3)

In this equation,� T is thetemperaturecycling range.Theelas-
tic portionof the thermalcycle is shown as� To . Elasticthermal
stressrefersto reversibledeformationoccurringduringacycle,and
� To shouldbe subtractedfrom the total strain range. Typically,
� To << � T [17], so the � To componentcanbedroppedfrom
theequation.C0 is a materialdependentconstant,q is theCof�n-
Mansonexponent,andf is the frequency of thermalcycles. Note
that theCof�n-Manson equation[17] computesthenumberof cy-
cles to failure. Therefore,the MTTF (in years)is the numberof
cyclesmultipliedby theperiodof thecycles.

Computingthe frequency of cycles is not straightforward in a
simulationof an irregular, dynamicsystem.To resolve this prob-
lem, we observed the recenttemperaturehistory on eachcore to
compute� T andf . We set the initial lengthof the history win-
dow to 5 seconds,andadjustedthe lengthdynamicallydepending
on how many cycleswereobserved. For example,if no tempera-
turecycleswereobserved in the last interval, we incrementedthe
historywindow lengthto captureslower cycles.� T is thetemper-
aturedifferentialwe observed in the last interval. We seta higher
bandof 80% anda lower bandof 20% of the temperaturerange
recordedin the last interval, andcountedthenumberof timesthe
temperatureexceededthe higher band or went below the lower
band,andusedthat to calculatethe numberof cycles in this pe-
riod. In this way, we couldaccountfor the contribution of cycles
with varyingtemperaturedifferentialsandvaryingperiods.

To combinethe failure rates,we usedthe sum-of-failure-rates
modelasin RAMP [30]. This modelassumesthatall the individ-
ual failure ratesareindependent.Mean-time-to-failure (MTTF) is
1=� for constantfailure rates;therefore,we averagedthe failure
rateobserved throughoutthe simulationandcomputedthe corre-
spondingaverageMTTF. The averageMTTF value reportedfor
65nmtechnologyis 7 years[32].

For moderatetemperaturesat 65nm technology, Srinivasan,et
al. [31] demonstratethat the contribution of electromigration,di-
electricbreakdown, andcycling to theoverall failureratearesim-
ilar to eachother. This allows usto calibratetheconstantsin each
failureequation(� 0

E M , � 0
T D D B , andC0) to give a systemMTTF

of 7 yearsat nominal temperature.We usedthe sameconstants
all throughoutthe experiments,which meansthat the relative im-
pactof different failure mechanismsmight changedependingon
the conditions. For example,if the temperatureis high, thenthe
effect of EM or TDDB is higherthanTC.
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Figure3: Floorplan of the 16-core CPU

CPU Clock 2.0Ghz
ICache 64KB 2-way @1ns(2 cyc)
DCache 64KB 2-way @1ns(2 cyc)
L2Cache 2MB 8-way @10ns(20cyc) (2 banks)
Memory Latency 100ns(200cyc)
Branch Predictor 21264-styletournamentpredictor
Issue out-of-order
ROB 128entry
IssueWidth 4
Functional Units 4 IntAlu, 2 IntMult, 2 FPALU, 2 FPMultDiv
PhysicalRegs 128Int, 128FP
IQ entries 64
Vdd 1.2V
DVFS Settings 100%,95%,85%

Table4: Ar chitectural Parameters

We alsoexaminedthermalgradients,which referto thetemper-
aturedifferencesamongdifferent locationson the die. However,
we do not explicitly include the effects of gradientsin our over-
all reliability model. This is becausealthoughthermalgradients
caninduceharderrors,their primaryeffect is on device latencies,
which are thenmanifestedasan increasein timing errors,rather
thanhardfailures.

4. METHODOLOGY
This sectiondescribesotherdetailsof our simulationinfrastruc-

turethatimpacttheresultsshown in thefollowing sections.These,
in general,aredetailsthatarerelatively independentof our frame-
work describedin Section3 andeasilychanged,suchasthe pro-
cessorcoremodel,theworkload,etc.

The M5 Simulator's [2] out-of-orderexecutionmodel is based
onSimpleScalar3.0[6], andprovidesadetailedmodelof anAlpha
21264processor. Anticipating continuedscalingof core counts,
the CPU we model is a 16-coremultiprocessormanufacturedat
65nm. The �oorplan for this CPU is provided in Figure3. Each
corehasout-of-orderissue,a privatedatacache,instructioncache,
L2 cache,andmemorychannels.Eachcorepossessesthreevolt-
ageandfrequency settingsfor dynamicvoltage/frequency scaling:
1.200V at 2.0GHz, 1.187V at 1.900GHz,and 1.06V at 1.7GHz
which representDVFS settingsof 100%(original), 95% (step-1),
and 85% (step-2),respectively. The architecturalparametersof
eachcorearedepictedin Table4.

Creatingrepresentativeworkloadsis achallengein a16-coreen-
vironment. To assistthis process,we classifyall SPEC2Kbench-
marksin termsof their variability andmemoryboundedness(dis-
cussedbelow). ThedistinctionbetweenCPU boundandmemory

boundapplicationsis particularly importantin this studybecause
it impactshow performancescalesasthe frequency changes.We
modelboth homogeneousandheterogeneousworkloadsin terms
of the applications'CPU or memoryboundedness.As our exe-
cution model doesnot extend to parallel programs,the homoge-
neousworkloadsstandin for bothhomogeneousserver-typework-
loadsandparallelapplicationswith few stallsfor communication.
However, our homogeneousandheterogeneousmultiprogrammed
workloadsbestrepresenta server environment,wheretheaverage
lifetime of theprocessorcansigni�cantly affect overall costs.

We usetheratio of memory-bustransactionsto instructionsasa
metric to classifyapplicationsasmemoryor CPU-bound,assug-
gestedby Wu et al. [35]. We classifyapplicationsalongseveral
other dimensions. By constructingour workloadsfrom applica-
tions with differentphasevariability, power savings potentialand
CPU/memoryboundedness,we seekto representa wide rangeof
realworld workloads.

Table 5 describeseachworkload. We model workloadswith
12–16threads—ourCMP architectureis constructedto not have
thermalissueswhenlightly loaded,which is theexpectedbehavior
for the next few processorgenerations.We constructboth homo-
geneousandheterogeneousworkloads,andCPU-bound,memory-
bound,andmixedworkloads.Themixedworkloadscontainappli-
cationsfrom both extremes,aswell assomein the middle of our
categorization. In the time frameswe model,several of theappli-
cationscompleteexecution. In thosecases,we continuallyrestart
the applicationat the beginning to get consistentbehavior across
theexperiment.

A commonperformancemetricon multicoreplatformsis a raw
countof IPC. However, this metricgivesundeserved biastowards
high-IPCthreadsasperformancemaybeincreasedby runningmore
CPUboundthreads.To circumventthisdif�culty , weusedtheFair
SpeedupMetric (FS) [7, 29]. FS is computedby �nding the har-
monic meanof eachthread's speed-upover a baselinepolicy of
runningthethreadat thehighestfrequency andvoltage.

Althoughsomeapplicationscompletemultiple timesduringour
simulations,we computeFS in sucha way that theoverall contri-
butionof eachapplicationis thesame.

5. RELIABILITY -AWARE SCHEDULING
Thesimulationandmodelinginfrastructuredescribedallows us

to designandevaluateseveral job allocationandthermalmanage-
mentstrategies. We divide thesetechniquesinto threecategories,
thosethat changewhat is runningon a core(via gatingor migra-
tion), thosethat continueto executethe samethreadbut change
speed(via DVFS),andhybridsthatcombinethetwo types.

Eachof thesemethodscanbe integratedwith DynamicPower
Management(DPM) aswell. DPM turnsoff coresafter they have
beenidle for a given timeoutperiod. Theschedulingandthermal
managementpolicies evaluatethe systemcharacteristicsat every
schedulingperiod,andmake a decisionaccordingly. In all cases,
theschedulingtick is setto every 200ms.The thresholdtempera-
turefor all thetemperature-triggeredpoliciesis 85oC. Thedefault
policy keepsthe initial assignmentof jobs to cores�x ed, andno
workloadmigrationor voltage/frequency scalingoccurson the�y .

5.1 Migration and Gating SchedulingPolicies
Thesetechniquesattemptto move computationoff of hot cores,

eithervia migrationor stalledexecutionasa responseto a thermal
event(high temperature)or asa matterof policy.

Stop_Go[11] runseachcoreat thedefault (highest)frequency
andvoltagesettinguntil a corereachesthe thermalthreshold.At
thispoint, thecoreis stalledandtheclock is gatedto reducepower



Wkload name Description CoresUtilized Benchmarks
hom_16_cpu HomogeneousCPUBound 16 sixtrack*16
hom_16_mem HomogeneousMEM Bound 16 mcf*16
het_16_cpu HeterogeneousCPUBound 16 mesa*3,bzip2_program*3,crafty*2, eon_rushmeier*3,vortex1*2, sixtrack*3
het_16_mem HeterogeneousMEM Bound 16 mcf*4, art110*4,equake*3, gcc_166*3,swim*2
het_16_mix HeterogeneousMIX 16 mcf*2, mesa,art110,sixtrack*2,equake, bzip2_program,eon_rushmeier*2

swim,applu,twolf, crafty, apsi,lucas
het_12_cpu HeterogeneousCPUBound 12 mesa*2,bzip2_program*3,crafty*2, eon_rushmeier*2,vortex1*1, sixtrack*2
het_14_cpu HeterogeneousCPUBound 14 mesa*2,bzip2_program*3,crafty*2, eon_rushmeier*2,vortex1*2, sixtrack*3
het_12_mix HeterogeneousMIX 12 mcf*2, mesa,art110,sixtrack*2,eon_rushmeier*2,swim,crafty, apsi,lucas
het_14_mix HeterogeneousMIX 14 mcf*2, mesa,art110,sixtrack*2,equake, eon_rushmeier*2,swim,twolf,

crafty, apsi,lucas

Table 5: Workload Characteristics
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Figure4: Thr eadAssignmentStrategy for BalanceLocation

consumption.If thecore's temperaturegoesbelow thetemperature
thresholdin the next samplinginterval, executioncontinues.We
assumethateachcorecanbeclock-gatedindividually.

Migration sendsjobsthathave exceededa thermalthresholdto
thecoolestcorethathasnotbeenassigneda new threadduringthe
currentschedulingperiod. If the coolestcoreselectedis already
running a job, we swap the jobs amongthe hot and cool cores.
This techniquecanbe thoughtof asanextensionof core-hopping
or activity migrationtechniques[12, 14] to thecaseof many cores
andmany threads.

Balanceassignsjobswith thehighestcommittedIPCduringthe
last interval (i.e., betweenthe last two schedulingticks) to cores
thathave thelowesttemperature.Thisschedulingidearepresentsa
moreproactive form of migrationin whichthreadsaredynamically
assignedto locationsbeforethermalthresholdsnecessitateaction.

Balance_Locationis similar to balance,but insteadof assigning
the threadswith the highestcommittedIPC to the coolestcores,
it assignsthemto coresthat areexpectedto be coolestbasedon
location. The coreson the corner locationsof the �oorplan are
expectedto bethecoolest;theremainingcoreson thesidesareex-
pectedto be thesecondcoolest;andthecoresin thecenterof the
�oorplan arehottest. This is becausethe temperatureof a coreis
a resultnot only of activity on that core,but alsoon the activity
of its neighbors:highernumberof active neighborsresultsin hot-
ter cores. Figure4 shows the strategy we usedto assign16 jobs
(j 1 to j 16 ) to cores,wherethejobshavedecreasingcommittedIPC
(I PC1 > I PC2 > ::: > I PC16 ). Whereasthe optimal alloca-
tion of threadsto coresmight diverge from the allocationshown
in the �gure dependingon the IPC differenceamongthreads,this
allocationgenerallyresultsin temperaturecharacteristicscloseto
thebestallocation.With this schemeand14 threads,for example,
coreslabeledj 15 andj 16 in this �gure would alwaysbeidle.

Wealsoexperimentedwith heuristicsthatchoosea thread'snext
core allocationbasedon the temperatureof the thread's current
core(e.g.,move the threadon thehottestto thecoolestcore),but
theseheuristicsperformedpoorly. In multicorearchitectureslike
the one we model, location is a more signi�cant factor than the

executioncharacteristicsof the threadsin determiningcore tem-
perature.Thus,thosetechniquesendedup constantlymoving jobs
betweenhotandcold cores.

5.2 Methodswith Voltage/FrequencyScaling
This setof techniquesrely exclusively on dynamicvoltageand

frequency scalingto controlthermaldynamics.They differ in how
andwhenDVFS is applied.

DVFS-Threshold(dvfs_t) reducesvoltageandfrequency (V/f)
one stepat a time when a core's temperatureexceedsa thresh-
old. After reducingtheV/f to thestep-1(95%)setting,if thecore
is still above the thresholdin the next schedulinginterval, dvfs_t
usesthestep-2(85%)setting.Whena core's temperatureis below
the threshold,the V/f settingis increased,againonestepat each
schedulinginterval.

DVFS-location(location_dvfs)usesa �x edV/f settingfor each
core, and thereis no dynamicscalingat runtime. As the center
corestendto heatup morequickly, the four coresin thecenterof
the �oorplan have the85%setting.Thecornercoresaretypically
the coolestcores,hencethey usethe 100%(original) V/f setting.
The restof the cores(i.e., the eight remainingcoreson thesides)
have the95%setting.

DVFS-Performance (dvfs_perf) reducesthe voltageand fre-
quency dynamicallyon a coredependingon the memorybound-
ednessof the currentapplicationphase.Previously, it wasshown
thatCPU-intensive tasksdo not gainmuchin termsof energy sav-
ings from runningat low frequencies;andconversely, it is bene�-
cial to run memory-boundtasksat a lower frequency [9], astheir
performanceis muchmoretolerantof frequency scaling. DVFS-
Performanceseeksto reducetheoverallchiptemperaturewith min-
imal performancecostby proactively scalingback thoseapplica-
tionsthatareleastimpacted.

To determinethe memory-boundphases,we usea cycles-per-
instruction(CPI) basedmetric,� , asde�ned by Dhimanet al. [9].
It comparestheobservedCPI with a potentialCPI we might have
gottenwithout memoryevents. If the � is nearone,the applica-
tion is CPU-bound.If it is low, theapplicationis memory-bound.
Note that � can also take negative values. Analysis on our own
applicationsetcon�rms thatthis metrictracksextremelywell with
performancedegradationin thepresenceof DVFS.

If the� observedin thelastinterval is lessthan-0.8,thenweuse
the85%setting,andwe �nd lessthan6%performancelossduring
thosephases.If � 0:8 < � < 0:5, weapplythe95%setting,which
induceslessthan 5% loss in performance.For � > 0:5, we do
not performany V/f scaling. When� > 0:5, if we usedthe85%
scalingfor CPU-boundapplications,the performancelosswould
bein therangeof 12–15%.

DVFS-Performance_Threshold(dvfs_perf_t) behavesexactly



likedvfs_perfunlessacorereachesa thermalthreshold.If thetem-
peratureexceedsthe thresholdon a core,thenthepolicy activates
dvfs_tto reducethetemperatureon thatcore.After thecore's tem-
peraturereturnswithin threshold,we switchbackto dvfs_perf.

This techniquewins if by proactively slowing a threadthat is
tolerantof frequency changes,it canenablea nearbythreadthat is
not sotolerantof frequency changeto foregoa DVFS slowdown.

5.3 TechniquesCombining Workload Alloca-
tion and DVFS

In investigatingtheinteractionof schedulingandDVFSpolicies,
we employ Balance_Locationto representtheschedulingpolicies.
It hasusefulpropertiesin termsof bothreliability andperformance.
It doesonly enoughmigration to �nd the best location for each
thread,thenonly migrateswhenapplicationcharacteristicschange.

Balance_Location& DVFS-Thresholdworks by initially us-
ing Balance_Locationto assignpotentiallyhotterthreadsto cooler
locationson thedie. If this techniquefails to keepa givencoreun-
derthespeci�edthreshold,thecoreemploysdvfs_tuntil it is under
thethermalthreshold.

Balance_Location& DVFS_PerformanceusestheBalance_-
Locationpolicy to allocatejobsto cores,andrunsdvfs_perf_tat the
sametime to decideon theV/f settingsof thecores.

Balance_Location& DVFS-Location assignsthe locationV/f
settingsasin thelocation_dvfspolicy to cores,andperformsBalan-
ce_Locationfor allocatingthethreads.Thistendsto havetheeffect
of assigningthe most memory-boundthreadsin the centerzone,
which runsat the85%setting.

Balance_LocationusesIPC in assigningthreadsto locations.
Whencombinedwith DVFS, we mustaccountfor the V/f andits
effect on the measuredIPC. Thus, if a coreis runningat a lower
V/f setting,we scalethemeasuredIPC basedon the averageper-
formancehit observedat thatV/f level.

6. EXPERIMENT AL RESULTS
In this sectionwe demonstratethat the framework we proposed

allows us to evaluatea large setof previously proposedandnew
schedulingalgorithms,in termsof performance,power, tempera-
ture, andprocessorlifetime (reliability). We show that having a
fully integratedmodel,includinga reliability modelthataccounts
for all themajorcausesof temperature-inducedhardfailures,sheds
somenew light onCMP scheduling.

Section5 identi�ed a wide assortmentof threadmanagement
policies. In evaluatingthosepoliciesin variousexecutionscenar-
ios, this sectionattemptsto sort out the key issuesfacingthe de-
signerof a multicorethreadmanagementpolicy, suchas: (1) how
to properlycombinescheduling/migrationpolicies,DVFSpolicies,
and DPM policies; (2) how to addresspeaktemperatureeffects
without exacerbatingthermalcycling; (3) whetherto usereactive
or proactive DVFS policies;and(4) how to addressthermalasym-
metriesin thechipmultiprocessor.

We grouptheexperimentsin four majorcategories.Section6.1
looks at full core utilization scenarioswith a varying numberof
memory-boundandCPU-boundthreads,using the � ve 16-thread
workloadsfrom Table5. For theseexperiments,threadsareinitially
placedon the coresrandomly(i.e., with neithera clearly goodor
badinitial allocation). Section6.2 examinessystemsthatareless
thanfully utilized,with 12 or 14 jobs(i.e., 2 or 4 idle cores).Sec-
tion 6.3takesadeeperlook attheconsequencesof theinitial alloca-
tion of idle cores.Finally, Section6.4 investigateshow reliability,
performance,andenergy vary whenthesystemhasDPM capabil-
ities, andwhich schedulersbestcomplementDPM to achieve the
desiredtrade-offs for reliability, energy, andperformance.

To deliver a fair comparison,we presentthe energy and per-
formanceof the policies in addition to reliability (mean-time-to-
failure). This is in lieu of trying to createa singlearti�cial metric
thatcapturesall three:suchuser-de�ned metricsaresusceptibleto
providing resultsthat arespeci�c to the assumptionsmadewhile
creatingthemetricor while weighingtheindividual parameters.

We normalizedall resultsin thefollowing sectionswith respect
to thedefaultcaseof no thermalmanagement(i.e.,all threadsrun-
ning full speedon the initially assignedcores).Hence,they-axes
in our MTTF, performance,temperatureandenergy plotsdemon-
stratethenormalizedvaluesfor theseparameters.Thisallowsusto
evaluateeachpolicy on thesamescale.

Srinivasanet al. [32] reportedthe averageMTTF of the SPEC
suitesimulatedfor 65nmat 1.0V of supplyvoltageas7 years,and
our modelis calibratedto thesamevalue.However, if thereliabil-
ity modelwasre-calibratedto assumea shorteror longerMTTF,
the policieswould still displaythe sametrends;only the absolute
numberswould changedependingon processtechnology, baseline
MTTF, andthesystembeingmodeled.Therefore,we show results
basedon the% changein MTTF values,ratherthanabsolutenum-
bers,sothatthedependenceontheabsolutecalibrationis minimal.

6.1 Full CoreUtilization
Sections6.1.1to 6.1.3examinethecasewhereall coresareac-

tively runningthreads.

6.1.1 TechniquesUtilizing WorkloadAllocation
This sectionanalyzesthe workload allocationpolicies' ability

to improve thermalcharacteristics.The policiesthat we analyzed
in this sectionincludeStop_Go, Migration, Balance, andBalan-
ce_Location. The resultsin Figure5, which arethe averageval-
uesfor all the 16-threadworkloads,indicatethat Migration, Bal-
ance, andBalance_Locationhave little impacton reliability in this
scenario—thisis becausecoresarefully utilized andmostof our
workloadsarehighly homogeneous.

In the oneheterogeneousworkload,the effect is still small. In
thatcase,theBalanceandBalance_Locationpolicieseachimprove
reliability by 4.4%with minimal impact(lessthan1%) on perfor-
mance,energy, andaveragetemperature.Thus,in the absenceof
idle cores,thesepoliciesarelesseffective thantheoneswith volt-
ageandfrequency scaling,which wediscussin Section6.1.2.

TheStop_Gopolicy wasnotablydifferentthanthepoliciesdis-
cussedabove,asit hastheability to coolacoreevenin theabsence
of idle cores. Stop_Goimproved the MTTF by 65%, but with a
hefty 52% decreasein performanceanda 69% increasein energy
consumption.Averagetemperatureof the processorwasreduced
by 8%. TheStop_Gopolicy is proneto creatinglargetemperature
variationsdueto switchingamongactive andidle states.However,
thefrequency of stalling/resumingexecutionwashigh enoughthat
thetemperaturevariationswereof a relatively low magnitude,and
the reliability of thecorewasdominatedby the thermalhot spots
only (i.e.,no signi�cant increasein cycling-basedfailures).

6.1.2 Techniqueswith Voltage/FrequencyScaling
Figure 6 shows the effect of the DVFS policies on reliability

whenthecoresarefully utilized. DVFS hasa muchmoresigni�-
cantimpactthantheworkloadallocationpolicies,dueto its ability
to reducetemperatureevenin thefaceof full utilization.

In particular, we�nd severalkey insightsin theseresults.First,it
is importantto alwayskeepaneyeonpeaktemperature.dvfs_perf,
by selectively choosingwhich threadsto scale,sacri�cesvery little
in performance,but doeslagabit behindin MTTF in comparisonto
otherDVFS policies. This is becauseit ignoresthermalwarnings.



Figure5: Comparisonof Workload Allocation Techniques

dvfs_perf_treactsuponreachingathresholdaswell, andasaresult
losessomeperformance,but it hasoneof thelowestfailurerates.

Second,we seesigni�cant bene�tsof proactive techniquesover
traditionalreactivetechniques.It is interestingto notethattheother
DVFS policiesbeatdvfs_talongall axes,which is particularlysur-
prising on the performancefront. This is surprisingbecause(1)
dvfs_tonly scaleswhen it has to, and (2) the other DVFS poli-
ciesdefault to dvfs_tuponreachingthethresholdtemperature.The
reasonthatotherDVFS policiesperformbetteris thatproactively
scalinga thread(whoseperformanceis tolerantto scaling)reduces
the temperaturein thatarea,andoftenpreventsotherneighboring
threadsfrom reachingthethreshold.

Third,weseethatit is critical thatourthreadmanagementpolicy
understandsthe inherentthermalasymmetryof themulticoresys-
tem (an asymmetrythat will exist, in all likelihood,for any mul-
ticore greaterthanfour cores). The policy that provides the best
balanceamongall threemetricsis location_dvfs, with afailurerate
that is half of thebaselineanda minimal performanceloss(3.8%
of default). To further investigatethis point, we comparedloca-
tion_dvfswith homogeneousproactive scaling: all coresat 85%
DVFSandall coresat95%DVFS.AmongtheseDVFStechniques,
location_dvfsstill demonstratethebesttrade-off point. The95%-
DVFSresultimprovedperformanceover location_dvfsby lessthan
1%, but gave up 25% in processorlifetime. The 85%-DVFS in-
creasedreliability signi�cantly, but morethandoubledtheperfor-
mancecostcomparedto location_dvfs.

Ourtechniquesareeasilyadaptedto othersourcesof asymmetry,
suchasprocessvariations,aslongaswecanquantifytheeffectsof
suchvariationson thethermalandpower propertiesof eachcore.

6.1.3 Hybrid Techniques
We examinethehybrid techniquesin this section,andshow the

resultsin Figure 7. Whenwe comparethehybrid policiesagainst
the DVFS basedpolicies, we seethat DVFS-basedpolicies are
improved little by combining them with job allocation policies.
Again, this is dueto the limited gainsfrom reorganizingrunning
threadsona fully utilizedsystem.

6.2 Impact of Partial Utilization
It is expectedthat mostmulticoresystemswill be utilized less

than100%mostof the time. This is trueespeciallyfor theCMPs
in theserver domain.To evaluatethe impactof schedulingmech-
anismson reliability when somecoresare idle, we usedthe 12
and14 threadworkloadsdescribedin Table5: a CPU-boundand
a mixed CPU-bound/memory-boundworkloadfor eachof the 12
and14 threadcases.Theresultsrepresenttheaverageof theCPU-
boundandmixedcasesfor the12and14threadexperiments.At the
beginningof eachsimulation,wedecidedwhichcoresto leave idle

Figure6: Comparisonof DVFS-BasedTechniques

Figure7: Comparisonof Hybrid Techniques

by choosingtheallocationwith thelowestpeaktemperature.Once
wedeterminedtheactivecores,weperformedtheinitial placement
of threadson thesecoresrandomly.

We �rst focus on the casewith 14 active threadsin Figure 8.
Although this utilization is closeto the full utilization examples
exploredin Section6.1,theimpacton thereliability of thevarious
policieschangessigni�cantly.

Policieswith frequentworkloadre-allocation(i.e.,Balance, Mi-
gration) result in poorerreliability with respectto the otherpoli-
cies. The Balancepolicy assignsjobs to coresbasedon tempera-
tureratherthanlocationandoftenmistakesa corethat is cool now
for a corethatwill staycool in the future. Migration policiesthat
focusheavily oncurrenttemperaturesareproneto thistypeof error.
TheMigrationresulthasthesameissue.Policiesthatmigratemore
thannecessaryhave two distinct reliability disadvantagesover the
othertechniques.First, migratingtoo oftenwill tendto thwart the
DPM manager, which doesnot put a coreto sleepuntil it hasbeen
idle for awhile. This increasesthetimecoresspendrunningathot-
ter temperatures.Second,migrationcausesthermalcycling. This
was the dominantcauseof the low MTTF results,as the power
variationsbetweenidle andactive statescreatecyclesof a signi�-
cantmagnitude.We examinetheeffectsof migrationsin detail in
Section6.4.

TheStop_Gopolicy achieves1.25timesimprovementin MTTF.
However, thiscomesatthecostof adrasticperformanceandenergy
cost. AlthoughStop_Gocouldbeutilized effectively asa back-up
policy for thermalemergenciesto guaranteethattemperaturedoes
notexceeda givenpeakvalue,it is inef�cient if usedfrequently.

Among the DVFS policies,dvfs_perfachieves the bestperfor-
manceof lessthan2% degradation,while location_dvfsresultsin
thelongestsystemlife time with a 69%improvement.Thehybrid
policy Balance_Location&location_dvfsseemsto provide thebest
trade-off point amongthe policiesas it achievesalmostthe same
MTTF aslocation_dvfswith betterperformanceandlower energy
consumption.The reasonthe hybrid schedulingpoliciesstill pro-
vide only smallgainsover DVFS policiesaloneis thatwe startthe
experimentswith anoptimalplacementof idle cores.We examine
this furtherin Section6.3.

We expectthat astechnologyscalingcontinues,the bandwidth
for performing voltagescalingwill decreasedue to the leakage
power and transistorthresholdvoltagelimitations. This situation
will requireothermechanismsfor managingpower andtempera-
ture. Balance_Locationis our bestcandidatefor workloadalloca-



Figure8: Effect of SystemUtilization (2 Idle Cores)

Figure9: Effect of SystemUtilization (4 Idle Cores)

tion, asit signi�cantly increasesreliability with negligible perfor-
manceloss.

Figure9 showsthe12-coreutilizationresults.Becausechiptem-
peraturesare lower overall, the magnitudeof potentialreliability
gainsis reduced.In fact,policiesthatonly reactto thermalthresh-
olds seeno activity in this scenario(e.g.,Migration, dvfs_t, etc.)
and they give the sameresultsas the default policy, as the core
temperaturesdo notexceedthethreshold.Policiesthatproactively
look for opportunitiescanstill improve processorlifetime signi�-
cantly, andevenBalance_Locationprovidessmallgains. Policies
that proactively migratebasedon current temperature(Balance)
make mistakesandcreatethermalcycling.

6.3 Effect of Initial Idle CoreLocations
In this section,we examineeachpolicy's ability to adaptto dif-

ferentinitial workloadmappingsontheprocessortopology. For ex-
ample,whathappenswhenthe initial mappingof threadsto cores
is highly suboptimal?This couldhappenwith a topology-ignorant
scheduler(a likely scenarioearlyon),or justbecauseof jobsenter-
ingor leaving thesystem.Weexaminedseveralwaysof performing
theinitial allocation:bestpossible,worstpossible,andanin-order
placementof jobson cores.

Thebestcase,i.e.,thecasewith thelowestpeaktemperature,for
12activethreadsis leaving thecentercores(5,6,9,10)idle,andfor
14 active threadswhencores6 and9 areidle. Theworst caseoc-
curswhenthecornercoresareidle. Speci�cally, theworstcasefor
a systemwith 12 active coresis leaving thecores0, 3, 12, and15
idle. Similarly, when14 coresareactive, leaving two of thecorner
coreson theoppositesidesidle, suchascores0 and15, represent
theworstassignment.Thein-order initial assignmentallocatesall
availablethreadson thecoresstartingfrom core0 ascending.This
methodinitially leavescores12–15idle when12 threadsareac-
tive, andcores14–15idle with 14 threadsareactive. Thein-order
methodattemptsto model a naive schedulerthat assignsjobs to
coresusinga �r st-availablestrategy.

We have observednotabledifferencesin reliability betweenthe

experiments. For example, the policy dvfs_perf_texperiencesa
15%reductionin MTTF in comparisonto thebestallocationwhen
eitherthe worst or in-order idle corelocationsareused. This de-
creasein reliability is comparableto the default policy's 20% re-
duction in MTTF when using the in-order and worst caseinitial
assignments.

On the other hand,whendvfs_perf_twas combinedwith Bal-
ance_Location, we were able to achieve a level of reliability to
match that of the optimal initial placement. This indicatesthat
oneof themajorrolesof theallocationpolicy is reassigningthread
topologiesto assistother policies that optimally set core voltage
andfrequency. Thus, in a real CMP system,it is critical to com-
bineaconservativemigrationtechnique(i.e.,onewhichavoidsun-
necessarymigrationsanddoesnotcreatecycling) with DVFStech-
niques. In the absenceof an intelligent migrationandscheduling
policy, it is dif�cult to avoid detrimentalcon�gurationsover time.

6.4 Interactions with Power Management
Dynamic power management(DPM) takes advantageof pro-

longedcore idlenessto put the core into a sleepmode. In sleep,
thepower consumptionof thecoreis greatlydiminished.Eachof
thepoliciespresentedis compatiblewith dynamicpower manage-
ment,but someareableto useDPM opportunitiesbetter. Taking
a closerlook at two extremes,we �rst examinetwo policies,Mi-
gration andBalance_Location&location_dvfsfor the het_12_mix
workloadwith 12CPUandmemoryboundthreads.Comparingthe
thermaltracesfor MigrationandBalance_Location&location_dvfs
(Figure 10), the Migration policy suffers signi�cant thermalcy-
cle variations. For Migration, we demonstratethe thermalcycles
observed on two coresdueto frequentre-allocationof workloads.
For the Balance_Location&location_dvfspolicy, we show all the
cores' thermaltraces,andobserve that eachcore's temperatureis
stableandlower thanthethreshold.

This stability along with a lower peak temperatureresultsin
signi�cantly higher reliability. Balance_Location&location_dvfs
turnsout to be thebestpolicy whenpairedwith DPM, andit pro-
videsan increasein MTTF of 36%over Migration, while theper-
formancedifferenceis only 1.5%. Sowe seethatschedulingpoli-
cieswhich effectively managethreadlocationsandDPM policies
canreduceprocessortemperaturesandimprove reliability. At the
sametime, DPM can also lead to greaterthermalcycling which
cancounteractsomeof theMTTF gainsthat resultfrom thelower
power levels of sleepingcores.Theadverseeffect of DPM on re-
liability dueto thermalcyclesis alsoemphasizedin previouswork
[25]. Thus,whenwe include the effectsof thermalcycling fail-
ures,we observe that the traditional assumptionsfor �nding op-
timal strategiesareincomplete;it would be wise to re-designthe
DPM policieswith a reliability perspective.

DespiteDPM's possibleimpact on reliability, we do see(Fig-
ure11) thateven in thefaceof this cycling phenomena,DPM was
anoverallwin for all policieswith theexceptionof Balance. In this
�gure, weshow theaverageresultsoverheterogeneousCPU-bound
workloads.ThereasonthatBalancereceivednobene�t from using
DPM is its proactive mechanismthatkeepsmoving hot threadsto
coldercores.Theresultis thatnocoreis idle longenoughto trigger
thesleepmode. On theotherendof thespectrum,Migration and
Balance_Locationshow gainsof 27% and20% in MTTF for the
averagecaserespectively. The reliability improvementin DVFS-
basedtechniquesare lessprominentand rangebetween4%–8%
MTTF increase.

Thepolicy Stop_Goreceivesa largebene�t in energy from using
DPM mechanisms,reducingpower consumptionby 27% in com-
parisonto theno-DPMcase.If confrontedwith adesignchoicethat



Figure10: (a) CyclesCausedby the Migration Policy; (b) StableThermal Pro�le of Balance_Location& location_dvfs

Figure11: MTTF and Energy Effectsof DPM

requiresthesimplicity of Stop_Go, DPMcouldhelpregainmuchof
theenergy lost from theconstantstartandstopof individual cores.

In Table6 weshow thenumberof migrationsandnumberof V/f
settingchangespersecondfor thepoliciesto provide a morecom-
pleteunderstandingof theruntimebehavior. Thepoliciesthatare
not listeddo not utilize migrationsor DVFS.Thecolumnsmarked
asALL, corner, center, andsidereferto theaveragenumberacross
all cores,acrossonly thecornercores,centercoresandsidecores,
respectively. The resultsarewith DPM, and for the CPU-bound
heterogeneousworkloadwith 14 threads(i.e., 2 idle cores). Mi-
gration has a signi�cantly higher numberof threadmovements
in comparisonto other policies: almost3 times more than Bal-
ance_Location. The low migrationcountof Balance_Locationis
a result of its ability to matchthe performancecharacteristicsof
applicationswith thethermalbehavior of cores.Comparedto Bal-
ance_Locationonly, combiningBalance_Locationwith DVFS in-
creasesthe frequency of migrations,asthe temperaturepro�le of
the coresvary more when their V/f settingsaredynamicallyad-
justed.AmongtheDVFSpolicies,dvfs_perfhasthelowestnumber
of changesasit only alterstheV/f settingof applicationstolerant
to operatingat a slower speed.Also, dvfs_perf_treducesthe fre-
quency of changesin comparisonto dvfs_tasit proactively adjusts
theV/f settingandtriggersthethermalthresholdfewer times.

To betterunderstandthe tensionbetweenthe different failure
mechanisms,Figure12 presentsa breakdown of the contribution
of different failure typesto reliability. This �gure demonstrates
thenormalizedaveragefailureratefor our two bestandtwo worst
policies(i.e., best/worst in termsof their averageMTTF results).
Theworkloadfor thisexperimentis theheterogeneousCPU-bound
workloadwith 12 threads.Recallthat the failure rateis inversely
proportionalto MTTF. This �gure shows that Balanceand Mi-
gration reducethe probability of failuresdue to electromigration
(EM) anddielectricbreakdown (TDDB). If we ignoredthe effect

Migrations
ALL corner center side

balance 4.76 4.75 5.00 4.65
migration 7.66 8.36 5.00 8.66
balance_loc 2.73 1.25 1.60 4.03
balance_loc&dvfs_t 3.65 3.85 2.10 4.33
balance_loc&dvfs_perf_t 3.64 3.86 2.10 4.30
balance_loc&loc_dvfs 3.54 3.70 2.20 4.12

V/f SettingChanges
dvfs_perf_t 2.98 2.60 0.80 4.20
dvfs_perf 0.83 1.40 0.00 1.00
dvfs_t 3.40 3.60 0.40 4.80
balance_loc&dvfs_t 3.64 4.40 1.10 4.53
balance_loc&dvfs_perf_t 3.58 4.00 2.00 4.20

Table6: Number of Migrations and V/f Changes(per Second)

Figure12: Contrib utions of Failur eMechanisms

of thermalcycles,wewouldconcludethatreliability hadincreased.
However, becauseof thenumberof threadmigrations,they create
large thermalcycles(TC). TheLocation_dvfsandthe hybrid Bal-
ance_Location&Location_dvfspolicies,on theotherhand,reduce
the failure ratescausedby thermalhot spotswithout introducing
a signi�cant amountof thermalcycling failures. Note that in the
default case,asthereis no workloadre-allocation,temperatureis
stableandnocyclesareobserved.

7. CONCLUSIONS
Thispaperanalyzeshow job schedulingandpower management

policiesaffectsystemlifetime. It demonstratesa novel CMPsimu-
lation framework which is ableto simulatethermaldynamicsover
far longertimeperiodsthantypicalarchitecturalsimulators,athigh
accuracy. It evaluatesa numberof techniquesin termsof their ef-
fect on reliability, temperature,energy, andperformance.

The resultsin this paperprovide several key insightsthat will
serve uswell in thedesignof futurethermalmanagementpolicies:

� It is critical to considerthermalcycling effects in addition to
peaktemperatureeffects. We saw two policiesthaterroneously
appearto increaselifetime whenthermalcycling wasignored.

� Thermalcycling is not a signi�cant effect in a fully utilizedsys-
tem,asthevariancein power betweenrunningthreadswasnot



shown to besuf�ciently highto causeharmfuleffects.However,
whencoresareidle, it is importantthatwemanagetheidle cores
in a way thatdoesnotexacerbatethermalcycling.

� Conservative policies that minimize migrationnot only reduce
thermalcycling, but alsomaximizeour ability to exploit sleep
statesvia DPM.

� Understandingthermalasymmetries,whichareeitherdueto the
layout of the processoror due to processvariation, is critical
to effective thermalmanagement.Not understandingthermal
variancecausesmuchunnecessarymovementbecausewe can-
not discernbetweena hot threadanda hot core. Understanding
thethermalvarianceallowsusto employ anasymmetricthermal
policy thataccountsfor andevenexploits thatasymmetry.

� Proactive techniquesthatapplyDVFS to frequency-tolerantap-
plicationscanraisethe performanceof the entiresystem.This
is somewhatnon-intuitive,asthefrequency-tolerantapplications
arealsothecoolestapplications.However, by lowering overall
temperatureschip-wide, this allows the hot applicationsto run
longerwithout triggeringthermalevents.

In futurework, we will beaddressingreliability managementof
multithreadedmulticoresystems.We will seekto provide a com-
prehensive understandingof how parallel workloadsdiffer from
single-threadedbenchmarks,andproposenovel managementtech-
niquesto addresstheparticularcharacteristicsof suchworkloads.
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