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Abstract

Large-scalesystemslike BlueGene/Lare susceptibleto
a numberof software and hardware failures that can af-
fect systemperformance. Periodic applicationcheckpoint-
ing is a commontechnique for mitigating the amountof
work lost dueto job failures,but its effectivenessunderre-
alistic circumstanceshasnotbeenstudied.In thispaper, we
analyzethe system-level performanceof periodic applica-
tion checkpointingusingparameters similar to thosepro-
jectedfor BlueGene/Lsystems.Our resultsre�ect simula-
tions on a toroidal interconnectarchitecture, usinga real
job log from a machinesimilar to BlueGene/L,andwith a
real failuredistribution froma large-scalecluster. Our sim-
ulation studiesinvestigatethe impact of parameters such
ascheckpointoverheadandcheckpoint interval on a num-
ber of performancemetrics,includingboundedslowdown,
systemutilization, and total work lost. Theresultssuggest
that periodiccheckpointingmaynot bean effectiveway to
improvetheaverage boundedslowdownor average system
utilization metrics,thoughit reducesthe amountof work
lost dueto failures.We showthat overzealouscheckpoint-
ing with high overheadcan amplify the effectsof failures.
Thestudyalsosuggeststhatnew metricsandcheckpointing
techniquesmay be required to effectivelyhandlejob fail-
ureson large-scalemachineslike BlueGene/L.

1. Intr oduction

Large scale parallel machines,such as IBM' s Blue-
Gene/L(BG/L henceforth)areexpectedto play a key role
in takingonthedemandsof long-runningscienti�c applica-

tions.Becauseapplicationrunningtimescanbe on theor-
der of weeksto months,failuresthat force a job to restart
would be catastrophicwithout an effective checkpoint-
ing schemein place.Applications in thesesystemstypi-
cally checkpointperiodically, but there is a conspicuous
lack of evidencesuggestingthatsuchperiodiccheckpoint-
ing is effectiveunderreal-world job loadsandfailuredistri-
butions.This paper�lls thatgapin the literatureby study-
ing the behavior of periodic application checkpointing
on a three-dimensionaltoroidal communicationarchitec-
ture,usingreal job logsandfailure tracesfrom large-scale
systems.

Most scienti�c applicationsperform their own check-
pointsat timesduring their executionwhenthereis mini-
mal state,oftenbetweeniterationsof anouterloop.Within
an aplication,thesecheckpointstendto be regular both in
termsof frequency andoverhead.An effective checkpoint-
ing schemeimprovesapplicationperformancein the pres-
enceof failuresby reducingtheamountof re-computation
followingafault.It is alsoimperativethatfailuresdonotin-
cur severeperformancepenalties.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
probabilityof failure grows superlinearlywith the number
of nodes.Therefore,massively parallelapplicationsareex-
pectedto fail more frequently than single-processorjobs
with the samerunning time. Even though the designof
BG/L hasa strongemphasison reliability, we expect that
fatalerrors(thoseresultingin job failure)will haveasignif-
icantimpactonperformance.

In theliterature,periodiccheckpointingis largelya con-
sequenceof assumptionsmaderegardingthedistributionof
failuresin large-scalesystems.In particular, it is generally



assumedthat failuresare independentand identically dis-
tributed.Studiesof real systems[17, 12], however, show
thatfailuresarecorrelatedtemporallyandspatially, arenot
identically distributed,and can be predictedwith surpris-
ing accuracy. Furthermore,the behavior of checkpointing
schemesundertheserealisticfailuredistributionsdoesnot
follow the behavior predictedby standardcheckpointing
models[14].

This paperexplorestheeffect of varyingcheckpointin-
tervalsandoverheadson system-wideperformancemetrics
suchasaverageboundedslowdown,responsetime,andwait
time.Oursimulation-basedstudiesuseanactualsupercom-
puter job log from LLNL [7], as well as real failure data
from a largeAIX cluster[17, 18]. While sucha study, asit
is, hasneverbeendone,wealsoperformall experimentson
a three-dimensionalcommunicationtorus,which imposes
additionalrestrictions.Thesimulationsusingtoroidalinter-
connectsre�ect thearchitectureof BG/L, andtake into ac-
counttheinherentjob schedulingconstraints[10, 13].

While muchwork oncheckpointinghasbeendevotedto
determiningtheoptimalcheckpoint interval, this studyhas
nosuchmotivation.Indeed,BG/L doesnotsupportsystem-
initiated checkpointing[1]. Checkpointsare strictly initi-
atedby theapplicationsatappropriatepointsin theirexecu-
tion. Within thepaper, whenwe refer to a periodiccheck-
pointingscheme,weassumeastaticcheckpointinterval for
all applications.We investigatetheeffectof thischeckpoint
interval on systemperformancein thepresenceof failures.
Similarly, checkpointoverheadis assumedto bea system-
widestaticcharacteristic.

This paperdemonstratesthebehavior of periodiccheck-
pointingwith a realsupercomputerjob log in thepresence
of arealfailuredistributiononatoroidalcommunicationar-
chitecture.Thecentralresultis thatperiodiccheckpointing,
while themostcommonmethodof mitigatingjob-level loss
from failures,maynotbeappropriatefor improvingsystem-
level metricson BG/L. Indeed,the checkpointingcan be
more detrimentalthan the failures,themselves.This sug-
geststheneedfor moreintelligentcheckpointingschemes.

2. RelatedWork

Checkpointing,andits rolein high-performancecomput-
ing, is a rich �eld of research.Therearea numberof the-
oreticalandsimulationstudiescoveringvariousaspectsof
checkpointingin theliterature.It includesstudieson theef-
fectsof failure distributions,differentcheckpointingalgo-
rithms, andapplicationprogramminginterfaceslike MPI.
We,however, con�ne our literaturereview to threeprimary
aspectsof high-performancecomputing:(1) failures, the
roleof failures,andfault tolerantaspectsof large-scalepar-
allel systems,(2) checkpointingalgorithmsapplicablefor
supercomputerslike BG/L or similar large-scalesystems

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

Faults Algorithmic improvements or increased hard-
ware resourcesare often overshadowed by reliability is-
sues.Therehave beenseveralapproachesto dealwith this
problem, including managingsystemfailures [4, 5, 11].
Most theoreticalwork focuseson providing failover mech-
anisms,suchas hardware or software redundancy. These
efforts, in practice,not only add overheadand complex-
ity to theprogrammingenvironment,but alsoto theappli-
cationrunningenvironments.

Checkpointing Application-initiated checkpointingis the
dominantapproachfor most large-scaleparallel systems.
Recently, Agarwal et al [2] developedapplicationinitiated
checkpointingschemesfor BG/L. Thereare also a num-
berof studiesreportingtheeffectof failuresoncheckpoint-
ing schemesincluding systemperformance.Most of these
worksassumePoissonfailuredistributions.A thoroughlist
canbefoundin [14], whereastudyonsystemperformance
in presenceof realfailuredistributionsconcludesthatPois-
sonfailure distributionsareunrealistic.Similarly, a recent
studyby Sahooet. al. [18, 12], analyzingthe failure data
from alargescaleclusterenvironmentandits impacton job
scheduling,reportsthatfailurestendto beclusteredaround
afew setsof nodes,ratherthanfollowing aparticulardistri-
bution. They alsoreporthow a job schedulingprocesscan
be tunedto take into accountthe failureson a large-scale
clusterby following certainheuristics[23].

Job Scheduling There are a number of researchefforts
analyzingjob schedulingand the impact of job schedul-
ing on systemperformancefor large-scaleparallel sys-
tems [6, 8, 9, 10, 21]. Most of thesestudiesaddressei-
thertemporalor spatialjob scheduling,andconsidercheck-
pointing[15], datalocality, typeof workload,andoperating
environmentfor fault tolerantscheduling[3, 16], to namea
few. For large-scalesystemslike BG/L [1] andEarthSim-
ulator [21] therearevery few researchefforts considering
job schedulingin thepresenceof systemfailures,andnone,
thatwe know of, thatalsoconsiderscheckpointing.Plank's
work correlatesjob schedulingto the failureson a cluster
to studythe performance[14]. However, the workloadsin
that studyarearti�cial, andonly a �at architectureis con-
sidered.A theoreticalframework for performanceanalysis
of checkpointingschemesis presentedin [20]. In addition
to consideringarbitrary failure distributions, they present
the conceptof an equicostcheckpointingstategy, which
variesthe checkpointinverval accordingto a balancebe-
tweenthecheckpointingcostandthe likelihoodof failure.
Previously from someof our earlierstudies,job scheduling
wasrecognizedasplayinganimportantrole in systemper-
formance[6, 21], but wasnot consideredto be a potential
tool for dealingwith failures.However, in [13], weextended



someof our own work on event prediction [18, 17, 22]
to improve job schedulingperformancein the presenceof
uncertainty. Recently, a numberof statisticalandmachine
learning-basedfailure predictiontechniques[17, 22] have
beenproposedfor proactivesystemmanagement.

A shortreview of relatedworks shows that checkpoint-
ing andassociatedjob schedulingpoliciesplay an impor-
tant role for large-scaleclustersystemperformancein the
presenceof failures.To the bestof our knowledge,no pa-
perhasstudiedcheckpointingbehavior usingboth real job
logs andreal failure logs.We not only �ll the gapin liter-
ature,but alsoextendour work to alternative communica-
tion topologies.We believe thatbothof thesecontributions
areuniquein theliterature.

3. Checkpointing for BlueGene/L

Ourcheckpointingstudyfocusesoninvestigatingsystem
performance,ef�ciency, andthroughputin thepresenceof
failuresona toroidaltopology. We �rst presentbackground
informationon BG/L. Few detailson the job scheduleris
presentedaswell, sinceits impacton systemperformance
in the presenceof checkpointingis oneof our major con-
tributionsof this paper. A numberof othercomponentsof
thestudy, includingthesimulator, themetrics,andBG/L it-
self,arecoveredin detailelsewhere[13, 1]. Wereview some
of theseherefor thesake of completeness.

3.1. BlueGene/LAr chitecture

The BG/L supercomputersystem [1] is a three-
dimensionaltorusof computenodes.Thesecomputenodes
arealsointerconnectedin a treetopology, which is usedfor
reductionoperationsandfor I/O. Communicationwith the
externalenvironmentis accomplishedthroughGigabitEth-
ernetlinks attachedto theI/O nodes,placedstrategically in
thetreeinterconnects.

Most systems with toroidal interconnects, includ-
ing BG/L, arelimited by certainconstraintswhenschedul-
ing jobs [10, 13]. Jobsare requiredto be placedin dis-
tinct, contiguous,cuboidalpartitions.Each job on BG/L
is scheduledon an electrically-isolatedpartition. This en-
suresthat communicationtraf�c for one job cannotinter-
ferewith thetraf�c for anotherjob, andenablesthesystem
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-dimensionalinteger orthotopeof nodes.
Hence,the job schedulerseesBG/L asa torusof thesesu-
pernodes, with eachsupernodehaving from 32to 512com-
putenodes,dependingon theparticulardeployment.In this
study, we modelBG/L asbeingcomposedof ��������� su-
pernodes.

3.2. Checkpointing

BG/L provides systemsupportand libraries for appli-
cationsto perform checkpoint/restarts.When an applica-
tion initiates a checkpointat time � , progresson that job
is pausedfor the checkpointoverhead( � ) after which the
applicationmaycontinue.Thecheckpointlatency( � ) is de-
�ned suchthat job failure betweentimes � and �
	�� will
forcethejob to restartfrom thepreviouscheckpoint,rather
than the currentone; failure after time ��	
� meansthe
checkpointwas successfuland the applicationcan restart
asthoughcontinuingexecutionfrom time � . Thereis also
a checkpoint recovery parameter( � ) which is the time re-
quiredfor a job to restartfrom a checkpoint.It wasshown
[14] that � typically hasan insigni�cant impacton check-
pointingperformancefor realisticfailuredistributions.Fur-
thermore,in a log with 10,000jobs, thenumberof check-
pointsperformedoutnumberedthe failed jobsby ordersof
magnitude;the costof � is paid far morefrequentlythan
thecostof � . Furthermore,thedowntimefor nodesin asu-
percomputertendto be substantiallylessthanin a typical
cluster. Therefore,this 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 performance.Consequently, BG/L exclusively supports
application-initiatedcheckpointing.Thus, the checkpoint-
ing interval is a featureof theapplications,not of the sys-
tem.In practice,thesecheckpointsareonly approximately
periodic, often correspondingto loop iterations.We de-
scribe this behavior with a static interval for simplicity.
To ensurethat � is assmall aspossible,BG/L usestech-
niques such as incrementalcheckpointingand memory
hashing[2]. The projectedupper bound for checkpoint-
ing any applicationon BG/L is 720seconds.We therefore
usea 720secondoverheadin our study. In orderto ascer-
tain the sensitivity of our resultsto the � parameter, we
alsotested60 secondand3600secondoverheads,ascon-
sideredelsewhere[14].

3.3. Job Scheduler

The scheduleris given the following input: nodetopol-
ogy, thecurrentstatusof eachnode,aqueueof waitingjobs,
checkpointinginformation,andfault predictions(not con-
sideredin this study).For every job � , theschedulerknows
the job sizein nodes( ��� ) andtheestimatedexecutiontime
of thejob ( ��� ). After a job � hasbeenscheduledto start(be-
gin) at time ��� , the schedulercan computethe estimated
completiontimeof thejob ( � � ��� � 	�� � ). Oncea job com-
pletesexecution,the estimatedvaluefor � � is replacedby



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

The scheduler operates under the following con-
straints,which are basedon earlier job schedulingwork
for BG/L [10, 13] and new constraintsrelated to fail-
ures.
� Only onejob mayrunonagivennodeata time.There

is noco-schedulingor multitasking.
� A job partitionmustbeacuboid.
� Nodesmay fail at any time; if a job is runningon a

nodewhenit fails,all unsavedwork on thatjob is lost.

Another importantdifferencefrom [10] is the back�lling
mechanism.We use a weak back�lling strategy that ac-
tually reserves a partition for the job at the front of the
queue.Speci�cally, the job reservesthebestpartitionsuch
thatthemaximalfreepartition(MFP) at thecurrenttime is
not blocked (if possible),which also maximizesthe MFP
at the reservation time. Previously, that job hadonly got-
tena reservationtime andsize,with theactualpartitionbe-
ing selectedlater. This new strategy aimsto give theearlier
job priority to the most desirablepartition at the reserva-
tion time. We feel this is morein keepingwith the princi-
plesof a FCFSscheduler.

Qualitatively speaking,a toroidalarchitecturehasanim-
pacton performancebehavior becausesparenodescannot
be incorporatedin the computationunlessthey arepart of
thepartition.If a job is usingits entirepartition,anda sin-
gle nodefails, thatjob will needto berescheduledin a dif-
ferentpartition;a nodeoutsidethepartitioncannotsimply
beusedasa spare.

3.4. Metrics

The goal of the system,particularly the job scheduler
andcheckpointingmechanisms,is to minimizethejob wait
timeandsystemidle time,andmaximizethesystemutiliza-
tion. In this checkpointingstudy, we considermetricssimi-
lar to our fault-awarejob schedulingstudies[13] andother
job schedulingstudiesfor BG/L [10]. Theactualjob execu-
tion time is calculatedbasedon starttime � � andactual�n-
ishtime � � of eachjob. Similarly, � � , � � , andjob arrival time
( � � ) canbe usedto calculatewait time � � � � ��� � � , re-
sponsetime � � � � ��� � � , andboundedslowdown ��� � ����
	���
���� ���������������� ��� , where � ��� � seconds.Therefore,we consider
the following metricswhenevaluatingoverall systemper-
formance:(1)  "!$# ���%�'& �'( � �*),+ , (2)  -!.# �-�%�'& ��( � ��),+ and(3)
 -!$# �-�%��& �/( � � ��),+ .

In ourcalculations,weusedtheso-called“last starttime”
of eachjob, which is thelatesttimeat which thejob started
runningin the cluster. Theremay be many starttimes,be-
causea failed job returnsto the wait queue.It would be
misleadingto usethe�rst starttime,becausea job mayfail

many times,spendtime checkpointingin the cluster, and
wait in the queue,all after the initial start time. However,
due to our choiceof start time in this study, � � tendsto
besimilar to � � . In our experience,utilization is a mislead-
ing performancemetric.We thereforedo not focuson it in
this study, but mentionit in thecontext of maximizingsys-
temutilizationandminimizing lostwork, asde�ned in sec-
tion 4.

4. Experiments

We perform quantitative comparisonsamong various
checkpointingand systemparametersusing a simulation-
basedapproach.An event-drivensimulatoris usedto pro-
cessactualsupercomputerjob logs,andfailuredatafrom a
large-scalecluster. Thesimulationsproducemeasurements
of themetricscoveredin section3.

4.1. Simulation Environment

The event-driven Java simulator models a 128 (su-
per)nodetorus in a three-dimensional� � � � � con�g-
uration. The simulator is provided with a job log, a fail-
ure log, and other parameters(for example: checkpoint
overhead,checkpointinterval). Theeventsinclude:(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)
checkpointstart events, indicatingthestartof a job check-
point,and(7) checkpoint�nish events, whichcorrespondto
thecompletionof a checkpoint.

Comparedto earlier work [13], the following changes
weremadeto thesimulationenvironment.
� Jobsmaybecheckpointed,andthesecheckpointshave

anoverhead.Theintervalandoverheadcostareparam-
etersof thesimulation.

� Thedowntimeof a failednodeis setat a constant120
seconds,which is estimatedto betherestarttime of a
BG/L node.While down, no jobs may be run on the
node.

� The job schedulerusesno event predictionor migra-
tion. It is similar to theschedulerusedby Krevat [10]
with only back�lling. Any changesarenotedin sec-
tion 3.3.

We excludeeventpredictionfrom this studyin orderto
focusour attentionon thebehavior of checkpointingin ex-
isting systems.In particular, we examinecheckpointingin
the presenceof real job andfailure logs on multiple com-
municationarchitectures.Thisstudyis acrucial�rst stepto-
wardour futurework: applyingeventpredictionto improve



checkponting.As mentionedbefore,it also�lls aconspicu-
ousgapin thecheckpointingliterature.

Thesimulationproducesvaluesfor thelaststarttime( � � )
and�nish time( � � ) of eachjob, whichareusedto calculate
wait time ( � � ), responsetime ( � � ), andboundedslowdown
( � � � ). We calculatedsystemcapacityutilizedandwork lost
basedon thefollowing formulations.

If � ���������
	 � � � ��� � ��
���	 � � � ����� denotesthetimespan
of thesimulation,thenthecapacityutilized( � util ) is thera-
tio of work accomplishedto computationalpoweravailable.

� util ��� 	 �
� � ���
�����

Let � 	 be the time of failure � , and ��� be the job that fails
as a result of � , which may be null. If � � 	 is the time at
whichthelastsuccessfulcheckpointfor ��� started,thenthe
amountof work lost asa resultof failure � is � � 	 � � � 	 � � � 	
(this equals� for ���
��� �"!#! ). Hence,the total work lost
( � lost) is

� lost � � 	 	 � �
	 � � � 	 � � � 	 �

Thereis an additionalcomponent( � unused) which mea-
surescapacitythat is unusedbecauseof a lack of job(s)
requestingnode(s)or other reasonsunrelatedto failures.
However, wedonot considerthis parameterfor ourstudy.

Givena torusof �x edsize � , failuredistribution,anda
setof jobs(sothat � � and ��� are�x ed $ � ), maximizing�&%(' �*)
is equivalentto thegoalof minimizing � , while minimizing
� lost requiresminimizing theexpecteddistancebetweena
failure andthe last checkpoint,particularly for large jobs.
Often � itself is usedasa performancemetric.While this
is justi�able for schedulersthatstartwith all jobswaiting in
thequeue,oursimulationsmodeljobsasarriving overtime.
Thus,a long-runningjob arriving latein thesimulationcan
completelydominate� , renderingmoot many scheduling
decisionsmadeearlierin thesimulation.

4.2. Workload and FailureModels

We considereda job log from the parallel workload
archive [7] to inducetheworkloadon thesystem.Thepar-
allel job log is from LawrenceLivermoreNationalLabo-
ratory's256nodeCrayT3D, collectedin 1996(referredto
asLLNL job logs)1. The log contained� �,+�� � � jobs. The
averagesize in nodeswas 10.2, the averageruntime was
1024 seconds,and the maximum runtime was 41 hours.
The LLNL log was used becauseboth T3D and BG/L

1 As mentionedearlier, experimentswere also doneusing logs from
NASA Ames's 128-nodeiPSC/860machinecollectedin 1993,and
from theSanDiego SupercomputerCenter's 128-nodeIBM RS/6000
SP(1998-2000).Werestrictourresultsin thispaperto theLLNL logs,
whichmostcloselymatchBG/L.
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Figure 1. LLNL work arrival.
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Figure 2. Failure events.

are large-scalesupercomputerswith a three-dimensional
toroidal interconnectarchitecturethat are primarily used
by the LawrenceLivermoreNationalLaboratoryfor long-
runningscienti�c applications.Thereis every reasonto be-
lieve thatbothmachineswill seesimilar workloads.

Job sizeswere restrictedto powersof two. Strictly by
numberof jobs,thelog wasdominatedby shortjobsof size
one;this is thecasein every real log we observed.Perfor-
manceof thesystem,however,wasprimarilydictatedby the
largerandlongerjobs.Thelog hadalargenumberof job ar-
rivals nearthe beginning of the simulation,but thesejobs
tendedto be small. A more instructive measureis the ar-
rival rateof work to thecluster. Thus,thearrival at time � �
of a job � of size � � nodeswith anexecutiontimeof � � sec-
ondswould be plottedas � � � � work units at time � � . The
arrival of work is shown in Figure1. Becausewe aremea-
suringwork, not thenumberof jobs,theeffectsof theshort
jobsthatarrivenearthebeginningof thesimulationarenot
visible.

For failurelogs,we used�ltered, normalizedtracescol-
lectedfor a yearfrom a setof -�. � AIX machinesfor a pre-
viousstudyon failureanalysis[18]. A failure,in thispaper,
is any critical event (hardwareor software)that would re-
sult in thefailureof a job runningonthatnode.Weusefail-
uresfrom the �rst �0/ � suchmachines,resultingin �1+���/ �
failures,an averageof / � � failuresper day. The MTBF on
any nodein the clusterwas � � . hours,meaninga job run-
ning on all nodeswould fail every � � . hours,on average.
Therefore,thetiminganddistributionof failuresusedin this
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studyre�ect thebehavior of actualhardwareandsoftware
in a largecluster. A singlefailure in thelog correspondsto
thefailureof a supernodein BG/L, sotheimplicit assump-
tion is that BG/L hardwarewill be 32-512timesmorere-
liable thanAIX clusterhardware.Failure logs from proto-
typeBG/L machinessuggestthatthisassumptionis reason-
able. Indeed,both the rate anddistribution of the failures
in the AIX clusterclosely resembledthe failure behavior
of theBG/L prototype.Thedensityof thesecritical events
over time is shown in Figure2.

5. Simulation Results

We presentour resultsfor the LLNL job log. Initially,
we cover the generalcharacteristicsof performancefor a
toroidal clusterin the presenceof failures,followed by an
analysisof the impactof failuresandof the topologycon-
straintson thesecharacteristics.Theresultspresentedhere
necessarilyrepresenta small subsetof the simulationdata
we gathered.In all, thesimulationsfor all logs representa
cumulative121,000daysof machinetime,andtheschedul-
ing of 21,600,000jobs.The graphsdisplayedhereareex-
clusively for the LLNL log, andusinga toroidal architec-
ture,exceptwherenoted.Dataareincludedeitherbecause
they arerepresentative,orbecausethey mostclearlydemon-
strateaninterestingbehavior.

Figure 3 shows boundedslowdown versuscheckpoint
interval in seconds.The three curves representthe three
checkpointoverheadswe considered.The intent was to
shootboth high and low, while the 720 secondoverhead
camefrom theprojectionsfor BG/L. Averageresponsetime
andaveragewait time, plottedin Figures4 and5, respec-
tively, tendedto be similar to averageboundedslowdown,
but did not exhibit somefeaturesas prominently. As we
notedearlier, responsetime and wait time also tendedto
be similar to eachother. Therefore,our analysisof the re-
sultsfocuseson boundedslowdown. The mostprominent
characteristicof Figure3 is theexponentialworseningin the
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Figure 4. LLNL, response time.
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Figure 5. LLNL, wait time.

metricasthecheckpointsbecomemorefrequent.A similar
exponentialrelationshipcanbe seenin the systemutiliza-
tion, plottedin Figure6. This behavior is almostentirelya
consequenceof thecostof performingthecheckpoints,but
an additionalcost is paid for failuresduring checkpoints
(covered in detail later). In other words, overly-frequent
checkpointingtendsto make back�lling moredif�cult, be-
causejobsrequirelongerreservations.

In Figure3, we anticipateda U-shapedcurve, illustrat-
ing thetradeoff madeby many checkpointingschemes.The
lowestpoint on thatcurve would beapproximatelytheop-
timal checkpointinterval for this metric.Moving to theleft
(more frequentcheckpoints)shouldincreasethe bounded
slowdown becausethe costof performingthe checkpoints
outweighsthe bene�ts. Moving to the right (lessfrequent
checkpoints)shouldalsoincreasethemetric, this time be-
causemore work is being lost due to failures.While this
behavior was observed in the NASA log (not shown) for
����� � seconds,weweresurprisedby its absencewhenus-
ing theLLNL log. Onereasonfor this wasthat theNASA
workloadwasmuchlighterthantheLLNL workload,mean-
ing thatexcessivecheckpointingwouldbelesslikely to neg-
atively impact the schedulingof later jobs.For the LLNL
log, checkpointingfrequentlyenoughto counteracttheef-
fectsof failuresalreadymeantcheckpointingtoofrequently
to permiteffectiveschedulingof theremainingjobs.
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Figure 6. LLNL, average system utilization vs.
checkpointinting interval.

Another major featureis the jaggednessof the curves.
Suchbehavior is a consequenceof several factors,includ-
ing (1) interactionof theFCFSalgorithmandthetoruscon-
straintsand(2) theoccurrenceof failures2. Furthermore,en-
forcementof theFCFSpolicy makestheschedulerverysen-
sitive to smallchanges.Smallchangesin effective job run-
ning times are ampli�ed by the scheduler, particularly in
conjunctionwith torusfragmentationandfailurebursts.For
example,a job at the front of thequeuemustbescheduled
beforeany other jobs of that size or larger. If that job is
unlucky andfails multiple times,or is oddly-shaped,or is
slightly too long, theremaybemany jobsbehindit thatare
delayedasaresult.In somesituations,theseeffectsareeven
morepronouncedthananythingrelatedto checkpointing.

Thecurvesin Figures3-5�atten astheinterval increases.
If the plots wereextendedfurther to the right, eachcurve
would converge on a valueat or beforethe interval equal
to the longestrunningtime of any job in the log. Oncethe
interval is longer thana particularjob, that job no longer
checkpoints.Thus,as the interval increasesfurther, fewer
jobsareaffectedby thechange.

We considerthe amountof work lost dueto failuresin
Figure 7, which plots that metric vs. checkpointinterval.
Again,we �nd thatthe ��� - � � � secondsoverheadcurves
upontheleft, suggestingthatoverly-frequentandexpensive
checkpointingcan negatively impact performance.How-
ever, this is work lost due to failures,not wasteddue to
checkpointing.The upward tail of this curve comesfrom
failuresduringcheckpointing.Checkpointsincreasetheef-
fective runningtime of the application,therebyincreasing
thechanceof failure.In this plot, we canseethatanover-
headof � � � / � seconds,as in BG/L, is acceptablefor
checkpointingthat aims to minimize work lost from fail-
ures,for this log.

2 This statementwasfurther investigated,andcon®rmed,by consider-
ing ¯at architecturesandfailure-freeclusters,theresultsof which are
notpresentedhere.

0 0.5 1 1.5 2 2.5 3

x 10
4

0

2

4

6

8

10

12

14

16

18
x 10

6

W
or

k 
Lo

st

Interval (seconds)

C=60s
C=720s
C=3600s

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

6. Contributions and Future Work

Periodiccheckpointingis oneof themostcommontech-
niqueto counteractthe effectsof failuresin caseof large-
scalecomputersystems.In orderto dealwith realisticfail-
ure distributions,periodiccheckpointingmay not be opti-
mal. Presumingthat the job log andfailure traceareaccu-
ratepredictionsfor thebehavior of BG/L, which is reason-
able,thesesimulationssuggestthattheoptimalcheckpoint-
ing strategy for BG/L, consideringonlyboundedslowdown
andutilization,is to nevercheckpointatall. Wecertainlydo
not advocatethat checkpointingstrategy (or lack thereof)
for BG/L, of course,but proposethatoneof severalconclu-
sionsmay be drawn. First, averagingboundedslowdown
overall jobsmaynotbearelevantmetricfor checkpointing
performance;the larger jobsaretheonesfor which check-
pointing is mostcrucial, andthereis no reasonto believe
thatcheckpointingwill reduceboundedslowdown, because
thecheckpointingitself tendsto increaseeffective job run-
ning times.Second,periodiccheckpointingmaynot bethe
optimalstrategy in thepresenceof realisticfailuredistribu-
tions; in real life, failuresaregenerallynot independentor
identicallydistributed,do not behave like a Poissonarrival
process,andarenot strictly unpredictable.In otherwords,
while BG/L musthavecheckpointing,realisticmachinebe-
havior demandsnew performancemetricsandnew check-
pointingstrategies.

If this failuredistribution holdsfor BG/L, andif thees-
timated checkpointoverheadis accurate,overly-frequent
checkpointingwill likely be a more severe problemthan
failureswith regard to overall systemperformance.Since
BG/L checkpointsare always application-initiated,this
is an importantobservation: userapplicationsthat check-
point overzealouslycan degrade overall system perfor-
mancewithout bene�tting eventhemselves.Of course,this
analysisdoesnot consideruser-level metricssuchasper-
ceivedspeedor fairness.

As with any simulation-basedstudyusingreallogs,these



resultsmay not apply to all loadsor failure distributions.
However, we feel thatthereis suf�cient evidencethatthese
intuitive resultsextendto mostinputs.In particular, we be-
lievethattheresultsindicatethatnäiveperiodiccheckpoint-
ing on BG/L will primarily degradeoverall performance.
This suggeststhe useof more clever techniques,suchas
thoseusingeventprediction.

We addingnew abilitiesto thefault-awareclustersimu-
lator, with work towardincludingthefollowing:
� Adapt checkpointingbehaviors accordingto runtime

conditions,suchastheresultsof eventprediction.Pro-
poseheuristicsfor improving checkpointingperfor-
mance.

� Exploit regularity in theuseandbehavior of thesesys-
temsto moreintelligentlyutilize resources.

� Extend the fault-aware job schedulingto consider
other system software and programming environ-
ment parameters,including operating system and
memorymanagementparameters.

� Make quality of serviceguaranteesat job submission
time,andschedule/checkpointjobssoasto meetthose
promises.
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