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Abstract

Large-scalesystemdike BlueGene/lare susceptibldo
a numberof softwae and hardware failures that can af-
fect systenperformance Periodic application chedkpoint-
ing is a commontedchnique for mitigating the amountof
work lost dueto job failures,but its effectivenessinderre-
alistic circumstancebasnotbeenstudied.In this paperwe
analyzethe system-leel performanceof periodic applica-
tion chedpointing using parametes similar to thosepro-
jectedfor BlueGene/LsystemsQOur resultsre ect simula-
tions on a toroidal interconnectarchitecture, usinga real
job log from a madine similar to BlueGene/Land with a
realfailure distribution froma large-scalecluster Our sim-
ulation studiesinvestigatethe impact of parametes sudh
as chedkpointoverheadand chedpointinterval on a num-
ber of performancemetrics,including boundedslowdown,
systermutilization, and total work lost. Theresultssuggest
that periodic chedkpointingmay not be an effectiveway to
improve the average boundedslowdownor average system
utilization metrics,thoughit reducesthe amountof work
lost dueto failures.We showthat overzealoushedpoint-
ing with high overheadcan amplify the effectsof failures.
Thestudyalsosugyeststhat new metricsand chedpointing
techniquesmay be required to effectivelyhandlejob fail-
ureson large-scalemadineslike BlueGenel/L.

1. Intr oduction

Large scale parallel machines,such as IBM's Blue-
Gene/L(BG/L henceforth)are expectedto play a key role
in takingonthedemand®f long-runningscienti ¢ applica-

tions. Becauseapplicationrunningtimescanbe on the or-
der of weeksto months,failuresthat force a job to restart
would be catastrophicwithout an effective checkpoint-
ing schemein place.Applicationsin thesesystemstypi-
cally checkpointperiodically but thereis a conspicuous
lack of evidencesuggestinghat suchperiodiccheckpoint-
ing is effective underreal-world job loadsandfailuredistri-
butions.This paper lls thatgapin the literatureby study-
ing the behaior of periodic application checkpointing
on a three-dimensionatoroidal communicationarchitec-
ture,usingrealjob logs andfailure tracesfrom large-scale
systems.

Most scienti ¢ applicationsperform their own check-
points at times during their executionwhenthereis mini-
mal state often betweeniterationsof anouterloop. Within
an aplication,thesecheckpointgendto be regularbothin
termsof frequeng andoverheadAn effective checkpoint-
ing schemeémprovesapplicationperformancen the pres-
enceof failuresby reducingthe amountof re-computation
following afault. It is alsoimperativethatfailuresdo notin-
cur severe performancepenalties Unfortunately the prob-
abilistic likelihood of job failure increaseswith the num-
ber of componentson which the job is running. Indeed,
it is likely that failuresare correlated[17, 12|, hencethe
probability of failure grows superlinearlywith the number
of nodes.Therefore massvely parallelapplicationsareex-
pectedto fail more frequently than single-processojobs
with the samerunning time. Even though the designof
BG/L hasa strongemphasisn reliability, we expectthat
fatalerrors(thoseresultingin job failure)will have asignif-
icantimpacton performance.

In theliterature,periodiccheckpointings largely a con-
sequencef assumptionsnaderegardingthe distribution of
failuresin large-scalesystemsin particular it is generally



assumedhat failuresare independentindidentically dis-

tributed. Studiesof real systemg17, 12], however, shav

thatfailuresarecorrelatedemporallyandspatially arenot

identically distributed, and can be predictedwith surpris-
ing accurag. Furthermorethe behaior of checkpointing
schemesindertheserealisticfailure distributionsdoesnot

follow the behaior predictedby standardcheckpointing
models[14].

This paperexploresthe effect of varying checkpointin-
tenalsandoverhead®n system-wideperformanceametrics
suchasaverageboundedlovdown, responséime,andwait
time. Our simulation-basedtudiesuseanactualsupercom-
puterjob log from LLNL [7], aswell asreal failure data
from alarge AlX cluster[17, 18]. While sucha study asit
is, hasneverbeendone,we alsoperformall experimentson
a three-dimensionatommunicationtorus, which imposes
additionalrestrictions The simulationsusingtoroidalinter-
connectge ect thearchitectureof BG/L, andtake into ac-
counttheinherentob schedulingconstraintg10, 13].

While muchwork on checkpointinghasbeendevotedto
determiningthe optimal chedpointinterval, this studyhas
no suchmotivation.Indeed BG/L doesnotsupportsystem-
initiated checkpointing[1]. Checkpointsare strictly initi-
atedby theapplicationsat appropriatgointsin theirexecu-
tion. Within the paper whenwe referto a periodiccheck-
pointingschemewe assume staticcheckpoininterval for
all applicationsWe investigatehe effect of this checkpoint
interval on systemperformancen the presencef failures.
Similarly, checkpointoverheads assumedo be a system-
wide staticcharacteristic.

This paperdemonstratethe behavior of periodiccheck-
pointing with a real supercomputejob log in the presence
of arealfailuredistribution onatoroidalcommunicatiorar
chitectureThecentralresultis thatperiodiccheckpointing,
while themostcommonmethodof mitigatingjob-levelloss
fromfailures,maynotbeappropriatdor improving system-
level metricson BG/L. Indeed,the checkpointingcan be
more detrimentalthan the failures,themseles. This sug-
geststhe needfor moreintelligentcheckpointingschemes.

2. RelatedWork

Checkpointingandits rolein high-performanceomput-
ing, is arich eld of researchTherearea numberof the-
oreticaland simulationstudiescovering variousaspectof
checkpointingn theliterature.lt includesstudiesonthe ef-
fectsof failure distributions, differentcheckpointingalgo-
rithms, and applicationprogramminginterfaceslike MPI.
We, however, con ne our literaturereview to threeprimary
aspectsof high-performancecomputing: (1) failures, the
role of failures,andfaulttolerantaspect®f large-scalear
allel systems(2) checkpointingalgorithmsapplicablefor
supercomputerfike BG/L or similar large-scalesystems

and (3) the role of job schedulingvis-a-vis failures and
checkpointingstratgjiesfor thesesystems.

Faults Algorithmic improvements or increased hard-
ware resourcesare often overshadwed by reliability is-

sues.Therehave beensereral approacheso dealwith this
problem, including managingsystemfailures [4, 5, 11].

Most theoreticawork focuseson providing failover mech-
anisms,such as hardware or software redundanyg. These
efforts, in practice,not only add overheadand comple-

ity to the programmingervironment,but alsoto the appli-
cationrunningervironments.

Che&pointing Application-initiated checkpointingis the
dominantapproachfor most large-scaleparallel systems.
Recently Agarwal et al [2] developedapplicationinitiated
checkpointingschemedor BG/L. There are also a num-
berof studiesreportingtheeffect of failureson checkpoint-
ing schemesncluding systemperformanceMost of these
worksassumedPoissorfailure distributions.A thoroughlist
canbefoundin [14], wherea studyon systemperformance
in presencef realfailuredistributionsconcludeghatPois-
sonfailure distributions are unrealistic.Similarly, a recent
study by Sahooet. al. [18, 12], analyzingthe failure data
from alargescaleclusterervironmentandits impacton job
schedulingreportsthatfailurestendto beclusteredaround
afew setsof nodesyatherthanfollowing a particulardistri-
bution. They alsoreporthow a job schedulingprocesscan
be tunedto take into accountthe failureson a large-scale
clusterby following certainheuristicq§23].

Job Sdheduling There are a number of researchefforts
analyzingjob schedulingand the impact of job schedul-
ing on system performancefor large-scaleparallel sys-
tems[6, 8, 9, 10, 21]. Most of thesestudiesaddressei-
thertemporalor spatialjob schedulingandconsidercheck-
pointing[15], datalocality, typeof workload,andoperating
ervironmentfor faulttolerantschedulind3, 16], to namea
few. For large-scalesystemdike BG/L [1] andEarth Sim-
ulator [21] therearevery few researchefforts considering
job schedulingn the presencef systenfailures,andnone,
thatwe know of, thatalsoconsidersheckpointingPlank's
work correlategob schedulingto the failureson a cluster
to studythe performancg14]. However, the workloadsin
thatstudyarearti cial, andonly a at architecturds con-
sidered A theoreticalframenork for performanceanalysis
of checkpointingschemess presentedn [20]. In addition
to consideringarbitrary failure distributions, they present
the conceptof an equicostcheckpointingstatey, which
variesthe checkpointinverval accordingto a balancebe-
tweenthe checkpointingcostandthe lik elihood of failure.
Previously from someof our earlierstudiesjob scheduling
wasrecognizedasplayinganimportantrole in systemper
formancel6, 21], but wasnot consideredo be a potential
tool for dealingwith failures. However, in [13], we extended



someof our own work on event prediction[18, 17, 22]
to improve job schedulingperformancen the presencef
uncertainty Recently a numberof statisticaland machine
learning-basedailure predictiontechniqueqd17, 22] have
beenproposedor proactive systemmanagement.

A shortreview of relatedworks shaws that checkpoint-
ing andassociatedob schedulingpolicies play an impor-
tantrole for large-scaleclustersystemperformancen the
presencef failures.To the bestof our knowledge,no pa-
per hasstudiedcheckpointingoehaior usingbothrealjob
logs andrealfailure logs. We notonly Il the gapin liter-
ature,but alsoextend our work to alternatve communica-
tion topologies We believe thatboth of thesecontributions
areuniquein theliterature.

3. Checkpointing for BlueGene/L

Ourcheckpointingstudyfocusesoninvestigatingsystem
performancegef ciency, andthroughputin the presencef
failureson atoroidaltopology We rst presenbackground
informationon BG/L. Few detailson the job scheduleiis
presentecswell, sinceits impacton systemperformance
in the presencenf checkpointingis one of our major con-
tributionsof this paper A numberof othercomponentof
thestudy includingthe simulator the metrics,andBG/L it-
self,arecoveredin detailelsavhere[13, 1]. Wereview some
of theseherefor the sale of completeness.

3.1. BlueGene/LAr chitecture

The BG/L supercomputersystem [1] is a three-
dimensionatorusof computenodes.Thesecomputenodes
arealsointerconnecteth atreetopology whichis usedfor
reductionoperationsandfor I/O. Communicatiorwith the
externalernvironmentis accomplishedhroughGigabit Eth-
ernetlinks attachedo the I/O nodesplacedstrateically in
thetreeinterconnects.

Most systems with toroidal interconnects, includ-
ing BG/L, arelimited by certainconstraintsvhenschedul-
ing jobs [10, 13]. Jobsare requiredto be placedin dis-
tinct, contiguous,cuboidal partitions. Eachjob on BG/L
is scheduledn an electrically-isolatedoartition. This en-
suresthat communicatiortraf ¢ for onejob cannotinter
ferewith thetraf ¢ for anotheljob, andenableghe system
software to be kept simple; protectionacrossjobs is en-
sured by hardware isolation. In order to satisfy these
requirements,a job partition on BG/L must be com-
posedas a three-dimensionainteger orthotopeof nodes.
Hence thejob scheduleseesBG/L asatorusof thesesu-
pernodeswith eachsupernodd&aving from 32to 512com-
putenodesdependingon the particulardeployment.in this
study we modelBG/L asbeingcomposeabf Su-
pernodes.

3.2. Checkpointing

BG/L provides systemsupportand libraries for appli-
cationsto perform checkpoint/restartsVhen an applica-
tion initiates a checkpointat time , progresson that job
is pausedor the chedkpointoverhead( ) afterwhich the
applicationmaycontinue Thechedpointlatency( ) is de-
ned suchthatjob failure betweertimes and will
forcethejob to restartfrom the previouscheckpointyather
than the currentone; failure after time meansthe
checkpointwas successfubnd the applicationcan restart
asthoughcontinuingexecutionfrom time . Thereis also
a chedkpointrecovery paramete ) which is the time re-
quiredfor ajob to restartfrom a checkpointlt wasshawn
[14] that typically hasaninsigni cant impacton check-
pointing performancédor realisticfailuredistributions.Fur-
thermore,jn alog with 10,000jobs, the numberof check-
pointsperformedoutnumberedhe failed jobs by ordersof
magnitudeithe costof is paid far more frequentlythan
thecostof . Furthermorethedowntimefor nodesin asu-
percomputetendto be substantiallylessthanin a typical
cluster Thereforethis studywill treat and

While it is possible for systemsto initiate check-
points of MPI applications at mostly arbitrary times
[19], this capability can have a high implementationcost
and is typically accompaniedby degraded checkpoint-
ing performanceConsequentiBG/L exclusively supports
application-initiatedcheckpointing.Thus, the checkpoint-
ing interval is a featureof the applicationsnot of the sys-
tem. In practice thesecheckpointsareonly approximately
periodic, often correspondingo loop iterations. We de-
scribe this behavior with a static interval for simplicity.
To ensurethat  is assmall aspossible, BG/L usestech-
nigues such as incrementalcheckpointingand memory
hashing[2]. The projectedupper bound for checkpoint-
ing any applicationon BG/L is 720 secondsWe therefore
usea 720 secondoverheadn our study In orderto ascer
tain the sensitvity of our resultsto the  parameterwe
alsotested60 secondand 3600 secondoverheadsas con-
sideredelsavhere[14].

3.3. Job Scheduler

The scheduleiis giventhe following input: nodetopol-
ogy, thecurrentstatusof eachnode aqueueof waiting jobs,
checkpointinginformation,andfault predictions(not con-
sideredin this study).For everyjob , the scheduleknows
thejob sizein nodes( ) andthe estimatedexecutiontime
of thejob ( ). After ajob hasbeenscheduledo start(be-
gin) attime , the schedulercan computethe estimated
completiontime of thejob ( ). Onceajob com-
pletesexecution,the estimatedvaluefor is replacedby



its actualvalue.Migration is disabledin this study andis
notcurrentlyplannedor BG/L.

The scheduler operates under the following con-
straints,which are basedon earlier job schedulingwork
for BG/L [10, 13] and newn constraintsrelated to fail-
ures.

Only onejob mayrunonagivennodeatatime. There
is no co-schedulingpr multitasking.

A job partitionmustbe a cuboid.

Nodesmay fail at ary time; if ajob is runningon a
nodewhenit fails, all unsavedwork onthatjob is lost.

Anotherimportantdifferencefrom [10] is the back lling
mechanismWe use a weak back lling stratey that ac-
tually resenes a partition for the job at the front of the
gueue Speci cally, the job resenesthe bestpartition such
thatthe maximalfree partition (MFP) at the currenttime is
not blocked (if possible),which also maximizesthe MFP
at the resenation time. Previously, that job had only got-
tenaresenationtime andsize,with theactualpartitionbe-
ing selectedater. This new stratgyy aimsto give theearlier
job priority to the mostdesirablepartition at the resena-
tion time. We feel this is morein keepingwith the princi-
plesof a FCFSscheduler

Qualitatively speakingatoroidalarchitecturdhasanim-
pacton performancéehaior becauseparenodescannot
be incorporatedn the computationunlessthey are part of
the partition.If ajob is usingits entire partition,anda sin-
gle nodefails, thatjob will needto berescheduledh a dif-
ferentpartition; a nodeoutsidethe partition cannotsimply
beusedasaspare.

3.4. Metrics

The goal of the system,particularly the job scheduler
andcheckpointingnechanismds to minimizethejob wait
time andsystenidle time,andmaximizethesystemutiliza-
tion. In this checkpointingstudy we considemetricssimi-
lar to our fault-avarejob schedulingstudieg13] andother
job schedulingstudiesfor BG/L [10]. Theactualjob execu-
tion time is calculatecbasedn starttime  andactual n-
ishtime of eachjob. Similarly, , ,andjobarrivaltime
() canbe usedto calculatewait time , re-
sponsdime , andboundedslowvdown

, where secondsThereforewe consider

the following metricswhenevaluatingoverall systemper
formance:(1) , (2) and(3)

In ourcalculationsye usedheso-calledlast starttime”
of eachjob, whichis thelatesttime at which thejob started
runningin the cluster Theremay be mary starttimes, be-
causea failed job returnsto the wait queue.lt would be
misleadingto usethe rst starttime, because job mayfail

mary times, spendtime checkpointingin the cluster and
wait in the queue,all aftertheinitial starttime. However,
due to our choiceof starttime in this study tendsto
besimilarto . In ourexperienceyptilization is a mislead-
ing performancametric. We thereforedo not focusonit in
this study but mentionit in the context of maximizingsys-
temutilization andminimizing lostwork, asde nedin sec-
tion 4.

4. Experiments

We perform quantitatve comparisonsamong various
checkpointingand systemparameteraising a simulation-
basedapproachAn event-drivensimulatoris usedto pro-
cessactualsupercomputejob logs, andfailure datafrom a
large-scalecluster The simulationsproducemeasurements
of themetricscoveredin section3.

4.1. Simulation Environment

The event-driven Java simulator models a 128 (su-
per)nodetorusin a three-dimensional con g-
uration. The simulatoris provided with a job log, a fail-
ure log, and other parametergfor example: checkpoint
overheadcheckpointintenal). The eventsinclude: (1) ar-
rival events (2) start events and(3) nish events similar
to othersimilar job schedulingsimulators[10, 13]. Addi-
tionally, the simulator supports(4) failure events which
occur when a nodefails, (5) recovery events which cor
respondto a failed node becomingavailable again, (6)
chedkpointstart events indicatingthe startof a job check-
point,and(7) chedpoint nish eventswhich correspondo
thecompletionof acheckpoint.

Comparedto earlier work [13], the following changes
weremadeto the simulationervironment.

Jobsmaybecheckpointedandthesecheckpointhave
anoverheadTheinterval andoverheadtostareparam-
etersof thesimulation.

Thedowntime of afailednodeis setat a constantl20
secondswhich is estimatedo be therestarttime of a
BG/L node.While down, no jobs may be run on the
node.

The job schedulemusesno event predictionor migra-
tion. It is similar to the scheduleusedby Krevat[10]

with only back lling. Any changesare notedin sec-
tion 3.3.

We exclude event predictionfrom this studyin orderto
focusour attentionon the behaior of checkpointingn ex-
isting systemsin particular we examinecheckpointingin
the presencef real job andfailure logs on multiple com-
municationarchitecturesThis studyis acrucial rst stepto-
wardour futurework: applyingeventpredictionto improve



checkpontingAs mentionedbefore, it also lls aconspicu-
ousgapin thecheckpointinditerature.

Thesimulationproducevaluesfor thelaststarttime ()
and nish time( ) of eachjob, which areusedto calculate
waittime (), responséime ( ), andboundedslovdowvn
(). We calculatedsystemcapacityutilized andwork lost
basedn thefollowing formulations.

If denoteghetime span
of thesimulation thenthecapacityutilized ( ;) is thera-
tio of work accomplishedo computationapower available.

util

Let bethetime of failure , and
asaresultof , which may be null. If is the time at
whichthelastsuccessfutheckpoinfor  startedthenthe
amountof work lost asaresultof failure is

(this equals for ). Hence,the total work lost

( lostis

be the job thatfails

lost

Thereis an additionalcomponent ,,,sed Which mea-
surescapacitythat is unusedbecauseof a lack of job(s)
requestingnode(s)or other reasonsunrelatedto failures.
However, we do not considetthis parametefor our study
Givenatorusof x edsize |, failuredistribution,anda
setof jobs(sothat and arexed ), maximizing
is equivalentto thegoalof minimizing , while minimizing
lost 'équiresminimizing the expecteddistancebetweera
failure andthe last checkpoint,particularly for large jobs.
Often itself is usedasa performancemetric. While this
is justi able for schedulershatstartwith all jobswaitingin
thequeuepur simulationanodeljobsasarriving overtime.
Thus,along-runningjob arriving latein the simulationcan
completelydominate , renderingmoot mary scheduling
decisiongnadeearlierin thesimulation.

4.2. Workload and Failure Models

We considereda job log from the parallel workload
archive [7] to inducetheworkloadon the system.The par
allel job log is from LawrencelLivermoreNational Labo-
ratory's 256 nodeCray T3D, collectedin 1996 (referredto
asLLNL job logs). The log contained jobs. The
averagesize in nodeswas 10.2, the averageruntime was
1024 secondsand the maximum runtime was 41 hours.
The LLNL log was used becauseboth T3D and BG/L

1 As mentionedearlie; experimentswere also done using logs from
NASA Ames's 128-nodeiPSC/860machinecollectedin 1993, and
from the SanDiego Supercompute€enters 128-noddBM RS/6000
SP(1998-2000)Werestrictour resultsin this paperto theLLNL logs,
which mostcloselymatchBG/L.
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are large-scalesupercomputersvith a three-dimensional
toroidal interconnectarchitecturethat are primarily used
by the LawrenceLivermoreNational Laboratoryfor long-
runningscienti ¢ applicationsThereis every reasorto be-
lieve thatbothmachineswill seesimilarworkloads.

Job sizeswere restrictedto powers of two. Strictly by
numberof jobs,thelog wasdominatecby shortjobsof size
one;this is the casein every reallog we obsened. Perfor
manceof thesystemhowever, wasprimarily dictatedoy the
largerandlongerjobs.Thelog hadalargenumberof job ar-
rivals nearthe beginning of the simulation,but thesejobs
tendedto be small. A more instructve measurds the ar-
rival rateof work to thecluster Thus,the arrival attime
ofajob ofsize nodeswith anexecutiontimeof sec-
ondswould be plotted as work unitsattime . The
arrival of work is shavn in Figure1. Becauseve aremea-
suringwork, notthe numberof jobs,the effectsof theshort
jobsthatarrive nearthe beginning of the simulationarenot
visible.

For failurelogs, we used Itered, normalizedracescol-
lectedfor ayearfrom a setof AIX machinedor apre-
viousstudyon failureanalysig18]. A failure,in this paper
is ary critical event (hardware or software)that would re-
sultin thefailure of ajob runningonthatnode .We usefail-
uresfrom the rst suchmachinesyesultingin
failures,an averageof failuresperday. The MTBF on
ary nodein theclusterwas  hours,meaninga job run-
ning on all nodeswould fail every hours,on average.
Thereforethetiming anddistribution of failuresusedn this
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studyre ect the behaior of actualhardwareand software
in alarge cluster A singlefailurein thelog corresponds$o

thefailure of a supernodén BG/L, sotheimplicit assump-
tion is that BG/L hardwarewill be 32-512timesmorere-

liable than AIX clusterhardware.Failure logs from proto-

typeBG/L machinesuggesthatthis assumptioris reason-
able. Indeed,both the rate and distribution of the failures
in the AIX clusterclosely resembledhe failure behaior

of the BG/L prototype.The densityof thesecritical events
overtimeis shawvn in Figure2.

5. Simulation Results

We presentour resultsfor the LLNL job log. Initially,
we cover the generalcharacteristic®f performancefor a
toroidal clusterin the presenceof failures,followed by an
analysisof theimpactof failuresand of the topologycon-
straintson thesecharacteristicsThe resultspresentedere
necessarilyrepresent small subsetof the simulationdata
we gatheredIn all, the simulationsfor all logsrepresent
cumulative 121,000daysof machingime, andtheschedul-
ing of 21,600,00(obs. The graphsdisplayedhereare ex-
clusively for the LLNL log, andusinga toroidal architec-
ture, exceptwherenoted.Dataareincludedeitherbecause
they arerepresentatie,or becausé¢hey mostclearlydemon-
strateaninterestingoehaior.

Figure 3 shavs boundedslondown versuscheckpoint
interval in seconds.The three curves representhe three
checkpointoverheadswe considered.The intent was to
shootboth high and low, while the 720 secondoverhead
camefrom theprojectiondor BG/L. Averagaesponséime
andaveragewait time, plottedin Figures4 and5, respec-
tively, tendedto be similar to averageboundedslowdown,
but did not exhibit somefeaturesas prominently As we
noted earlier responsdime and wait time also tendedto
be similar to eachother Therefore our analysisof the re-
sultsfocuseson boundedslondowvn. The mostprominent
characteristiof Figure3is theexponentialworseningn the

1
Interval (seconds)

Figure 5. LLNL, wait time.

metricasthe checkpointdecomemorefrequent A similar
exponentialrelationshipcan be seenin the systemutiliza-
tion, plottedin Figure6. This behaior is almostentirely a
consequencef the costof performingthe checkpointsbut
an additionalcostis paid for failuresduring checkpoints
(coveredin detail later). In other words, overly-frequent
checkpointingendsto make back lling moredif cult, be-
causgobsrequirelongerresenations.

In Figure 3, we anticipateda U-shapecdcurve, illustrat-
ing thetradeof madeby mary checkpointingschemesThe
lowestpoint on that curve would be approximatelythe op-
timal chedpointinterval for this metric. Moving to theleft
(more frequentcheckpoints)shouldincreasethe bounded
slowdown becausehe costof performingthe checkpoints
outweighsthe bene ts. Moving to the right (lessfrequent
checkpointsshouldalsoincreasethe metric, this time be-
causemore work is beinglost dueto failures.While this
behaior was obserned in the NASA log (not shawn) for

secondswe weresurprisedy its absencevhenus-
ing the LLNL log. Onereasorfor this wasthatthe NASA
workloadwasmuchlighterthantheLLNL workload,mean-
ing thatexcessve checkpointingvouldbelesslik ely to neg-
atively impactthe schedulingof later jobs. For the LLNL
log, checkpointingirequentlyenoughto counteracthe ef-
fectsof failuresalreadymeantcheckpointingoo frequently
to permiteffective schedulingof theremainingjobs.
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Figure 6. LLNL, average system utilization vs.
checkpointinting interval.

Another major featureis the jaggednes®sf the curves.
Suchbehavior is a consequencef several factors,includ-
ing (1) interactionof the FCFSalgorithmandthetoruscon-
straintsand(2) theoccurrencef failure€. Furthermoregn-
forcemenbf theFCFSpolicy makestheschedulewverysen-
sitive to smallchangesSmallchangesn effective job run-
ning times are ampli ed by the schedulerparticularlyin
conjunctionwith torusfragmentatiorandfailurebursts.For
example,a job at the front of the queuemustbe scheduled
beforeary other jobs of that size or larger. If thatjob is
unlucky andfails multiple times, or is oddly-shapedor is
slightly too long, theremay be mary jobsbehindit thatare
delayedasaresult.In somesituationstheseeffectsareeven
morepronouncedhananything relatedto checkpointing.

Thecurvesin Figures3-5 atten astheintervalincreases.
If the plots were extendedfurther to the right, eachcurve
would converge on a value at or beforethe interval equal
to the longestrunningtime of ary job in thelog. Oncethe
interval is longerthan a particularjob, thatjob no longer
checkpointsThus, asthe interval increasedurther, fewer
jobsareaffectedby thechange.

We considerthe amountof work lost dueto failuresin
Figure 7, which plots that metric vs. checkpointinterval.
Again,we nd thatthe secondsverheadcturves
upontheleft, suggestinghatoverly-frequenaindexpensve
checkpointingcan negatively impact performance How-
ever, this is work lost due to failures, not wasteddue to
checkpointing.The upward tail of this curve comesfrom
failuresduring checkpointingCheckpointsncreasehe ef-
fective runningtime of the application,therebyincreasing
the chanceof failure.In this plot, we canseethatan over-
headof secondsasin BGIL, is acceptabldor
checkpointingthat aimsto minimize work lost from fail-
ures,for thislog.

2 This statementvasfurther investigatedand con®rmed by consider
ing "atarchitecturesindfailure-freeclusters the resultsof which are
notpresentedhere.

Work Lost
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Figure 7. LLNL, work lost from failures vs.
checkpointinting interval.

6. Contributions and Future Work

Periodiccheckpointings oneof themostcommontech-
nigueto counteracthe effectsof failuresin caseof large-
scalecomputersystemsin orderto dealwith realisticfail-
ure distributions, periodic checkpointingmay not be opti-
mal. Presuminghatthe job log andfailure traceareaccu-
ratepredictionsfor the behaior of BG/L, which is reason-
able,thesesimulationssuggesthattheoptimalcheckpoint-
ing stratey for BG/L, consideringonly boundedslondown
andutilization,is to nevercheckpointtall. We certainlydo
not adwocatethat checkpointingstratey (or lack thereof)
for BG/L, of courseput proposehatoneof severalconclu-
sionsmay be drawn. First, averagingboundedslovdown
overall jobsmaynotbearelevantmetricfor checkpointing
performancethe larger jobs arethe onesfor which check-
pointing is mostcrucial, andthereis no reasonto believe
thatcheckpointingwill reduceboundedslovdown, because
the checkpointingtself tendsto increaseeffective job run-
ning times.Secondperiodiccheckpointingnay not be the
optimalstratayy in the presencef realisticfailure distribu-
tions;in reallife, failuresaregenerallynot independenor
identically distributed,do not behave like a Poissorarrival
processandarenot strictly unpredictableln otherwords,
while BG/L musthave checkpointingrealisticmachinebe-
havior demandsew performancemetricsandnew check-
pointingstratgies.

If this failure distribution holdsfor BG/L, andif the es-
timated checkpointoverheadis accurate overly-frequent
checkpointingwill likely be a more severe problemthan
failureswith regardto overall systemperformanceSince
BG/L checkpointsare always application-initiated, this
is an importantobsenation: userapplicationsthat check-
point overzealouslycan degrade overall system perfor
mancewithout bene tting eventhemseles.Of coursethis
analysisdoesnot consideruserlevel metricssuchas per
ceivedspeedr fairness.

As with ary simulation-basedtudyusingreallogs,these



resultsmay not apply to all loadsor failure distributions.
However, we feel thatthereis sufcient evidencethatthese
intuitive resultsextendto mostinputs.In particulatr we be-
lievethattheresultsindicatethatnave periodiccheckpoint-

ing on BG/L will primarily degradeoverall performance.

This suggestghe use of more clever techniquessuchas
thoseusingeventprediction.

We addingnew abilitiesto the fault-avareclustersimu-
lator, with work towardincludingthefollowing:

Adapt checkpointingbehaiors accordingto runtime
conditions suchastheresultsof eventprediction.Pro-
pose heuristicsfor improving checkpointingperfor
mance.

Exploit regularity in the useandbehaior of thesesys-
temsto moreintelligently utilize resources.

Extend the fault-avare job schedulingto consider
other system software and programming environ-
ment parameters,including operating system and
memorymanagemergparameters.

Make quality of serviceguaranteest job submission
time,andschedule/checkpoifbbssoasto meetthose
promises.
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