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ABSTRACT

Temperature-inducerkliability issuesare amongthe major chal-
lengesfor multicore architectures. Thermal hot spotsand ther
mal cyclescombineto degradereliability. This researctpresents
new reliability-aware job schedulingand powver managemenap-
proachedor chip multiprocessors.Accurateevaluationof these
policies requiresa novel simulationframework that can capture
architecture-leel effectsover tensof secondr longer while also
capturingthermalinteractionsamongcoresresultingfrom dynamic
schedulingpolicies. Usingthis frameavork anda setof new thermal
managemenpolicies, this work shaws that techniqueshat offer
similar performanceenepy, andeven peaktemperatureandiffer
signi cantly in their effectson the expectedprocessolifetime.

Categoriesand Subject Descriptors
C.4[Performanceof System$: Modeling Techniques
General Terms

Reliability

1. INTRODUCTION

Themicroprocessoindustryhasmovedto chip multiprocessing
to enablethe scalingof performanceéieyond the limits of unipro-
cessoexecution.As thechipareashrinks thepower densitygrons
for new procesgechnologiescausinghighertemperaturesThere-
fore,oursuccesst nding waysto pro tably usetheavailabletran-
sistorshasa cost,aswe arenow facedwith signi cant challenges
in managingthe powver andthermaleffects on thesechips. High
temperatureincreasethe costof cooling, degradereliability, and
reduceperformance.

A numberof mechanism$or thermalcontrolarecurrentlyavail-
able for multicore processors—includingpb scheduling job mi-
gration, dynamicvoltageand frequeng scaling,etc. This paper
presents framework for evaluatingthe effectivenesof thesetech-
niquesin variouscombinationsandpresent&ffective new policies
for managinghermaleffects.

The primary goal of managingtemperaturds to prevent pro-
cessorfailure. This researchis focusedon hard failures (which
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causepermanentiamageo the underlyingcircuit), andthe phys-
ical and electricalphenomenahat inducethem. Silicon devices
have a numberof failure modesthatareimpactedby temperature,
andin somecaseghesemodesare at odds: thermalmanagement
techniqueshatreducetherateof onefailuremodemayexacerbate
another In fact, we shav thattechniquegshat arenearlyidentical
in performancepower, andeven peaktemperatureandiffer by a
factorof two in expectedprocessotifetime. Therefore,it is crit-
ical thatwe have a modelof power, temperatureandparticularly
reliability thatincorporatesll critical failuremodes.This paperin-
troducessuchanintegratedmodelingframewvork, shavs thatsome
policieshave unintendedcconsequenceshenall sourcef failure
areconsideredand proposesiewn policiesthat provide signi cant
gainsin processolifetime with little lossin performance.

Most power andthermalmanagementechniqueshave focused
primarily on controlling peaktemperatureAlthough severaltypes
of failuresclearlyscalewith the peaktemperaturethatfactoralone
doesnotaccuratelymodelall typesof failures.Otherfailures,such
as cracksand fatigue failures, are creatednot by sustainecdhigh
temperaturedyut ratherby therepeatedheatingandcoolingof sec-
tions of the processor This phenomenoris referredto asthermal
cycling. The particularfailuresthat our infrastructuremodelsin-
cludeelectromigrationtime dependentlielectricbreakdavn, and
thethermalcycling-inducederrorsmentionecabore. Failing to in-
cludethermalcycling in the failure model canleadto misleading
resultsandhighly suboptimakemperaturenitigationstrateyies.

Modeling thermalcyclesis dif cult. The primary challengeis
the needto accuratelymodel thesesystemsover the timescales
which thermalcyclesoccur This far exceedsthe ability of cur
rent processomodelingtechniqueswhich typically simulatesys-
tem behaior at instructionor cycle level. Therefore,we intro-
ducenew performancemodelingmechanismsintegratedwith our
power, thermal,andreliability models thatallows accuratenodel-
ing of executionbehaior overtensor hundredof secondsBeing
ableto captureall thethermalfailure effectsis critical to anaccu-
rate understandingf processolifetime. We shaw, for example,
thatsomeproposednechanismshatappearo improve reliability
if thermalcycling effectsareignoredactuallyhave the oppositeef-
fectwhenthermalcycling is takeninto account.

In this work, we de ne several new schedulingandpowver man-
agemenpolicies. Thisresearclshawvs thatthemostcritical factors
for increasingprocessotifetime with acceptablgerformancere:
(1) The asymmetricthermalcharacteristicef the cores(coresin
the centerhaving very differentpropertieshanthoseon theedges,
etc.);(2) Thefrequenyg of migration,which canbothinhibit sleep
statesandcausehermalcycling. Our mosteffective policy thatem-
ploys voltage/frequenc scaling,aswell asour bestonethatdoes
not, both accountfor the locationasymmetryandreducethe num-



berof threadmovements We presennen schedulingpoliciesthat
candecreas¢hefailurerateby afactorof two (over nave manage-
ment),with a performanceostof lessthan4%.

This paperis organizedasfollows. Section2 discussesecent
work in thermalandreliability managementSection3 describes
the integrated performance power, thermal, and reliability sim-
ulation framework. We provide the details of the experimental
methodologyin Section4, and explain the thermalmanagement
techniquesn Section5. A thoroughevaluationof thetechniquess
presentedn Section6, andwe concludein Section?.

2. BACKGROUND AND RELATED WORK

In this sectionwe provide anovervien of previously proposed
dynamicthermal managemen{DTM) techniquesand also sim-
ulation methodologiedor modeling performance pover and re-
liability. Mary of the DTM techniquesare reactve in nature—
dependingon sensorsto indicate temperaturedeyond assigned
thresholdsandadaptingthe processoto eitherreduceor migrate
actiity to bring thetemperatureown.

Brooks and Martonosi[4] introducedthe conceptof dynamic
thermalmanagemenin reactionto thermalmeasurementsSome
thermalmanagemertechniquestall executionor migratecompu-
tationto otherunitsto controltemperatureA well-knovn example
of suchtechniquess clock gating,which freezesall dynamicop-
erationsuntil thethermalemepgeng is over, causingtypically sig-
ni cant performancecost. Clock gatingis implementedn Intel's
Pentium4 [13].

Donaldetal. [10] proposeadynamicthermalmanagemertech-
niquefor simultaneousnultithreading(SMT) architecturesTheir
techniqueselectvely manageshe executionof integeror oating
pointintensie threadgo preventhot spotsin theregister les. To
identify integeror oating pointintensie threadshardware event
countersare sampledduring execution. In actiity migration,the
heatis spreadby moving computationto a differentlocation on
thedie. Migration canhappenat multiple levels: from onecoreto
another{14], or within acore[28].

Existingredundang in asuperscalapipelinecanbeutilized for
controlling temperaturg24]. In this techniquethe powver density
is controlled by balancingthe utilization of issuequeues regis-
ter les andALUs. Fetchgatingalternatedetweenfetchingand
stalling fetch in orderto reducethe actiity and power densityin
the pipeline. Skadronet al. introducea feedbackcontrol loop to
controltheduty cycle for fetch-gating28].

Another classof thermalmanagementechniquesusedynamic
voltageandfrequeng scaling(DVFS, wherethe systemis ableto
alterthe processos frequeng andsupplyvoltagedynamically)to
respondo thermalemegencieq28]. DVFS canusedifferentnum-
ber of stepsfor the global voltageandfrequeng settings ranging
fromtwoin Intel's SpeedStefechnologyto 40for thelntel XScale.

In hybrid thermalmanagemenf27], for mild levels of thermal
stressfetch gating (wherewe stall fetch, but allow otherstagesof
thepipelineto proceedwith previously fetchednstructions)s used
asthe responsanechanism.Whenthe overheadof the fetch gat-
ing increaseandinstructionlevel parallelism(ILP) cannotsuf-
ciently hide the ill performanceeffect, DTM switchesto DVFS.
Another hybrid DTM techniqueminimizesthe performanceim-
pact by proactive use of software techniquedike thermal-avare
processschedulingcombinedwith reactve useof hardware tech-
niquessuchasclock gating[19]. Donald, et al. evaluatevarious
combinationsof DVFS, clock gating (i.e., stop-go)and migration
for managingthe temperatureof multicore processor$ll]. They
shav that distributed DVFS combinedwith threadmigration pro-
videsthe bestperformancemongdifferentalternatves.

Priorwork hasalsoinvestigatedow overheademperatureaare
task schedulingat the operatingsystemlevel for multiprocessor
system-on-chipgMPSoC)[8], andthe authorsproposedan adap-
tive probabilisticpolicy addressingpothtemperatureariationsand
hot spots. The adaptve schedulingtechniqueis combinedwith
thread migration or DVFS to further improve thermal behaior.
Murali, et al. [22] proposea techniquethat assignsrequenciego
differentcoresin anMPSoCto guaranteeneetingthethermalcon-
straints. In the ofine phase,the setof feasiblefrequenciesor
differenttemperatureand workload constraintsare calculatedby
solvingconvex optimizationmodels.At runtime, themanagement
policy selectsthe appropriatefrequeng valuesthat meetthe cur
rentworkloadsandoperatingconditions.

In Heat-and-Rurj12], the authorsproposea DTM solutionfor
chip multiprocessorsvith SMT cores. SMT threadassignments
usedto maximizeprocessoresourceutilization by co-scheduling
threadghatusecomplementaryesourcedeforecoolingis neces-
sary In this way the costof threadmigrationis reduced.

Few paperdsn thethermalmanagemernlteraturehave takenre-
liability explicitly into account.Reliability managemenhasbeen
mostly addressegreviously asa way of optimizingthe policiesor
architectureat design-time The Reliability-AwareMicroprocessor
(RAMP) providesa reliability model at the architecturdevel for
temperatureelatedintrinsic hardfailures[30]. It analyzeghe ef-
fectsof applicationbehaior onreliability andoptimizesthearchi-
tecturalcon guration and the voltage/frequeng setting statically
(at designtime) to meetthe reliability target. Previous work also
shaws thataggressie power managementanad\erselyaffect re-
liability dueto fastthermalcycles,andoptimizationmethodsthat
considerreliability constraintscan provide enegy savings while
improving the MPSoClifetime [25].

To the bestof our knowvledge,a simulationframework to evalu-
atethereliability impactof dynamicmanagementoliciesin afast
and accurateway hasnot beenintroducedpreviously. The Sim-
Pointtool [26] alsoaddressethe problemof long simulationtimes,
but it provides clusteringanalysisto identify a few representate
pointsthat canbe simulatedto predictthe performanceof the en-
tire application. Instead,we want to capturethe entire behavior
ratherthan summarize.However, we use SimPoints phaseiden-
ti cation mechanismo capturea completephasetraceas part of
our simulationprocess.Biesbrouck.et al. [1] useindividual pro-
gramphasednformation(a completephaseracenotunlike ours)to
guide multithreadedsimulation. This is accomplishedy creating
a Co-PhaseMatrix, which representshe perthreadperformance
for eachpotentialcombinationof thesingle-threadeghasebehar-
iors thatoccurwhenmultiple programsarerun together Although
RAMP [30] alsointegratesan architecture-teel performancesim-
ulatorwith a power modelanda thermalsimulator it doesnotin-
cludethe phase-basedpproachwe introduced. Using our frame-
work, we areableto simulatemuchlongerperiodsof real-life exe-
cutionin reasonablsimulationtime.

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

This areaof researchpresentsnen methodologicalkchallenges
thatrequiretools and solutionsradically differentthantraditional
architecturainvestigation. This sectiondescribeghe entire simu-
lationinfrastructureput with afocusonthetwo mostnovel aspects
of theframework, which arethelongtime-frameperformancenod-
eling andtheintegratedreliability model.

3.1 Overview
For a study suchasthis one, it is critical that we have a fully
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integratedperformance power, and thermalmodel of the entire
chip multiprocessor This is becausave are modelinginteractve
schedulingtechniqueshat obsere the temperatureand possibly
power characteristicef the processoand make schedulingdeci-
sionsaccordingly For example,it is impossibleto completelyde-
couplethe performanceandthe thermalmodels.However, full in-
teractize architecture-leel simulationis alsonot possible,asjust
a single simulationat thesetime framescorrespondingo several
minutesof realexecutiontime couldrequiremonthsto complete.

Our simulationframework is shavn in Figure 1. The perfor
mancemodelingfront-endcombinesa full-program phasepro le
combinedwith detailedarchitecture-leel simulationof every dis-
tinct programphaseat all possiblefrequeng settings,including
both performanceand power characteristics. This characteriza-
tion all goesinto a databasehat canbe queriedasthe full CMP
simulation progresses.In this way, we can modelthe effects of
changingfrequeng, stoppingor migratingjobs, etc., without fur-
ther architecture-teel simulation. After schedulingdecisionsare
madeandthe resultingperformanceandpower dataproducedwe
canmodeltime-varying temperatureffectsacrosshe entire chip.
Thetemperatureurvesarethenfedinto thereliability models pro-
ducingthe expectedfailurerates.

3.2 Long-Term PerformanceModeling

To accuratelymodelthereliability of the systemincludingther
mal cycling effects,we needto capturetemporalthermalbehaior
over time periodsordersof magnitudeongerthantypically mod-
eledin architecturakimulation. At the sametime, we would like
to capturevarioustypesof effects that the architecturalsimula-
tion provides; e.g., workload-dependenttilization of speci ¢ ar
chitecturalstructuresandtheir impacton power andtemperature,
the time-varying behaior of individual applicationsetc. This re-
quiresthe developmenbf new simulationtoolsandmethodologies
not currentlyavailable.

We initially use SimPoint[26] to capturethe phasesof each
application. But insteadof capturingone or a few representate
phaseswe useit to capturea completephasepro le of eachap-
plication, beginningto end. Then,usingthe M5 performancesim-
ulator[2] integratedwith the Wattchpower modelingtool [5] and
utilizing a nite humberof simulationsampledor eachphasewe
canreconstructhepower andexecutionpropertieof thecomplete
program.In fact,we do this for all voltageandfrequeny settings
available,sothatwe canreconstructhe completeprogramevenin
thefaceof anarbitrarynumberof voltage/frequencchanges.

We capturetheseprogramtracesin a databasewhich can be
queriedby the ScheduleManagerat distinct intenals. Given a
programstartpoint, anintenal lengthin cycles,anda frequeng
setting,the querytool returnsthe averageinstructionsper second
(IPC) andpower levels acrosgheinterval, andthe pointin execu-
tion theprogranreachesttheendof theinterval. Thus,atruntime,
the schedulingmanagercan make decisionsaboutthreadmigra-
tion, threadstoppageor voltage/frequencchangesandquerythe
databaséo modelthe preciseeffects.

This framework relieson two simplifying assumptionshat are
critical to makingthis problemtractable.The rst is thatthetime
constantver which temperaturevariesdo not requireusto fully
capturecycle-by-g/cle variancesn the temperaturgortion of the
model. Theinstruction-level variationsare capturedn the perfor
mancemodel,but only summarizedn thelatterstagesThisallows
usto replacethe cycle-by-g/cle datawith a stairstepgraph,pre-
sentingperformancendpower behaior asconstantitthe average
valuesover individual intervals. This way, we capturethe program
behaior with little lossof accurag.

Thesecondassumptioris thatthe behaior of individual threads
is separableThis is accuratebecausave modelsystemswith pri-
vate L2 cacheswhich is a likely architecturalscenarioin future
systemg21]. At 16 coresand above, the interconnecttostof a
sharedcachewould be extremelyhigh. This assumptiorhasbeen
usedand demonstratedo be accurateeven on researctthat does
not requirethis type of long simulation[20]. Evenwith the small
core countsin currentmulticores,the AMD dual-coreand quad-
coreOpteronthelBM Power6,andthecomingintel Nehalenpro-
cessorall have privateL1 andL2 caches.For sharedL2 caches,
interactionsbetweenthreadswill be higher and system-lgel ac-
curay will be reduced. However, recentresearchon multicore
cachinghasfocusedon reducingthoseinteractiong16], andin the
extreme,the proposedechniquesouldbe con guredto male the
sharedcachesessentiallyactasprivate caches.Thus,evenin that
scenariove canrepresena reasonablsystemaccurately This as-
sumptionmalesit dif cult to modelparallelapplicationswith ary
signi cant communicatiorbetweerthreadsjf thatcommunication
impactsthe runtimecharacteristicef theapplication.

3.2.1 PhaseModeling

We usedSimPoint[26] to identify the variousphaseswithin the
applicationsand to characterizecompleteprogramexecution. A
programs executionis dividedinto intenalsof 100million instruc-
tions. Oncewe assigneachintenal to a representadie phase we
represent programs executionby a Phase-IDtrace[1]. Thus,at
ary instructionduring a programs$ execution,we usethis le to
determinethe currentphaseandto identify pointsof transitionbe-
tweenphases.

By runningsimulationsat eachphasepointin M5 andcompos-
ing performance/pwer statisticswith the Phase-IDtrace,we cre-
atebothapoweranda performancerace.Theschedulingnanager
thenaccessetheseracesvia the querytool.

3.2.2 PowerModelingand Management

Power modelingrequirescouplingthe executiontracesobtained
from M5 with atool thatcomputeshe power consumptiorfor each
functionalunit. This coupling converts the performanceparame-
ters(e.g.,cacheaccessedyranchpredictions,etc.) into estimates
for transistorswitching, and then the powver model utilizes these
estimatedor calculatingtheinstantaneoupower values.

Transistorcconsumepower whenthey switch outputvalues,but
they alsoleak powver evenwhenthey do not switch. Theformeris
referredto asdynamicpower, and historically hasbeenthe dom-
inant factor; howvever, astechnologyshrinks, leakagepower be-
comesincreasinglyimportant. We utilized Wattch[5] for the dy-
namicpower modelingof coresin our framevork. We integrated
Wattchwith M5 to provide dynamicandcycle accuratgpover mea-
surementdor eachapplication.To modelpower dissipationof L2
cachesye usedCACTI [34] (anintegratedmemoryperformance,
area,leakage,and dynamicpower model) and obtainedthe typi-
cal powver consumptiorof amemoryblock with the givensizeand
propertiesandthenusedthesevaluesthroughouthe simulation.



We developedapower modelfor 65nmby scalingtheparameters
within Wattchto matchpublishedpower valuesfor 65nmtechnol-
ogy. Thevariationin dynamicpower rangewe obsered matches
the power distribution on a similar core[15], on which the major
ity of applicationshadlessthan16% power dissipationdifference
from the other applications. Among the applicationssampledin
thatdistribution werethe SPECsuite,which we usein this study

We computethe leakagepower of CPU coresbasedon struc-
ture areastemperatureandsupplyvoltage. For the 65nmprocess
technologywe assume leakagepower densityof 0:5W=mm? at
383K [3]. To accountor thetemperatur@andvoltage we usedthe
second-ordepolynomialmodel proposeddy Su, et al. [33]. This
modelcomputeshe changen leakagepower for the givendiffer-
ential temperatureand voltagevalues. We determinedhe coef-
cientsin thepolynomialmodelempiricallyto matchthenormalized
leakagevaluesin the paper This modelis foundto matchclosely
with measuremen{83], andwe foundtheleakagevaluesproduced
werein line with expectedvalues(i.e., 30-40%of the total pover
consumptionpaseddn thetechnology

One of the techniqueswve investigateto managepower is Dy-
namic Pover Managemen{DPM). DPM putscoresin sleepstate
to save enegy. Weimplementedxa x edtimeoutpolicy [18], which
is oneof thecommonlyusedDPM policies. For eachcore,the pol-
icy waitsfor atimeoutperiodwhenthe coreis idle, andthenturns
off thecore.Thisis to ensurghatwe do notturn off coresfor very
shortidle times,whereturning off the corewould notamortizethe
costof transitioningto andfrom the sleepstate. The time period
to amortizethe costof goingto sleepis calledthe brealeventime
(tve). We assume sleepstatepower valueof 0.05W andbasedn
the active andidle power dissipationvalueswe computedthe tpe
to bearound200ms.A simpleandeffective way to setthetimeout
periodis timeout = tpe [18]-

3.3 Thread Managementand Thermal Mod-
eling

We implementeda schedulingnanagervhich enableghe simu-
lation of a large array of threadmanagemenpolicies. The mech-
anismsavailable for managingtemperaturenclude adjustingthe
frequeng/voltageof acore(DVFS), puttinganidle coreinto alow-
power sleepmode(DPM), migratingcomputatioroff of ahotcore,
andpoliciesthat stop activity on a hot core(i.e., clock- or fetch-
gating). We presenthe speci ¢ policieswe modelin Section5. In
eachpolicy, the schedulingnanagemakesa setof decisionsafter
eachschedulingntenal, andit may incorporateperformanceand
thermalinformation from the prior interval. After making those
decisionsfor eachthreadand core, the schedulingmanagerthen
queriesthe performancedatabaseo obtainthe power and perfor
mancebehaior of eachcoreoverthenext interval. Our simulation
samplingintenvals(50 ms)areshorterthanaschedulingntenal, so
therewould be multiple exchangeswith the performancelatabase
beforeanotherschedulingdecisionis made.

Sincethe schedulingmanagerkeepstrack of performanceand
power information,it alsohasthe responsibilityof modelingcom-
plex phenomenauchas the delay from threadmigrations. The
modelsimulateshe effectson power andperformancdor the fol-
lowing phenomenathreadmigration, DVFS, startinga new appli-
cationonacore,coresleep,andcorewakeup. Theassumptionsve
madefor severalof thedelaysmodeledarepresentedh Tablel, but
oneof themorecomplex phenomenaeseresspecialattention.

We modeledtwo aspectf the costof threadmigrationamong
cores. We measuredhe software overheadin M5's full system
modeasthetimefor Linux to migrateathreadfrom onecoreto an-
otheridle coreandto startexecution. This threadmigrationtakes

Model Value
50ms
syscalldelay+ cold starteffects

Parameter
Samplingintenal
ThreadMigration Delay

DVFS Delay syscalldelay+ 20E-6s
WakeupDelay 25ms
ApplicationStartupDelay | syscalldelay+ cold starteffects
TransitionPower 10w

(to andfrom sleepstates)

Table 1: Delay and Power Model Assumptions

[ Parameter [ Value |
Die Thickness 0:1mm
CoreArea 14.44mm 2
L2 area(total of 2 banks) | 10:56mm ?
CorvectionCapacitance | 140J/K
CorvectionResistance | 0.1K/W

Table 2: HotSpot Parameters

lessthan3.0 s . We alsoattributedarchitectureoverheadto cold
starteffectsin the branchpredictor cachesTLBs, etc. We mea-
suredcold start effects by inducing mary randommigrationsfor
eachbenchmarkand computingthe averagelossin performance.
The averagelosswas204 s , but variedwildly by benchmark—
i.e., from 2 to 740 s . Note that cold start effects dominatethe
migration penalty To addresghe highly variable overhead,we
modeleda distinctmigrationpenaltyfor eachbenchmark.

Automatedhermalmodelingrequirespower tracesfor eachunit
asinput, in additionto the chip and packagecharacteristicsuch
asdie thickness heatsink corvection properties,etc. Therefore,
we feedthe detailedpower tracederived by the combinationof the
schedulingmanagerlndthe performance/poer databaseénto the
thermalmodel. We modi ed HotSpotVersion4.0's [28] (block
model)settingsto modelthethermalcharacteristicef the 16-core
die. We usedthe steadystatetemperaturef eachunit asthe ini-
tial temperatureralues.We summarizehe HotSpotparameterin
Table2. We calculatedthe die characteristicbasedon the trends
reportedfor 65nmprocesgechnology[14].

The describednethodologyallows usto do full-programsimu-
lation with simplelookupsof sampledsimulationdata. This sac-
ri ces someaccuray. However, the rate at which temperature
changedypically dwarfsthe time of evencompletephasessowe
would expect this techniqueto actually sacri ce little accurag.
We validatedour methodologyby comparingthe resultswith di-
rectM5/ Wattchpower output. For eachphasesimulationpoint of
eachSPECbenchmarkwe ran M5 andWattchfor 500msof sim-
ulatedexecutionand gatheredpower statisticsevery 500s . We
comparedthe power statisticsof M5/Wattch and our framework,
andwe foundthat our phase-basedpproachthas1.8%error over
all. Table3 shawvs the detailedresultsfor the benchmarks bzip2
with input setprogram hadthe largestaverageerrorof 3.0%.

The low error mamgin in our power computationmethodology
translatedo evenlower errorin temperature&eomputatiorbecause
of thethermaltime constantsTo verify theaccurag of ourmethod-
ology in termsof the temperaturgesponsewe experimentedvith
bzip2,asit hasthehighestpower errormamgin. Figure2 shavs one
particular(worstcase)datapoint—thetemperaturéracefor acore
running bzip2 andthen going to sleepstate,on a systemrunning
12 bzip2 threads. The “M5/Wattch” thermaltracecorrespondso
the detailedpower tracesampledat 500s , andthe “phase”trace
is the thermaloutputof runningthe sameworkloadandusingour
power computatiormethodology We obsere thatthe tracegener
atedwith our methodologycloselymatcheghe tracesampledat a



Benchmark | AverageError || 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
vortexl 0.018 equale 0.029
sixtrack 0.011 eon_rushmeier| 0.018
apsi 0.014 crafty 0.018
Overall: 0.018

Table 3: Power Estimation Err or of Our Front-End Tool Com-
paredwith respectto M5/Wattch

6 .

Figure2: Comparisonof Temperature Responsesor bzip2 Us-
ing Two Simulation Methodologies.

highergranularity As bzip2is oneof the mostpower-variantap-
plications therestof the benchmarkslemonstratevenlessdiffer-
ence. Becauseahermalcycling effectsareinsigni cant unlessthe
temperaturevariationsare morethana few degrees,theseresults
aremorethanaccurateenoughto capturebothtemperature-induced
andcycle-inducedeffects.

Oncewe generatea full thermaltrace,we usethis traceasinput
to ourreliability modeldescribedn thenext section.

3.4 Reliability Modeling

Ourwork targetstemperature-inducertliability problems.Our
simulationandmodelingframework allows usto evaluateschedul-
ing policieshasedntheirsucces reducingthefailureratedueto
thermalhotspotsandthermalcycles. Achieving alowerfailurerate
increasegshe mean-time-to-dilure, which is the expectedlifetime
of the circuit. The mostcommonly studiedtemperature-induced
intrinsic hardfailuremechanismareelectromigrationtime depen-
dentdielectricbreakdevn, andthermalcycling [17, 30].

Electromigration (EM) occursin interconnectsisaresultof the
momentumtransferfrom electrongo ionsthatconstructhe inter-
connectatticeandleadsto hardfailuressuchasopensandshortsin
metallines. The EM failurerate( ewm ), basedon Black's model,
is givenin Equationl. In theequationE ; is theactivationenengy,
k is theBoltzmanns constantT isthetemperature] andJc i are
the currentdensityandthe thresholdcurrentdensity respectely,
andA, is amaterialdependentonstantWe representhe rst half
of the equationwith theterm £, , which canbe consideredasa
constan{anaveragetechnology/circuidependentalue).

Jerit) nel Ea=kT) = D

Em = Ao(J 2y el EamkT) )

Time dependentdielectric breakdown (TDDB) is a wearout
mechanisnof thegatedielectric,andfailureoccurswhenaconduc-
tive pathis formedin thedielectric. TDDB is causedy theelectric
eld andtemperatureandthefailurerateis de ned in Equation2.

Similar to the EM failure rateequationwe use 2,5 to repre-
sentthe rst half of theequation.BothEM andTDDB failurerates
areexponentiallydependentn temperature.

Eox o( Ea=kT) = 0

Tppe = Aoe TDDBe( EaskT) 2

Thermal cycling (TC) is causeddy the large differencein ther
mal expansioncoefcients of metallicanddielectricmaterialsand
leadsto cracksandotherpermanentailures. The thermalcycling
effect is modeledby the Cof n-Mason equation[17]. Slow ther
mal cycleshappenbecausef low frequeng power changessuch
as pawer on/off cycles. Fastcyclesoccurdueto eventssuchas
powver managementlecisions. Although lower frequeng cycles
have generallyreceved more attention, recentwork shavs that
thermalcyclesdueto power or workload variationscan also de-
gradereliability [23, 25]. Thefailureratedueto thermalcycling is
formulatedasin Equation3.

Tc=Co( T  To) (©)

In thisequation, T isthetemperatureycling range.Theelas-
tic portion of the thermalcycle is shaovn as T,. Elasticthermal
stresgefersto reversibledeformatioroccurringduringacycle,and

T, shouldbe subtractedrom the total strainrange. Typically,

To << T [17], sothe T, componentanbe droppedfrom
theequation.Cy is a materialdependentonstantg is the Cof n-
Mansonexponentandf is thefrequeng of thermalcycles. Note
thatthe Cof n-Manson equation[17] computeghe numberof cy-
clesto failure. Therefore,the MTTF (in years)is the numberof
cyclesmultiplied by the periodof thecycles.

Computingthe frequeng of cyclesis not straightforvard in a
simulationof anirregular, dynamicsystem. To resol\e this prob-
lem, we obsered the recenttemperaturehistory on eachcoreto
compute T andf. We settheinitial length of the history win-
dow to 5 secondsandadjustecthe lengthdynamicallydepending
on hawv mary cycleswereobsered. For example,if no tempera-
ture cycleswereobsered in the lastinterval, we incrementedhe
historywindow lengthto captureslowercycles. T isthetemper
aturedifferentialwe obseredin the lastintenal. We seta higher
bandof 80% and a lower bandof 20% of the temperatureange
recordedn the lastinterval, andcountedthe numberof timesthe
temperatureexceededthe higher band or went below the lower
band,and usedthat to calculatethe numberof cyclesin this pe-
riod. In this way, we could accountfor the contrikbution of cycles
with varyingtemperaturelifferentialsandvaryingperiods.

To combinethe failure rates,we usedthe sum-of-filure-rates
modelasin RAMP [30]. This modelassumeshatall the individ-
ual failure ratesareindependentMean-time-to-&ilure (MTTF) is
1= for constantfailure rates;therefore,we averagedthe failure
rate obsered throughoutthe simulationand computedthe corre-
spondingaverageMTTF. The averageMTTF value reportedfor
65nmtechnologyis 7 years[32].

For moderatetemperaturest 65nmtechnology Srinivasan,et
al. [31] demonstrateéhat the contrikbution of electromigrationdi-
electricbreakdavn, andcycling to the overall failure ratearesim-
ilar to eachother This allows usto calibratethe constantsn each
failure equation( 2y, %ppg,andCo) to give asystemMTTF
of 7 yearsat nominaltemperature.We usedthe sameconstants
all throughoutthe experimentswhich meanshatthe relative im-
pactof differentfailure mechanismsnight changedependingon
the conditions. For example,if the temperaturas high, thenthe
effectof EM or TDDB is higherthanTC.



Figure 3: 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(20 cyc) (2 banks)

Memory Latency
Branch Predictor

100ns(200cyc)
21264-styldournamenpredictor

Issue out-of-order
ROB 128entry
IssueWidth 4

Functional Units
Physical Regs

4 IntAlu, 2 IntMult, 2 FPALU, 2 FPMultDv
128Int, 128FP

1Q entries 64
Vdd 1.2V
DVFS Settings 100%,95%,85%

Table 4: Architectural Parameters

We alsoexaminedthermalgradientswhich referto the temper
aturedifferencesamongdifferentlocationson the die. However,
we do not explicitly includethe effects of gradientsin our over-
all reliability model. This is becausealthoughthermalgradients
caninduceharderrors,their primary effect is on device latencies,
which are then manifestedas an increasein timing errors,rather
thanhardfailures.

4. METHODOLOGY

This sectiondescribeotherdetailsof our simulationinfrastruc-
turethatimpacttheresultsshavn in thefollowing sections These,
in general aredetailsthatarerelatively independenof our frame-
work describedn Section3 and easily changedsuchasthe pro-
cessoicoremodel,theworkload,etc.

The M5 Simulators [2] out-of-orderexecutionmodelis based
on SimpleScalaB.0[6], andprovidesa detailedmodelof anAlpha
21264 processor Anticipating continuedscalingof core counts,
the CPU we modelis a 16-coremultiprocessomanufcturedat
65nm. The oorplan for this CPU s providedin Figure3. Each
corehasout-of-orderissue a privatedatacachejnstructioncache,
L2 cache,andmemorychannels.Eachcore possessethreevolt-
ageandfrequeng settingsfor dynamicvoltage/frequencscaling:
1.200V at 2.0GHz, 1.187V at 1.900GHz,and 1.06V at 1.7GHz
which represenDVFS settingsof 100% (original), 95% (step-1),
and 85% (step-2),respectiely. The architecturalparameterof
eachcorearedepictedn Table4.

Creatingrepresentate workloadsis achallengen a 16-coreen-
vironment. To assistthis processywe classifyall SPEC2Kbench-
marksin termsof their variability andmemoryboundednesfis-
cussedbelav). The distinctionbetweenCPU boundand memory

boundapplicationsis particularlyimportantin this studybecause
it impactshow performancescalesasthe frequeng changes.We
model both homogeneousnd heterogeneouworkloadsin terms
of the applications'CPU or memoryboundednessAs our exe-
cution model doesnot extendto parallel programs the homoge-
neousworkloadsstandin for bothhomogeneousener-typework-
loadsandparallelapplicationswith few stallsfor communication.
However, our homogeneouandheterogeneousultiprogrammed
workloadshestrepresent sener ervironment,wherethe average
lifetime of the processocansigni cantly affect overall costs.

We usetheratio of memory-lustransactionso instructionsasa
metric to classifyapplicationsasmemoryor CPU-bound assug-
gestedby Wu et al. [35]. We classify applicationsalong several
other dimensions. By constructingour workloadsfrom applica-
tions with differentphasevariability, pover savings potentialand
CPU/memoryboundednessye seekto represent wide rangeof
realworld workloads.

Table 5 describeseachworkload. We model workloadswith
12-16threads—oulCMP architectureis constructedo not have
thermalissuesvhenlightly loaded whichis theexpectedbehaior
for the next few processogenerations We constructboth homo-
geneousndheterogeneousorkloads,andCPU-boundmemory-
bound,andmixedworkloads.The mixedworkloadscontainappli-
cationsfrom both extremes,aswell assomein the middle of our
catgorization. In thetime frameswe model,several of the appli-
cationscompleteexecution. In thosecasesye continuallyrestart
the applicationat the beginning to get consistenbehaior across
theexperiment.

A commonperformancametric on multicore platformsis a raw
countof IPC. However, this metric givesundesered biastowards
high-IPCthreadsasperformancenaybeincreasedby runningmore
CPUboundthreads.To circumventthis dif culty , we usedthe Fair
SpeeduMetric (FS)[7, 29]. FSis computedby nding the har
monic meanof eachthreads speed-upover a baselinepolicy of
runningthethreadatthe highestfrequeng andvoltage.

Althoughsomeapplicationscompletemultiple timesduring our
simulations we computeFSin sucha way thatthe overall contri-
bution of eachapplicationis thesame.

5. RELIABILITY -AWARE SCHEDULING

The simulationandmodelinginfrastructuredescribedhllows us
to designandevaluateseveral job allocationandthermalmanage-
mentstratgies. We divide thesetechniquesnto threecateyories,
thosethat changewhatis runningon a core (via gatingor migra-
tion), thosethat continueto executethe samethreadbut change
speedyvia DVFS), andhybridsthatcombinethetwo types.

Eachof thesemethodscan be integratedwith Dynamic Paver
Managemen{DPM) aswell. DPM turnsoff coresafterthey have
beenidle for a giventimeoutperiod. The schedulingandthermal
managemenpolicies evaluatethe systemcharacteristicat every
schedulingperiod,and malke a decisionaccordingly In all cases,
the schedulindtick is setto every 200ms. The thresholdtempera-
turefor all thetemperature-triggeregbliciesis 85° C. Thedefault
policy keepsthe initial assignmenbf jobsto cores x ed, andno
workloadmigrationor voltage/frequengcscalingoccursonthe y .

5.1 Migration and Gating SchedulingPolicies

Thesetechniquesattemptto move computatioroff of hot cores,
eithervia migrationor stalledexecutionasa responseo athermal
event(hightemperaturepr asa matterof policy.

Stop_Go[11] runseachcoreat the default (highest)frequeng
andvoltagesettinguntil a corereacheghe thermalthreshold. At
this point, the coreis stalledandtheclock s gatedto reducepower



Wkload name | Description CoresUtilized | Benchmarks

hom_16_cpu | Homogeneou€PUBound 16 sixtrack*16

hom_16_mem| HomogeneouMEM Bound 16 mcf*16

het_16_cpu Heterogeneou§€PUBound 16 mesa*3bzip2_program*3¢rafty*2, eon_rushmeier*3yortex1*2, sixtrack*3

het_16_mem | HeterogeneouMEM Bound 16 mcf*4, art110*4,equale*3, gcc_166*3,swim*2

het_16_mix HeterogeneoullI X 16 mcf*2, mesaart110,sixtrack*2,equale, bzip2_programeon_rushmeier*2
swim, applu,twolf, crafty, apsi,lucas

het_12 cpu Heterogeneou€PUBound 12 mesa*2 bzip2_program*3¢rafty*2, eon_rushmeier*2jortex1*1, sixtrack*2

het_14 cpu Heterogeneou€PUBound 14 mesa*2 bzip2_program*3crafty*2, eon_rushmeier*jortex1*2, sixtrack*3

het_12_mix HeterogeneoullIX 12 mcf*2, mesaart110,sixtrack*2,eon_rushmeier*2wim, crafty, apsi,lucas

het_14 mix Heterogeneoull X 14 mcf*2, mesaart110,sixtrack*2,equale, eon_rushmeier*2wim, twolf,
crafty, apsi,lucas

Table 5: Workload Characteristics

Figure4: Thread AssignmentStrategy for BalanceLocation

consumptionlf thecore'stemperaturgoesbelav thetemperature
thresholdin the next samplinginterval, executioncontinues. We
assumehateachcorecanbe clock-gatedndividually.

Migration sendgobsthathave exceededathermalthresholdto
the coolestcorethathasnot beenassigned new threadduringthe
currentschedulingperiod. If the coolestcore selecteds already
running a job, we swap the jobs amongthe hot and cool cores.
This techniquecanbe thoughtof asan extensionof core-hopping
or activity migrationtechniqueg12, 14] to the caseof mary cores
andmary threads.

Balanceassigngobswith the highestcommittediPC duringthe
lastintenal (i.e., betweenthe last two schedulingticks) to cores
thathave thelowesttemperatureThis schedulingdearepresents.
moreproactve form of migrationin whichthreadsaredynamically
assignedo locationsbeforethermalthresholdsecessitataction.

Balance_Locationis similarto balancebut insteadof assigning

the threadswith the highestcommittedIPC to the coolestcores,
it assignsghemto coresthat are expectedto be coolestbasedon
location. The coreson the cornerlocationsof the oorplan are
expectedo bethecoolestitheremainingcoresonthe sidesareex-
pectedto be the secondcoolest;andthe coresin the centerof the
oorplan arehottest. This is becausehe temperatureof a coreis
aresultnot only of actiity on that core, but also on the actiity
of its neighbors:highernumberof active neighborgresultsin hot-
ter cores. Figure4 shaws the stratgy we usedto assignl6 jobs
(i1 to] 16) to coreswherethejobshave decreasingommittediPC
(IPCy > IPCy > i > I PCy6). Whereaghe optimal alloca-
tion of threadsto coresmight diverge from the allocationshavn
in the gure dependingon the IPC differenceamongthreadsthis
allocationgenerallyresultsin temperatureharacteristicgloseto
the bestallocation. With this schemeand 14 threadsfor example,
coreslabeled; 15 andj 16 in this gure would alwaysbeidle.

We alsoexperimentedvith heuristicshatchooseathreads next
core allocation basedon the temperatureof the threads current
core(e.g.,move the threadon the hottestto the coolestcore), but
theseheuristicsperformedpoorly. In multicore architecturedike
the one we model, locationis a more signi cant factor thanthe

executioncharacteristicof the threadsin determiningcore tem-
perature.Thus,thosetechniquesndedup constantlymoving jobs
betweerhotandcold cores.

5.2 Methodswith Voltage/FrequencyScaling

This setof techniquesely exclusively on dynamicvoltageand
frequeng scalingto controlthermaldynamics.They differ in how
andwhenDVFSis applied.

DVFS-Threshold(dvfs_t) reduces/oltageandfrequeng (V/f)
one stepat a time when a core's temperaturesxceedsa thresh-
old. After reducingthe V/f to the step-1(95%) setting,if the core
is still above the thresholdin the next schedulinginterval, dvfs_t
usesthe step-2(85%) setting. Whena core's temperatures belov
the threshold,the V/f settingis increasedagainone stepat each
schedulingnterval.

DVFS-location (location_dvfs)usesa x edV/f settingfor each
core, andthereis no dynamicscalingat runtime. As the center
corestendto heatup morequickly, the four coresin the centerof
the oorplan have the 85% setting. The cornercoresaretypically
the coolestcores,hencethey usethe 100% (original) V/f setting.
Therestof the cores(i.e., the eightremainingcoreson the sides)
have the 95% setting.

DVFS-Performance (dvfs_perf) reducesthe voltage and fre-
queng dynamicallyon a core dependingon the memorybound-
ednesof the currentapplicationphase.Previously, it wasshavn
that CPU-intensie tasksdo not gainmuchin termsof enegy sav-
ingsfrom runningat low frequenciesandconversely it is bene -
cial to run memory-boundasksat a lower frequeng [9], astheir
performancds much moretolerantof frequeng scaling. DVFS-
Performanceeekgo reduceheoverall chiptemperaturgvith min-
imal performancecostby proactiely scalingbackthoseapplica-
tionsthatareleastimpacted.

To determinethe memory-boundphaseswe usea cycles-per
instruction(CPI) basedmetric, , asde ned by Dhimanetal. [9].
It compareghe obsered CPI with a potential CPl we might have
gottenwithout memoryevents. If the is nearone,the applica-
tion is CPU-bound.If it is low, the applicationis memory-bound.
Note that canalsotake negative values. Analysison our own
applicationsetcon rms thatthis metrictracksextremelywell with
performancelegradationin the presencef DVFS.

If the obseredin thelastinterval is lessthan-0.8,thenwe use
the85%setting,andwe nd lessthan6% performancdossduring
thosephaseslf 0:8< < 0:5, weapplythe95%setting,which
induceslessthan 5% lossin performance.For > 0.5, we do
not performary V/f scaling. When > 0:5, if we usedthe 85%
scalingfor CPU-boundapplications the performancdoss would
bein therangeof 12—15%.

DVFS-Performance_Threshold(dvfs_perf_t) behaesexactly



like dvfs_periunlessacorereachesthermalthreshold.If thetem-
peratureexceedsthe thresholdon a core, thenthe policy activates
dvfs_tto reducethetemperatur@nthatcore. After the core’stem-
peratureeturnswithin thresholdwe switchbackto dvfs_perf
This techniquewins if by proactiely slowing a threadthat is
tolerantof frequeng changesit canenablea nearbythreadthatis
not sotolerantof frequeng changeto forego a DVFS slovdown.

5.3 TechniquesCombining Workload Alloca-
tion and DVFS

In investigatingheinteractionof schedulingandDVFS policies,
we emplo/ Balance_Locatioto representhe schedulingpolicies.
It hasusefulpropertiesn termsof bothreliability andperformance.
It doesonly enoughmigrationto nd the bestlocationfor each
thread thenonly migrateswvhenapplicationcharacteristicehange.

Balance_Location& DVFS-Thresholdworks by initially us-
ing Balance_Locationo assignpotentiallyhotterthreadsto cooler
locationsonthedie. If thistechniquefails to keepa givencoreun-
derthespeci edthresholdthecoreemplas dvfs_tuntil it is under
thethermalthreshold.

Balance_Location& DVFS_Performance usesthe Balance -
Locationpolicy to allocatejobsto cores andrunsdvfs_perf_atthe
sametime to decideonthe V/f settingsof thecores.

Balance_Location& DVFS-Location assignghe locationV/f
settingsasin thelocation_dvfgolicy to cores andperformsBalan-
ce_Locatiorfor allocatingthethreads Thistendsto have theeffect
of assigningthe most memory-boundhreadsin the centerzone,
which runsat the 85%setting.

Balance_LocatiorusesIPC in assigningthreadsto locations.
Whencombinedwith DVFS, we mustaccountfor the V/f andits
effect on the measuredPC. Thus, if a coreis runningat a lower
V/f setting,we scalethe measuredPC basedon the averageper
formancehit obseredatthatV/f level.

6. EXPERIMENTAL RESULTS

In this sectionwe demonstrate¢hatthe framevork we proposed
allows us to evaluatea large setof previously proposedand new
schedulingalgorithms,in termsof performancepower, tempera-
ture, and processolifetime (reliability). We shav that having a
fully integratedmodel,including a reliability modelthataccounts
for all themajorcause®f temperature-inducdthrdfailures,sheds
somenew light on CMP scheduling.

Section5 identi ed a wide assortmenof threadmanagement
policies. In evaluatingthosepoliciesin variousexecutionscenar
ios, this sectionattemptsto sort out the key issuesfacingthe de-
signerof a multicorethreadmanagemenpolicy, suchas: (1) how
to properlycombinescheduling/migratiopolicies,DVFS policies,
and DPM policies; (2) howv to addresspeaktemperatureeffects
without exacerbatinghermalcycling; (3) whetherto usereactve
or proactive DVFS policies;and(4) how to addresghermalasym-
metriesin the chip multiprocessor

We groupthe experimentsin four major cateyories. Section6.1
looks at full core utilization scenarioswith a varying numberof
memory-boundand CPU-boundthreads,usingthe ve 16-thread
workloadsfrom Table5. For theseexperimentsthreadsareinitially
placedon the coresrandomly(i.e., with neithera clearly good or
badinitial allocation). Section6.2 examinessystemghatareless
thanfully utilized, with 12 or 14 jobs (i.e., 2 or 4 idle cores).Sec-
tion 6.3takesadeepetook attheconsequencesf theinitial alloca-
tion of idle cores.Finally, Section6.4 investigatediow reliability,
performanceandenegy vary whenthe systemhasDPM capabil-
ities, andwhich schedulerdestcomplemenDPM to achieve the
desiredrade-ofs for reliability, enegy, andperformance.

To deliver a fair comparison,we presentthe enegy and per
formanceof the policiesin additionto reliability (mean-time-to-
failure). Thisis in lieu of trying to createa singlearti cial metric
thatcapturesall three:suchuserde ned metricsaresusceptiblé¢o
providing resultsthat are speci ¢ to the assumptionsnadewhile
creatingthe metricor while weighingtheindividual parameters.

We normalizedall resultsin thefollowing sectionswith respect
to the defaultcaseof no thermalmanagemern.e., all threadsun-
ning full speedon theinitially assignectores).Hence they-axes
in our MTTF, performancetemperaturend enegy plots demon-
stratethenormalizedvaluesfor theseparametersThis allows usto
evaluateeachpolicy onthe samescale.

Srinivasanet al. [32] reportedthe averageMTTF of the SPEC
suitesimulatedfor 65nmat 1.0V of supplyvoltageas?7 years,and
our modelis calibratedto the samevalue. However, if thereliabil-
ity modelwasre-calibratedto assumea shorteror longerMTTF,
the policieswould still displaythe sametrends;only the absolute
numberswould changedependingon procesgechnologybaseline
MTTF, andthe systembeingmodeled.Thereforewe shav results
basedn the% changan MTTF values ratherthanabsolutenum-
bers,sothatthe dependencenthe absolutecalibrationis minimal.

6.1 Full Core Utilization

Sections5.1.1to 6.1.3examinethe casewhereall coresareac-
tively runningthreads.

6.1.1 TecdhniguedJtilizing Workload Allocation

This sectionanalyzesthe workload allocation policies' ability
to improve thermalcharacteristicsThe policiesthat we analyzed
in this sectioninclude Stop_Go Migration, Balance and Balan-
ce_Location Theresultsin Figure5, which arethe averageval-
uesfor all the 16-threadworkloads,indicatethat Migration, Bal-
ance andBalance_Locatiotave little impactonreliability in this
scenario—thids becausecoresarefully utilized and mostof our
workloadsarehighly homogeneous.

In the one heterogeneouworkload, the effect is still small. In
thatcasetheBalanceandBalance_Locatiopolicieseachimprove
reliability by 4.4% with minimal impact(lessthan1%) on perfor
mance.enepgy, and averagetemperature.Thus,in the absencef
idle cores,thesepoliciesarelesseffective thanthe oneswith volt-
ageandfrequeny scaling,which we discusdn Section6.1.2.

The Stop_Gapolicy wasnotablydifferentthanthe policiesdis-
cussedibore, asit hastheability to coolacoreevenin theabsence
of idle cores. Stop_Goimproved the MTTF by 65%, but with a
hefty 52% decreasén performanceanda 69% increasen enegy
consumption.Averagetemperatureof the processowas reduced
by 8%. The Stop_Gapolicy is proneto creatinglarge temperature
variationsdueto switchingamongactive andidle states However,
thefrequeny of stalling/resumingexecutionwashigh enoughthat
thetemperaturevariationswereof arelatively low magnitudeand
the reliability of the corewasdominatedby the thermalhot spots
only (i.e.,nosigni cant increasen cycling-basedailures).

6.1.2 Tedniqueswith \oltage/Fequencyscaling

Figure 6 shavs the effect of the DVFS policies on reliability
whenthe coresarefully utilized. DVFS hasa muchmoresigni -
cantimpactthantheworkloadallocationpolicies,dueto its ability
to reducetemperatur@venin thefaceof full utilization.

In particularwe nd severalkey insightsin theseresults.First, it
isimportantto alwayskeepaneye on peaktemperaturedvfs_perf
by selectvely choosingwhichthreadso scale sacri cesvery little
in performancebut doedagabit behindin MTTF in comparisorio
otherDVFS policies. This is becauset ignoresthermalwarnings.
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Figure5: Comparison of Workload Allocation Techniques

dvfs_perf_teactauponreachingathresholdaswell, andasaresult
losessomeperformancebut it hasoneof thelowestfailurerates.

Secondywe seesigni cant bene ts of proactve techniquesover
traditionalreactvetechniquesilt is interestingo notethattheother
DVFS policiesbeatdvfs_talongall axes,whichis particularlysur
prising on the performancedront. This is surprisingbecausgl)
dvfs_tonly scaleswhenit hasto, and (2) the other DVFS poli-
ciesdefaultto dvfs_tuponreachinghethresholdemperatureThe
reasorthat other DVFS policies performbetteris that proactvely
scalingathread(whoseperformancas tolerantto scaling)reduces
the temperaturen thatarea,andoften preventsotherneighboring
threadsrom reachingthethreshold.

Third, we seethatit is critical thatourthreadmanagementolicy
understandshe inherentthermalasymmetryof the multicore sys-
tem (an asymmetrythat will exist, in all likelihood, for ary mul-
ticore greaterthanfour cores). The policy that providesthe best
balanceamongall threemetricsis location_dvfswith afailurerate
thatis half of the baselineanda minimal performancdoss (3.8%
of default). To further investigatethis point, we comparedoca-
tion_dvfswith homogeneougproactve scaling: all coresat 85%
DVFSandall coresat 95%DVFS. AmongtheseDVFStechniques,
location_dvfsstill demonstratéhe besttrade-of point. The 95%-
DVFSresultimproved performanceverlocation_dvfdy lessthan
1%, but gave up 25% in processotifetime. The 85%-DVFS in-
creasedeliability signi cantly, but morethandoubledthe perfor
mancecostcomparedo location_dvfs

Ourtechniquesreeasilyadaptedo othersourceof asymmetry
suchasprocessariations,aslongaswe canquantifythe effectsof
suchvariationson thethermalandpower propertiesof eachcore.

6.1.3 Hybrid Techniques

We examinethe hybrid techniquesn this section,andshav the
resultsin Figure 7. Whenwe comparethe hybrid 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 reoganizingrunning
threadson afully utilized system.

6.2 Impact of Partial Utilization

It is expectedthat mostmulticore systemswill be utilized less
than100% mostof thetime. This is true especiallyfor the CMPs
in the sener domain. To evaluatetheimpactof schedulingmech-
anismson reliability when somecoresare idle, we usedthe 12
and 14 threadworkloadsdescribedn Table5: a CPU-boundand
a mixed CPU-bound/memory-boundorkload for eachof the 12
and14threadcasesTheresultsrepresenthe averageof the CPU-
boundandmixedcasedor thel2andl14threadexperiments At the
beginning of eachsimulation,we decidedwhich coresto leaveidle
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by choosingthe allocationwith thelowestpeaktemperatureOnce
we determinedheactive coreswe performedheinitial placement
of threadson thesecoresrandomly

We rst focuson the casewith 14 active threadsin Figure 8.
Although this utilization is closeto the full utilization examples
exploredin Section6.1,theimpacton thereliability of the various
policieschangesigni cantly.

Policieswith frequentworkloadre-allocation(i.e., Balance Mi-
gration) resultin poorerreliability with respecto the other poli-
cies. The Balancepolicy assigngobsto coresbasedon tempera-
tureratherthanlocationandoften mistalesa corethatis cool now
for a corethatwill staycoolin the future. Migration policiesthat
focusheaily oncurrenttemperatureareproneto thistypeof error.
TheMigration resulthasthesamdssue.Policiesthatmigratemore
thannecessarave two distinctreliability disadwantagesover the
othertechniquesFirst, migratingtoo oftenwill tendto thwart the
DPM managerwhich doesnot put a coreto sleepuntil it hasbeen
idle for awhile. Thisincreaseshetime coresspendrunningat hot-
ter temperaturesSecondmigration causeghermalcycling. This
was the dominantcauseof the low MTTF results,as the pover
variationsbetweeridle andactie statescreatecyclesof a signi -
cantmagnitude.We examinethe effectsof migrationsin detailin
Section6.4.

The Stop_Gmolicy achives1.25timesimprovementin MTTF.
However, thiscomesatthecostof adrasticperformanceandenegy
cost. Although Stop_Gacould be utilized effectively asa back-up
policy for thermalemegenciesto guaranteghattemperatureloes
notexceeda givenpeakvalue,it is inef cient if usedfrequently

Among the DVFS policies, dvfs_perfachiezes the bestperfor
manceof lessthan 2% degradationwhile location_dvfsresultsin
thelongestsystemlife time with a 69% improvement.The hybrid
policy Balance_Location&location_dviseemso provide the best
trade-of point amongthe policiesasit achieresalmostthe same
MTTF aslocation_dvfswith betterperformanceandlower enegy
consumption.The reasorthe hybrid schedulingpoliciesstill pro-
vide only smallgainsover DVFS policiesaloneis thatwe startthe
experimentswith anoptimal placemenbf idle cores.We examine
this furtherin Section6.3.

We expectthat astechnologyscalingcontinues the bandwidth
for performing voltage scalingwill decreaselue to the leakage
power andtransistorthresholdvoltagelimitations. This situation
will requireothermechanismg$or managingpower andtempera-
ture. Balance_Locatioris our bestcandidateor workloadalloca-



Figure 8: Effect of SystemUtilization (2 Idle Cores)

Figure 9: Effect of SystemuUtilization (4 Idle Cores)

tion, asit signi cantly increaseseliability with negligible perfor
manceloss.

Figure9 shavsthe12-coreutilizationresults.Becausehiptem-
peraturesare lower overall, the magnitudeof potentialreliability
gainsis reduced.In fact, policiesthatonly reactto thermalthresh-
olds seeno actvity in this scenario(e.g., Migration, dvfs_t etc.)
andthey give the sameresultsas the default policy, asthe core
temperatureso notexceedthethreshold.Policiesthatproactvely
look for opportunitiescanstill improve processolifetime signi -
cantly andevenBalance_Locatiomprovidessmallgains. Policies
that proactively migrate basedon currenttemperaturgBalance
male mistalesandcreatethermalcycling.

6.3 Effect of Initial Idle Core Locations

In this section,we examineeachpolicy's ability to adaptto dif-
ferentinitial workloadmapping®ntheprocessotopology For ex-
ample,whathappensvhenthe initial mappingof threadsto cores
is highly suboptimal?This could happerwith atopology-ignorant
schedule(alikely scenaricearlyon), or justbecausef jobsenter
ing or leaving thesystem We examinedseveralwaysof performing
theinitial allocation:bestpossibleworstpossibleandanin-order
placementf jobsoncores.

Thebestcasej.e.,thecasewith thelowestpeaktemperaturefor
12 activethreadsds leaving thecentercoreg(5, 6,9, 10)idle, andfor
14 active threadswhencores6 and9 areidle. The worst caseoc-
curswhenthe cornercoresareidle. Speci cally, theworstcasefor
a systemwith 12 active coresis leaving the cores0, 3, 12, and15
idle. Similarly, when14 coresareactive, leaving two of thecorner
coreson the oppositesidesidle, suchascores0 and 15, represent
theworstassignmentThein-order initial assignmenallocatesall
availablethread=on the coresstartingfrom core0 ascendingThis
methodinitially leaves cores12—-15idle when 12 threadsare ac-
tive, andcoresl14-15idle with 14 threadsareactive. Thein-order
methodattemptsto model a naive schedulerthat assigngobs to
coresusinga r st-availablestrateyy.

We have obsenred notabledifferencedn reliability betweerthe

experiments. For example, the policy dvfs_perf_texperiencesa
15%reductionin MTTF in comparisorto the bestallocationwhen
eitherthe worst or in-orderidle corelocationsare used. This de-
creasan reliability is comparableo the default policy's 20% re-
ductionin MTTF when using the in-order and worst caseinitial
assignments.

On the other hand,whendvfs_perf_twas combinedwith Bal-
ance_Locationwe were able to achieve a level of reliability to
matchthat of the optimal initial placement. This indicatesthat
oneof themajorrolesof theallocationpolicy is reassigninghread
topologiesto assistother policiesthat optimally setcore voltage
andfrequeng. Thus,in areal CMP systemi,it is critical to com-
bineaconservativenigrationtechniqugi.e.,onewhich avoidsun-
necessarynigrationsanddoesnot createcycling) with DVFStech-
niques. In the absenceof anintelligent migrationand scheduling
policy, it is dif cult to avoid detrimentalcon gurationsovertime.

6.4 Interactions with Power Management

Dynamic powver managemen{DPM) takes adwantageof pro-
longedcoreidlenessto put the coreinto a sleepmode. In sleep,
the power consumptiorof the coreis greatlydiminished.Eachof
the policiespresenteds compatiblewith dynamicpower manage-
ment, but someare ableto useDPM opportunitiesbetter Taking
a closerlook at two extremes,we rst examinetwo policies, Mi-
gration and Balance_Location&location_dvfer the het_12_mix
workloadwith 12 CPUandmemoryboundthreads Comparinghe
thermaltracesfor Migration andBalance_Location&location_dvfs
(Figure 10), the Migration policy suffers signi cant thermal cy-
cle variations. For Migration, we demonstratehe thermalcycles
obsered on two coresdueto frequentre-allocationof workloads.
For the Balance_Location&location_dvigolicy, we shaw all the
cores'thermaltraces,and obsene that eachcore's temperaturés
stableandlowerthanthethreshold.

This stability along with a lower peak temperatureresultsin
signi cantly higher reliability. Balance_Location&location_dvfs
turnsoutto be the bestpolicy whenpairedwith DPM, andit pro-
videsanincreasen MTTF of 36% over Migration, while the per
formancedifferenceis only 1.5%. Sowe seethatschedulingpoli-
cieswhich effectively managehreadlocationsand DPM policies
canreduceprocessotemperaturesndimprove reliability. At the
sametime, DPM can alsoleadto greaterthermalcycling which
cancounteracsomeof the MTTF gainsthatresultfrom the lower
power levels of sleepingcores. The adwerseeffect of DPM on re-
liability dueto thermalcyclesis alsoemphasizeéh previouswork
[25]. Thus,whenwe include the effects of thermalcycling fail-
ures,we obsere that the traditional assumptiongor nding op-
timal stratgjiesareincomplete;it would be wise to re-designthe
DPM policieswith areliability perspectie.

DespiteDPM's possibleimpact on reliability, we do see(Fig-
ure11) thatevenin thefaceof this cycling phenomenaDPM was
anoverallwin for all policieswith theexceptionof Balance In this
gure, weshav theaverageresultsover heterogeneouSPU-bound
workloads.ThereasorthatBalancerecevednobene t from using
DPM is its proactive mechanisnthatkeepsmoving hot threadsto
coldercores.Theresultis thatnocoreis idle longenougtto trigger
the sleepmode. On the otherend of the spectrumMigration and
Balance_Locatiorshav gainsof 27% and20% in MTTF for the
averagecaserespectiely. The reliability improvementin DVFS-
basedtechniquesare less prominentand range between4%—8%
MTTF increase.

Thepolicy Stop_Gaecevesalargebene tin enegy from using
DPM mechanismsteducingpower consumptiorby 27%in com-
parisonto theno-DPMcase.If confrontedwith adesignchoicethat



Figure 10: (a) CyclesCausedby the Migration Policy; (b) Stable Thermal Pro le of Balance_Location& location_dvfs

Figure11: MTTF and Energy Effects of DPM

requireghesimplicity of Stop_GoDPM couldhelpregainmuchof
theenepy lostfrom the constanstartandstopof individual cores.

In Table6 we shav thenumberof migrationsandnumberof V/f
settingchangegpersecondor the policiesto provide amorecom-
pleteunderstandingf the runtimebehaior. The policiesthatare
notlisteddo not utilize migrationsor DVFS. The columnsmarked
asALL, corner center andsidereferto theaveragenumberacross
all cores,acrosonly the cornercores,centercoresandsidecores,
respectiely. The resultsare with DPM, and for the CPU-bound
heterogeneouworkload with 14 threads(i.e., 2 idle cores). Mi-
gration hasa signi cantly higher numberof thread movements
in comparisonto other policies: almost3 times more than Bal-
ance_Location The low migrationcountof Balance_Locations
aresultof its ability to matchthe performancecharacteristicof
applicationswith thethermalbehaior of cores.Comparedo Bal-
ance_Locatioronly, combiningBalance_Locatiomwith DVFS in-
creaseshe frequeng of migrations,asthe temperaturepro le of
the coresvary more whentheir V/f settingsare dynamicallyad-
justed.Amongthe DVFS policies,dvfs_perhasthelowestnumber
of changesasit only altersthe V/f settingof applicationstolerant
to operatingat a slower speed.Also, dvfs_perf_teduceghe fre-
queng of changesn comparisorto dvfs_tasit proactiely adjusts
theV/f settingandtriggersthethermalthresholdfewertimes.

To betterunderstandhe tensionbetweenthe different failure
mechanismsFigure 12 presentsa breakdevn of the contribution
of differentfailure typesto reliability. This gure demonstrates
the normalizedaveragefailure ratefor our two bestandtwo worst
policies (i.e., best/vorstin termsof their averageMTTF results).
Theworkloadfor this experiments theheterogeneousPU-bound
workloadwith 12 threads.Recallthatthe failure rateis inversely
proportionalto MTTF. This gure shaws that Balance and Mi-
gration reducethe probability of failuresdueto electromigration
(EM) anddielectricbreakdavn (TDDB). If we ignoredthe effect

Migrations
ALL | corner| center| side
balance 476 | 4.75 5.00 4.65
migration 7.66 | 8.36 5.00 8.66
balance_loc 273 | 1.25 1.60 4.03
balance_loc&dvfs_t 3.65 | 3.85 2.10 4.33

balance_loc&vfs_perf t|| 3.64 | 3.86 2.10 4.30
balance_loc&oc_dvfs 3.54 | 3.70 2.20 4.12
V/f Setting Changes

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&vfs_perf t|| 3.58 | 4.00 2.00 4.20
Table 6: Number of Migrations and V/f Changes(per Second)

Figure 12: Contrib utions of Failur e Mechanisms

of thermalcycles,we would concludethatreliability hadincreased.
However, becausef the numberof threadmigrations,they create
large thermalcycles(TC). The Location_dvfsandthe hybrid Bal-
ance_Location&Location_dvisolicies,on the otherhand,reduce
the failure ratescausedby thermalhot spotswithout introducing
a signi cant amountof thermalcycling failures. Note thatin the
default case,asthereis no workloadre-allocation temperaturds
stableandno cyclesareobsened.

7. CONCLUSIONS

This paperanalyzesiow job schedulingandpowver management
policiesaffect systemlifetime. It demonstratea novel CMP simu-
lation framework which is ableto simulatethermaldynamicsover
farlongertime periodsthantypicalarchitecturakimulatorsathigh
accurag. It evaluatesa numberof techniquesn termsof their ef-
fectonreliability, temperaturegnegy, andperformance.

The resultsin this paperprovide several key insightsthat will
sene uswell in the designof futurethermalmanagemenolicies:

It is critical to considerthermalcycling effectsin additionto
peaktemperatureffects. We sav two policiesthaterroneously
appeato increasdifetime whenthermalcycling wasignored.

Thermalcycling is not a signi cant effectin afully utilized sys-
tem, asthe variancein power betweerrunningthreadswasnot



shavn to besufciently highto causeharmfuleffects.However,
whencoresareidle, it is importantthatwe manageheidle cores
in away thatdoesnot exacerbatehermalcycling.

Conserative policiesthat minimize migration not only reduce
thermalcycling, but alsomaximizeour ability to exploit sleep
statesvia DPM.

Understandinghermalasymmetrieswhich areeitherdueto the
layout of the processormr dueto processvariation, is critical
to effective thermalmanagement.Not understandinghermal
variancecausesnuch unnecessarynovementbecauseve can-
not discernbetweena hot threadanda hot core. Understanding
thethermalvarianceallows usto emplgy anasymmetrichermal
policy thataccountdor andevenexploits thatasymmetry

Proactve techniqueghatapply DVFS to frequeng-tolerantap-

plicationscanraisethe performanceof the entire system. This

is somavhatnon-intuitive, asthefrequeng-tolerantapplications
arealsothe coolestapplications.However, by lowering overall

temperatureship-wide, this allows the hot applicationsto run

longerwithout triggeringthermalevents.

In futurework, we will be addressingeliability managementf
multithreadedmulticore systems.We will seekto provide a com-
prehensie understandingf how parallel workloadsdiffer from
single-threadetdenchmarksandproposenovel managemertech-
niguesto addresshe particularcharacteristicef suchworkloads.
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