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Abstract

//TRACE1 is anew approachfor extractingandreplaying
tracesof parallelapplicationsto recreatetheir I/O behav-
ior. Its tracingengineautomaticallydiscoversinter-node
datadependenciesandinter-I/O computetimesfor each
node(process)in anapplication.This informationis re-
�ected in per-nodeannotatedI/O traces. Suchannota-
tion allows a parallel replayerto closelymimic the be-
havior of a tracedapplicationacrossa variety of stor-
agesystems. When comparedto other replay mecha-
nisms,//TRACE offers signi�cant gains in replayaccu-
racy. Overall, the averagereplay error for the parallel
applicationsevaluatedin thispaperis below 6%.

1 Intr oduction

I/O tracesplay a critical role in storagesystemseval-
uation. They are capturedthrougha variety of mech-
anisms[3, 4, 7, 16, 24, 50], analyzedto understand
thecharacteristicsanddemandsof differentapplications,
andreplayedagainstrealandsimulatedstoragesystems
to recreaterepresentative workloads. Often, tracesare
mucheasierto work with thanactualapplications,par-
ticularly whentheapplicationsarecomplex to con�gure
andrun,or involve con�dential dataor algorithms.

However, onewell-known problemwith tracereplay is
the lack of appropriatefeedbackbetweenstoragere-
sponsetimesandthearrival rateof requests.In mostsys-
tems,storagesystemperformanceaffects how quickly
anapplicationissuesI/O. That is, thespeedof a storage
systemin part determinesthe speedof the application.
Unfortunately, information regarding such feedbackis
rarelypresentin I/O traces,leaving replayerswith little
guidanceasto theproperreplayrate. As a result,some
replayersusethe tracedinter-arrival times(i.e., timing-
accurate),someadjustthe tracedtimes to approximate
how a workloadmight scale,andsomeignorethetraced
timesin favor of an“as-fast-as-possible”(AFAP) replay.
For many environments,noneof theseapproachesis cor-
rect[17]. Worse,onerarelyknows how incorrect.
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1Pronounced“parallel trace”
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Figure 1: An exampletrace replay. This graphplots band-
width over time, comparinganapplicationto two differentre-
players. The application[28] simulatesthe checkpointingof
a large-scaleparallelscienti�c application.For this particular
con�guration,thewrite phasehasnumerousdatadependencies
(oneoutstandingI/O perprocessanda barriersynchronization
aftereachwrite I/O) andthereadphaseis dominatedby com-
putation(processingof checkpointdata).AFAP replaystheI/O
traces“as-fast-as-possible,” and //TRACE approximatesboth
thesynchronizationandcomputetime. BecauseAFAP ignores
synchronizationandcomputation,it replaysfasterandplaces
differentdemandson the storagesystem. //TRACE, however,
closelytrackstheapplication's I/O behavior.

Tracing and replayingparallel applicationsaddscom-
plexity to analreadydif�cult problem.In particular, data
dependenciesamongthecomputenodesin aparallelap-
plication can further in�uence the I/O arrival rate and,
therefore,its demandson a storagesystem.So, in addi-
tion to computationtime andI/O time, nodesin a par-
allel applicationalsohave synchronizationtime; suchis
thecasewhen,for example,onenode'soutputis another
node's input. If a replayof aparallelapplicationis to be-
haveliketherealapplication,suchdependenciesmustbe
respected.Otherwise,replaycanresultin unrealisticper-
formanceor evenreplayerrors(e.g.,readinga�le before
it is created). Figure 1 illustrateshow synchronization
andcomputationcanaffect thereplayaccuracy.



Parallel applicationsrepresentan importantclassof ap-
plicationsin scienti�c andbusinessenvironments(e.g.,
oil/gas, nuclearscience,bioinformatics,computational
chemistry, ocean/atmosphere,andseismology).This pa-
perpresents//TRACE, anapproachto accuratelytracing
andreplayingtheir I/O in orderto createrepresentative
workloadsfor storagesystemsevaluation.

//TRACE actively managesthe nodesin a tracedappli-
cationin orderto extractboththecomputationtime and
informationregardingdatadependencies.It doessoin a
black-boxmanner, requiringno modi�cation to the ap-
plication or storagesystem.An applicationis executed
multiple timeswith arti�cial delaysinsertedinto theI/O
streamof a selectednode(calledthe “throttled” node).
Suchdelaysexposedatadependencieswith othernodes
andalsoassistin determiningthe computationtime be-
tweenI/Os. I/O tracescan thenbe annotatedwith this
information,allowing themto bereplayedona realstor-
agesystemwith appropriatefeedbackbetweenthestor-
agesystemandtheI/O workload.

//TRACE includesan execution managementscript, a
tracingengine,multi-tracepost-processingtools, anda
parallel tracereplayer. Executionmanagementconsists
of runningan applicationmultiple times,eachtime de-
laying I/O from a different nodeto exposeI/O depen-
dencies.Thetracingengineinterposeson C library calls
from an unmodi�ed applicationto captureI/O requests
andresponses.In thethrottlednode,this enginealsode-
lays I/O requests.The post-processingtools merge I/O
tracesfrom multiple runsandcreateper-nodeI/O traces
thatareannotatedwith synchronizationandcomputation
calls for replay. The parallel tracereplayerlaunchesa
set of processes,eachof which replaysa tracefrom a
givennodeby computing(via a tight loop thattracksthe
CPUcounter),synchronizing(via explicit SIGNAL() and
WAIT() calls),andissuingI/O requestsasappropriate.

Experimentscon�rm that//TRACE canaccuratelyrecre-
atetheI/O of a parallelapplication.For all applications
evaluatedin this paper, the averageerror is below 6%.
Of course,thecostof //TRACE is theextra time required
to extracttheI/O dependencies.In theextreme,//TRACE

could requiren runsto traceanapplicationexecutedon
n nodes.Further, eachof theserunswill beslower than
normalbecauseof the insertedI/O delays. Fortunately,
onecansamplewhichnodesto throttleandwhichI/Osto
delay, thusintroducingausefultrade-off betweentracing
time andreplayaccuracy. For example,whentracinga
runof Quake[2] (earthquakesimulation),delayingevery
10 I/Os (anI/O samplingperiodof 10) increasestracing
timeby a factorof 5 andyieldsa replayaccuracy of 7%.
However, onecanincreasetheperiodto 100for an18%
erroranda tracingtime increaseof 1.7x.

This paperis organizedas follows. Section2 provides
morebackground,motivatesthedesignof //TRACE, and
discussesthetypesof parallelapplicationsfor which it is
intended. Section3 overviews the designof //TRACE.
Section 4 details the design and implementationof
//TRACE. Section5 evaluates//TRACE. Section6 sum-
marizesrelatedwork. Section7 concludes.

2 Background & motivation

Storagesystemperformanceis critical for parallelappli-
cationsthataccesslargeamountsof data.Of course,the
mostaccuratemeansof evaluatingastoragesystemis to
run an applicationandmeasureits performance.How-
ever, taking sucha “test drive” prior to making a de-
signor purchasedecisionis not alwaysfeasible.Conse-
quently, the industryhasreliedon a wide varietyof I/O
benchmarks(e.g.,TPCbenchmarks[46], Postmark[25],
IOzone[31], Bonnie [8], SPC[42], SPECsfs[41], and
Iometer[23]), many of which areevenself-scaling[13]
and adjustwith the speedof the storagesystem. Un-
fortunately, while benchmarksareexcellenttoolsfor de-
bugging and stresstesting, using them to predict real
world performancecanbechallenging;they canalsobe
complex to con�gure andrun [39]. In somecases,this
hasled to thecreationof pseudo-applications— bench-
markscraftedto reproducethe I/O activity of particular
applications[28]. Unfortunately, designinga pseudo-
applicationrequiresconsiderableexpertiseand knowl-
edgeof therealapplication,makingthemrare.

Tracereplayprovidesan alternative to benchmarksand
pseudo-applications:given a traceof I/O from a given
application,a replayercan readthe traceand issuethe
sameI/O. Theadvantagesof tracesaretheir representa-
tivenessof realapplicationsandtheir easeof use(appli-
cationscanbedif�cult to con�gureor mayevenbecon�-
dential). Unfortunately, existing tracingmechanismsdo
not identify datadependenciesacrossnodes(processes),
makingaccurateparalleltracereplaydif�cult.

In general,the rateat which eachnodein a parallelap-
plication issuesI/O is in�uenced by its synchronization
with othernodes(its datadependencies)andthespeedof
thestoragesystem.In addition,thecomputationa node
performsbetweenI/Oswill determinethemaximumI/O
rate. UnlessI/O time, synchronizationtime, andcom-
putetime areall considered,theI/O replayratemaydif-
fer substantiallyfrom thatof theapplication.

This work exploresa new approachto tracecollection
andreplay:a paralleltracereplayerthat issuesthesame
I/O asthe tracedapplicationandapproximatesits inter-
I/O computationanddatadependencies.In short,it tries
to behave just like theapplication.



2.1 Trace replaymodels

Therearetwo commonmodelsfor tracereplay: closed
andopen. In a closedmodel,I/O arrivalsaredependent
on I/O completions.In anopenmodel,they arenot [40].
In a closedmodel, the replayrate is determinedby the
think timebetweenI/Os andtheservicetimeof eachI/O
in thestoragesystem.Thefasterthestoragesystemcom-
pletestheI/O, thefasterthenext onewill beissued,until
think time is the limiting factor. In an openmodel,the
replayrateis unaffectedby thestoragesystem.

Whenviewed from theperspective of a storagesystem,
mostI/O fallssomewherein betweenanopenandclosed
model[17]. This is particularlythe casewhen�le sys-
temsand other middleware (e.g., caches)modulatean
application's I/O rate. However, whenviewed from the
perspectiveof theapplication,themodelis oftenaclosed
one (i.e., a certainnumberof outstandingI/O requests
with a certainthink time betweenI/Os). Therefore,as
long as the tracesarecapturedabove the cachesof the
�le andstoragesystemsof interest(i.e., �le-le vel asop-
posedto block-level), onecanreplayanapplication's �le
I/O usingaclosedmodelin orderto createthesamefeed-
backasthe tracedapplication.Thekey challengeis de-
terminingwhatportionof thethink time is constantand
whatportionwill varyacrossstoragesystems.

For parallel applications,thereare two componentsto
think time: compute time and synchronizationtime.
Computetime is that spentexecutingapplicationcode
and,for thepurposesof storagesystemevaluation,canbe
heldconstantduringreplay. Synchronizationtime,how-
ever, is variable— it representstime spentwaiting on
othernodesbecauseof adatadependency andcanthere-
forevarybasedon theratesof progressof thenodes.

2.2 Synchronization and the effecton I/O

A variety of synchronizationmechanismsarein useto-
day, including standardoperatingsystemmechanisms
(signals,pipes, lock �les, memory-mappedI/O) [35],
messagepassing[20], sharedmemory[11], andremote
procedurecalls[44]. Also, someapplicationsusehybrid
approaches[34] (e.g.,sharedmemorytogetherwith mes-
sagepassing).Althoughmany of thesemechanismscan
be tracedwith a conventionaltracing tool (e.g., ltrace,
strace, mpitrace), it is unclearhow one could replay
asynchronouscommunication(e.g., applicationsusing
selector poll) without a semanticunderstandingof the
application.Suchasynchronousoperationsareusedex-
tensively in parallelapplicationsin orderto overlapcom-
municationwith computation. Further, someof these
synchronizationmechanisms(e.g.,sharedmemory)are
not traceableusingconventionaltracingsoftware.
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Figure 2: A hypothetical parallel application. All nodesare
reading,modifying,andwriting ashareddatastructureondisk,
andbarriersareusedbetweeneachstageto keepthenodessyn-
chronized. Node 1 happensto be the slowest node, forcing
nodes0 and2 to wait. Notethatundera differentstoragesys-
tem, the I/O time for node1 could change,thus resultingin
changesin thesynchronizationtime for nodes0 and2.

For thesereasons,tracingandreplayingsynchronization
calls is dif�cult. Namely, thevarietyof synchronization
mechanismsand their semanticswould needto be un-
derstood,determiningcausalityfor asynchronousmes-
sageswould require application-level knowledge, and
“untraceable”callswould not beeasyto capture.Unfor-
tunately, ignoringsynchronizationis notaviableoption.

ConsiderFigure2 which illustratesa hypotheticalparal-
lel applicationmodifying a shareddatastructure;barri-
ers[33] areusedto keepthenodessynchronizedbetween
stages.As canbe seenin the �gure, the I/O time com-
posesonly a fraction of the overall runningtime; there
is alsocomputetime andsynchronization(“wait”) time.
Moreover, if thespeedof thestoragesystemchanges,the
timeeachnodespendswaitingonothernodescouldalso
change.Theseeffectsmustbemodeledduringreplay.

2.3 I/O thr ottling

The solution presentedin this paper is motivated by
the desirefor a portabletracing tool that doesnot re-
quire knowledgeof the applicationor the synchroniza-
tion mechanismsbeingused.We accomplishthis using
awell-known techniquecalledI/O throttling [9, 21].



Throttling involvesselectively slowing down theI/O re-
questsof an application,processingrequestsone at a
time in the order they are received. In doing so, one
can exposethe datadependenciesamongthe nodesin
aparallelapplication.Considerthecasewhereonenode
(node0) writesa �le thata secondnode(node1) reads.
To ensurethe properordering(write followed by read),
node0 would signalnode1 after the �le hasbeenwrit-
ten. However, if I/O requestsfrom node0 aredelayed,
node1 will block,waitingfor theappropriatesignalfrom
node0 (e.g.,a remoteprocedurecall). Althoughan I/O
tracemaynot indicatethesynchronizationcall, onecan
determinethatnode1 is blocked(e.g.,becausethereis no
CPU or I/O activity) andconcludethat it is blocked on
node0. TheI/O tracescanthenbeannotatedto include
thiscausalrelationshipbetweennodes0 and1.

Throttling I/O to exposedependenciesandextractcom-
putetimeis suitablefor applicationswith computenodes
thatproducedeterministicI/O (i.e., for a givennode,the
sequenceof I/O is thesamefor eachrun). For example,
considerthe casewheren nodeswrite a �le in a par-
titioned manner. That is, node0 writes the �rst 1=nth

of the �le, node 1 the second1=nth, and so on. As
such,althoughthe global I/O schedulingcanvary non-
deterministicallyacrossmultiple runs(e.g.,dueto pro-
cessscheduling),the I/O issuedby eachnodeis �x ed.
For suchapplications,throttling will not changethe I/O
issuedby a givennode,theorderin which a givennode
issuesits I/O, or its datadependencieswith othernodes;
throttling only in�uencesthetiming. Althougha variety
of applications�t thismodel,we focusonparallelscien-
ti�c applications[37], asthey produceinterestingmixes
of computation,I/O, andsynchronization.

3 Designoverview

//TRACE discovers an application's data dependencies
and computetime using I/O throttling. Summarizing
from Section2, thedesignrequirementsareasfollows:

1. To adjustwith thespeedof thestoragesystem,the
tracesmustbereplayedwith aclosedmodel.

2. To enforcedatadependencies,the tracesmust be
annotatedwith theinter-nodesynchronizationcalls.

3. To modelcomputation,the inter-I/O computetime
mustbere�ectedin thetraces.

4. To evaluate different �le systems (e.g., log-
structuredvs. journaled)anddifferentstoragesys-
tems(e.g.,blocksvs. objects[29]), the tracesmust
be �le-level traces,including all bufferedandnon-
buffered synchronousPOSIX [32] �le I/O (e.g.,
open , fopen , read , fread , write , fwrite , seek ).

//TRACE is bothatracingengineandareplayer, designed
not to requiresemanticknowledgeor instrumentationof
theapplicationor its synchronizationmechanisms.The
tracingengine,calledthecausalityengine, is designedas
a library interposer[14] (which usestheLD PRELOAD
mechanism)andis runonall nodesin aparallelapplica-
tion. The applicationdoesnot needto be modi�ed, but
mustbedynamicallylinkedto thecausalityengine.Any
sharedlibrary call issuedby theapplicationcanbetraced
andoptionallydelayedusingthismechanism.

The objectives of the causalityengineare to intercept
and tracethe I/O calls, calculatethe computationtime
betweenI/Os,anddiscoverany causalrelationships(i.e.,
the datadependencies)acrossthe nodes.All of this in-
formationis storedin a per-nodeannotatedI/O trace.A
replayer(alsodistributed)canthenmimic the behavior
of thetracedapplication,by replayingtheI/O, thecom-
putation,andthesynchronization.AlthoughI/O calls to
any sharedlibrary (e.g.,MPI-IO, libc) canbetracedand
replayed,this work focuseson thePOSIXI/O issuedby
anapplicationthroughlibc.

3.1 Discovering data dependencies

In general,onecanautomaticallydiscover the datade-
pendenciesacrossall nodesby throttling eachnodein
turn. Whena nodeis beingthrottled,its I/O is delayed
until all othernodeseitherexit or block/spinonanevent.
If a nodeexits, thenit is obviously not dependenton the
nodebeingthrottled. Conversely, any nodethat blocks
must have somedata dependency, perhapsonly indi-
rectly, with thethrottlednode.To re�ect thesedependen-
cies,the throttlednodewill adda SIGNAL() to its trace
andtheblockingnodeswill addacorrespondingWAIT()
to their traces.Figure3 illustratesanexample.

Of course,delayingevery I/O could increasethe run-
ning time of an applicationconsiderably. For this rea-
son,onecanselectively determinewhich I/Os to delay
(I/O sampling)andwhich nodesto throttle (nodesam-
pling), therebytradingreplayaccuracy for tracingtime.
This trade-off is discussedfurtherin Section5.

3.2 Discovering computetime

In additionto discovering datadependencies,throttling
assistsin determiningcomputetime. To determinethe
computetime,onemustensurethatsynchronizationtime
is negligible or subtractthe synchronizationtime from
the think time. This paperdiscussesboth approaches,
but only thesecondis usedin theevaluation.

Approach 1: The �rst approachrecognizesthat throt-
tling a nodemakes its synchronizationtime negligible.
Whena nodeis beingthrottled,it is madeto be slower



Node 0 (Thrott led)

f h = open( “ f oo” )
COMPUTE( )
wr i t e( f h,  …)
COMPUTE( )
wr i t e( f h,  …)
COMPUTE( )
c l ose( f h)
SI GNAL( 1)
COMPUTE( )

Time Node 1 (Blocking)

WAI T( 0)
f h = open( “ f oo” )
COMPUTE( )
r ead( f h,  …)
COMPUTE( )
c l ose( f h)
COMPUTE( )

Figure 3: Example of trace annotation. In this example,
node0 is writing to a �le that node1 is reading. By delay-
ing I/O onnode0, thedependency canbeexposed.Node1 will
block, waiting on node0 to signal (throughoneof a number
of possiblemechanisms)that the �le hasbeenclosed. Once
the dependency hasbeendiscovered,the I/O tracesareanno-
tatedwith SIGNAL() andWAIT() callsthatcanbereplayed.In
addition,computationtimecanbeaddedasCOMPUTE()calls.

thanall othernodesso asto exposedatadependencies.
Consequently, the think time betweenI/Os is all com-
putation(e.g.,node1 in Figure2 doesnot have to wait
on nodes0 and2, becausenode1 is the slowestnode).
Theprimaryadvantageof this approachis that it canbe
usedeven if an applicationis using “untraceable”syn-
chronizationmechanismssuchassharedmemory. The
disadvantageis that I/O samplingcanaffect thecompu-
tationcalculation.This is discussedmorein Section5.

Approach2: Thesecondapproachrecognizesthatmany
synchronizationmechanismsare interrupt driven and
rely on library or systemcalls for synchronization(e.g.,
a nodemay block while readinga socket). Therefore,
given a list of calls that canpotentiallyblock, onecan
interposeon and calculatethe time spentin eachcall,
andthensubtractthis from the think time. Suchan ap-
proachdoesnot requireasemanticunderstandingof any
of the synchronizationcalls. Of course,this approach
only works for synchronizationmechanismsthat issue
library or systemcalls andwill not work with applica-
tionsthatuse“untraceable”synchronization(e.g.,shared
memory).Unlike the�rst approach,thisonedoesnot re-
quirea nodeto bethrottledin orderto extractcomputa-
tion, andthecalculationis unaffectedby I/O sampling.

Note,approaches1 and2 assumethatmultipleoutstand-
ing I/Os areachieved via multiple threads,eachissuing
synchronousI/O. The causalityenginetreatsthreadsas
separate“nodes”andtraceseachindependently.

3.3 Putting it all together

Tracecollectionis aniterative process,requiringthatan
applicationbe run multiple times,eachtime choosinga
different nodeto throttle. Then, given a collection of
traces(one trace for eachof n applicationthreads),a
distributedreplayer(n replaythreads,onepertrace)can
replaythe I/O, includingany inter-I/O computationand
synchronization,againstdummydata�les. Figure4 il-
lustratesthishigh-level architecture.

4 Detaileddesign

This sectiondiscussesthedesignof thecausalityengine
andtracereplayerin greaterdetail.

4.1 The causalityengine

Thereare two modesof operationfor the causalityen-
gine:throttledmodeandunthrottledmode.For eachrun
of theapplication,exactlyonenodeis in throttledmode;
all othersareunthrottled.In bothmodes,eachI/O is in-
terceptedby thecausalityengineandstoredin atracefor
the respective node. This traceincludesthe I/O opera-
tionsandtheir arguments.A nodein throttledmodecre-
atesanI/O traceannotatedwith computationtime(using
Approach1 or 2 from Section3.2) andthe “signaling”
information. A nodein unthrottledmodecreatesan I/O
traceannotatedwith the “waiting” informationandalso
thecomputationinformationif Approach2 is used.

After m runsof an application(m � n), eachnodehas
m tracesthatmustbemerged.At mostoneof thetraces
pernodecontainstheI/O whenthatnodeis beingthrot-
tled, includingSIGNAL() andCOMPUTE()calls;all other
tracesre�ect the I/O when the node is in unthrottled
mode,includingWAIT() calls,andalsoCOMPUTE()calls
if Approach2 is used.Notethatregardlessof themode,
theI/O in all tracesfor aparticularnodeshouldbeidenti-
cal,asourassumptionis adeterministicI/O workload.If
the I/O beingissuedby theapplicationchanges,we can
easily detectthis and report an appropriateerror (e.g.,
“attemptto traceanon-deterministicapplication”).

4.1.1 Thr ottled mode

Whena nodeis beingthrottled,up to threepiecesof in-
formationareaddedto the tracefor eachI/O. First, the
computetimesincethelastI/O is determined(usingAp-
proach1 or 2) andaCOMPUTE(<seconds>) call is added
to thetrace.Second,theI/O operationandits arguments
areadded.Third, signalinginformationis added,asper
theI/O samplingperiod.
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Figure4: High-level architecture. While anapplicationis running(left half of �gure) thenodesaretracedby thecausalityengine
(a dynamicallylinked library) andselectively throttledto exposetheir datadependencies.Computationtimesarealsoestimated.
This informationis thenusedto annotatetheI/O traceswith SIGNAL() , WAIT() andCOMPUTE()callsthatcanbeeasilyreplayedin
adistributedreplayer(right half of �gure). During replay, dummydata�les areusein placeof therealdata�les.

TheI/O samplingperioddetermineshow frequentlythe
causalityenginedelaysI/O to check for dependencies
(e.g.,a periodof 1 indicatesthat every I/O is delayed)
and thereforedetermineshow many datadependencies
arediscovered. In general,if the samplingperiodis p,
thecausalityenginewill discoverdependencieswithin p
operationsof thetruedependency. Becausethesampling
perioddeterminestherateof throttling, too largea sam-
pling periodcanalsoaffect thecomputationcalculation.
In thesecases,Approach2 (Section3.2) is preferred.

Whenan I/O is beingdelayed,the causalityenginede-
laysissuingtheI/O until all unthrottlednodeseitherexit
or block (i.e., a dependency hasbeenfound). A remote
procedurecall is sentfrom the causalityengineof the
throttled nodeto a watchdog processon eachunthrot-
tled nodeto make this determination;somenodesmay
have exited, othersmay be blocked. If a nodehasex-
ited, thenit is not dependenton thedelayedI/O. Other-
wise, the throttlednodeaddsa SIGNAL(<unthrottled
node id>) to its trace,andthe unthrottlednodeaddsa
correspondingWAIT(<throttled node id>) call to its
trace.After thethrottlednodehasreceiveda reply from
all of thewatchdogs(oneperunthrottlednode),the I/O
is issued.Algorithm 1 shows thepseudocode.

Of course,delayingI/O in this mannercanproducein-
direct dependencies. For example, referring back to
Figure 3, a samplingperiod of 1 will indicatethat the
open() call for node1 is dependenton eachI/O from
node 0; namely, the open() , the two write() calls,
andthe close() — andthe traceswill be annotatedas
suchto re�ect this. However, the only signalneededis
thatfollowing theclose() operation,andtheredundant

SIGNAL() andWAIT() calls canbeeasilyremovedasa
preprocessingstepto tracereplay. The indirect depen-
denciesthat cannotbe removed are thosedue to tran-
sitive relationships. For example, if node2 is depen-
denton node1, andnode1 on node0, thecausalityen-
gine will detectthe indirect dependency betweennodes
0 and2. Althoughthesetransitive dependenciesaddad-
ditional SIGNAL() andWAIT() calls to the traces,they
never forceanodeto blockunnecessarily.

As to selectingthepropersamplingperiod,this depends
on theapplicationandstoragesystem.Someworkloads
andstoragesystemsmaybemoresensitive to changesin
inter-nodesynchronizationthanothers,so no onesam-
pling periodshouldbeexpectedto work bestfor all. An
iterative approachfor determiningthe propersampling
periodis presentedin Section5.

4.1.2 Unthr ottled mode

Whena nodeis beingtracedin unthrottledmode,up to
threepiecesof informationareaddedto thetracefor each
I/O: a COMPUTE()call if Approach2 is beingused,the
I/O operationandits arguments,andoptionallyaWAIT()
call. TheWAIT() is addedby thewatchdogprocessif it
determinesthatanapplicationnodeis blocked.

Recall(Algorithm 1), whenthethrottlednodedelaysan
I/O, it issuesthe NodeIsBlocked() call to eachof the
unthrottlednodes.Thewatchdogis responsiblefor han-
dling this call. A nodecould block either in a system
call (e.g.,while readinga socket) or throughuser-level
polling, andthewatchdogshouldbeableto handleboth.



Algorithm 1: Thr ottledMode. This function in-
terceptsevery I/O operationissuedby the throttled
node. First, the computationtime sincethe previ-
ously issuedI/O is addedto the trace(Approach1
shown). Computationtime is simply the time since
the last I/O completed.Second,the currentI/O op-
erationis addedto the traceandoptionally throttled
asperthesamplingperiod.If theI/O is throttled,the
algorithmwaits for all unthrottlednodesto block or
completeexecution. If a nodeis blocked, NodeIs-
Blocked() will returntrue,anda signalto that node
will beaddedto the trace. Finally, the I/O is issued
andthecompletiontime is recorded.

AddComputeToTrace(GetTime() � previousTime) ;1.1

AddOpToTrace() ;1.2

if opCount is divisibleby SAMPLE PERIOD then1.3

foreachblockingnoden do1.4

if NodeIsBlocked( n, thisNodeID) then1.5

AddSignalToTrace( n) ;1.6

endif1.7

endfch1.8

endif1.9

opCount  opCount + 1;1.10

IssueIO() ;1.11

previousTime  GetTime() ;1.12

Thereare a variety of ways to determineif a node is
blocked; theapproachusedby //TRACE is a simpleone.
Becauseblocking systemcalls used for inter-process
synchronization(e.g.,socket I/O, polling, select,pipes)
canbe interceptedby the causalityengine,onecande-
terminethe time spentin eachcall. Similarly, if polling
is used,the watchdogcan just as easily determinethe
timespentcomputing(i.e.,thetimesincethelastI/O call
completed).Therefore,to determineif anapplicationis
blocked, thewatchdogcheckswith thecausalityengine
(throughsharedmemory)to seeif thenodeis in a com-
putephaseor in a systemcall. It thenchecksif thetime
spentin thecomputephaseor systemcall hasexceededa
predeterminedmaximum;if so, it is blockedwaiting on
the throttlednode.Note, this approachdoesnot require
a semanticunderstandingof any of the synchronization
calls. Rather, the watchdogonly needsto checkthat a
computationphaseor systemcall is not takingtoo long.

Themaximumlengthof a computationphaseor system
call canbe obtainedfrom an analysisof an unthrottled
run of theapplication(e.g.,by usingUnix straceto de-
terminethemaximuminter-arrival delayandsystemcall
time). Thesemaximamust be chosenlarge enoughto
accountfor systemvariance. If too small a maximum
is used,thewatchdogmayprematurelyconcludethatan

--------- --------- ---------
Trace 0.0 Trace 0.1 Trace 0.2
--------- --------- ---------
read() WAIT(1) WAIT(2)
SIGNAL(1) read() read()
SIGNAL(2)
COMPUTE()

Figure5: Beforemerging the traces. Theapplicationis such
that node0 waits for nodes1 and2 beforeissuingits read()
andnoti�es nodes1 and2 aftercompletingits read() . Trace
0.0 shows thetracefor node0 whennode0 is beingthrottled.
Trace 0.1 is thetracefor node0 whennode1 is beingthrot-
tled. And Trace 0.2 is the tracefor node0 whennode2 is
beingthrottled.Similar traceswouldexist for nodes1 and2.

applicationis blocked. In the bestcase,this introduces
extra synchronization.In the worst case,it can leadto
deadlockduringreplay. Oneheuristicusedin this work
is to increasethe maximumsystemcall time by a few
factors. For example,if the maximumsystemcall time
in anunthrottledrunof theapplicationis 50ms,thenthe
maximummightbesetto 100ms;any systemcall taking
longerthan100msis assumedto beblocked. Selecting
too largeavalueonly affectsthetraceextractiontime.

4.2 Trace replay

Preparing tracesfor replay:

Following mrunsof anapplicationthroughthecausality
engine,eachnodehasm tracesthatmustbemerged.All
m tracesfor a given nodeshouldcontainthe same�le
I/O calls, otherwisean error will be �agged indicating
thattheapplicationis notdeterministic.

Recallthatat mostoneof them tracesfor a givennode
hasthe SIGNAL() calls for that node; this is the trace
producedwhen the nodeis being throttled. The other
tracesfor thatnodeonly have theWAIT() calls;theseare
thetracesproducedwhenothernodesarebeingthrottled.
After the merge, eachI/O hasat mostm� 1 preceding
WAIT() calls,m� 1 succeedingSIGNAL() calls,andone
COMPUTE()call (obtainedusingApproaches1 or 2).

The examplein Figure5 shows the trace�les for a hy-
pothetical3-nodeapplication.In this case,every nodeis
throttledin turn. Only the tracesfor node0 areshown.
A mergeof thesethreetraceswill producethe�nal trace
for node0 (Figure6).

Replaying the traces:

After traces have been annotatedwith COMPUTE(),
SIGNAL() , andWAIT() calls, replay is straightforward,
andthe tracesareeasyto interpret. Each�le operation
canbereplayedalmostas-is;thesyntaxis similar to that



-------
Trace 0
-------
WAIT(1)
WAIT(2)
read()
SIGNAL(1)
SIGNAL(2)
COMPUTE()

Figure 6: After merging the trace �les. Trace 0.0 , Trace
0.1 , andTrace 0.2 arecombinedinto onetrace�le for node
0. Themerging processbeginsby creatinga new trace�le for
node0. For eachI/O, all WAIT() callsareadded�rst (theorder
doesnotmatter),thentheI/O call, thentheSIGNAL() calls,and
�nally theCOMPUTE().

of Unix strace. Of course,�lenamesmustbemodi�ed to
point to dummydata�les (which mustbe createdprior
to replayif they arenot createdby the application)and
the replayersmustmaintaina mappingbetweenthe �le
handlesin the traceand thoseassignedduring replay.
As for thesynchronization,developersarefreeto imple-
mentthesecallsusingany synchronizationlibrary (e.g.,
MPI [20], Java[19, 43], CORBA [49]) thatis convenient
(we useMPI); the COMPUTE() call is implementedby
spinningfor thespeci�edamountof time. Computation
is simulatedby spinning,ratherthansleeping,in orderto
induceaCPUloadon thesystemlike theapplication.

Figure 7 shows a merged trace �le, obtainedvia the
causalityenginefrom aparallelscienti�c application[2].
In addition to enablingaccuratereplay, a trace instru-
mentedwith synchronizationand computationreveals
interestinginformationregardingprogramstructure.

5 Evaluation

Thiswork is motivatedby four hypotheses.

Hypothesis1 Datadependenciesandcomputationmust
beindependentlymodeledduringreplay, otherwise
thereplaymaydiffer from thetracedapplication.

Hypothesis2 By throttlingeverynodeanddelayingev-
eryI/O, theI/O dependenciesandcomputetimecan
bediscoveredandaccuratelyreplayed.

Hypothesis3 Not every I/O necessarilyneedsto bede-
layedin orderto achieve goodreplayaccuracy.

Hypothesis4 Not every node necessarilyneedsto be
throttledin orderto achieve goodreplayaccuracy.

To test thesehypotheses,threeapplicationsare traced
andreplayedacrossthreedifferentstoragesystems.The

/* barrier before opening output file */
WAIT(1)
WAIT(2)
SIGNAL(1)
SIGNAL(2)

/* open output file */
open64m("/pvfs2/output/mesh.e", 578, 416 ) = 17
COMPUTE(0.000148622)

/* write output file */
write(17, 4096) = 4096
COMPUTE(0.131106558)
_llseek(17, 8192, SEEK_SET) = 8192
COMPUTE(0.000000605)
write(17, 4096) = 4096
COMPUTE(0.000022173)

Figure7: Exampletrace �le. This is asnippetfrom amerged
trace�le for node0 in a 3-noderun of Quake,a parallelscien-
ti�c applicationthat simulatesseismicevents. The causality
enginediscoversthatall nodessynchronizebeforeopeningand
writing theiroutput�le (ameshdescribingtheforcesduringan
earthquake). Whenreplayingthis trace,theopencallsmustbe
modi�ed to point to dummy�les thatcanbereadandwritten.
Thereplayermustmaintainamappingbetweenthe�le handles
in thetrace(17 in thiscase)andthoseassignedduringreplay.

applicationsand storagesystemschosenhave different
performancecharacteristicsin orderto highlighthow ap-
plicationI/O ratesscale(differently)acrossstoragesys-
tems,and illustratehow //TRACE cancollect traceson
one storagesystemand accuratelyreplay them on an-
other. Recall,theprimarygoalof thiswork is to evaluate
a new storagesystem,usingtracereplayto simulatethe
application.As such,tracesarenormallycollectedfrom
onestoragesystemandreplayedonanother.

Thereare threereplay modeswe could useas a base-
line for comparison:aclosed-loopas-fast-as-possiblere-
play that ignoresthethink time betweenI/Os (AFAP), a
closed-loopreplay that replaysthink time (we call this
think-limited), and an open-loopreplay that issuesI/O
at the sametime they are issuedin the trace (timing-
accurate[3]). Think-limited assumesthat thethink time
(somecombinationof computeandsynchronization)be-
tweenI/Os is �x ed. In general,we �nd think-limited
to be moreaccuratethanAFAP andthereforeuseit as
ourbaselinecomparator. A timing-accuratereplayis not
consideredbecause,by de�nition, it will have an iden-
tical runningtime to the tracedapplication. Note,a re-
playerthatonly modelscomputetime (andignoressyn-
chronization)requiressomemechanismto distinguish
computetime from synchronizationtime (e.g.,a causal-



ity engine). Think-limited is thereforethe bestonecan
dobeforeintroducingsuchamechanism.

Experiment1 (Hypothesis1) comparestherunningtime
of think-limited againstthe application.Becausethink-
limited assumesa�x edsynchronizationtime,oneshould
expecthighreplayerrorwhenanapplicationwith signi�-
cantsynchronizationtimeis tracedononestoragesystem
andreplayedonanotherthathasdifferentperformance.

Experiment2 (Hypothesis2) usesthecausalityengineto
createannotatedI/O traces.Thetracesarereplayedand
comparedagainstthink-limited.

Experiment3 (Hypothesis3) usesI/O samplingto ex-
plorethetrade-off betweentracingtimeandreplayaccu-
racy. Similarly, Experiment4 (Hypothesis4) usesnode
samplingto illustratethatnot all nodesnecessarilyneed
to bethrottledin orderto achieveagoodreplayaccuracy.

For all experiments,thetracesusedduringreplayareob-
tainedfrom a storagesystemother than the one being
evaluated.In otherwords,if storagesystemA is being
evaluated,thenthetracesusedfor replaywill have been
collectedon eitherstoragesystemB or C. We reportthe
errorof thetracethatproducedthegreatestreplayerror.

In all tests,runningtime is usedto determinethereplay
accuracy, and the percenterror is the evaluation met-
ric. Thereportederrorsareaveragesover at least3 runs.
Morespeci�cally, percenterroris calculatedasfollows:

ApplicationTime� ReplayTime
ApplicationTime

� 100

Averagebandwidthandthroughputarenot reported,as
thesearesimply functionsof therunningtime.

5.1 Experimental setup

Three parallel applicationsare usedin the evaluation:
Pseudo , Fitness , andQuake. All threeapplicationsuse
MPI [20] for synchronization(noneuseMPI-IO).

Pseudo is a pseudo-applicationfrom Los AlamosNa-
tional Labs [28]. It simulatesthe defensive check-
pointingprocessof a large-scalecomputation:MPI pro-
cesseswrite a checkpoint �le (with interleaved ac-
cess),synchronize,and then read back the �le. Op-
tional �ags specifywhetheror not nodesalsosynchro-
nize after every write I/O, and if there is computa-
tion on the databetweenreadI/Os. Threeversionsof
the pseudo-applicationare evaluated: one without any
�ags speci�ed (Pseudo ), onewith barriersynchroniza-
tion (PseudoSync ), andonewith both synchronization
andcomputation(PseudoSyncDat 2).

2Weincreasedthecomputationaftereachreadby a factorof 100to
make PseudoSyncDat signi�cantly differentthanPseudoSync .

Fitness is a parallel workload generatorfrom In-
tel [22]. Thegeneratoris con�gured so thatn MPI pro-
cessesreadnon-overlappingportionsof a �le in turn; the
�rst nodereadsits portion, then the secondnode,etc.
Thereareonly n� 1 datadependencies:node0 signaling
node1, node1 signalingnode2, etc.This testillustrates
acasewherenodesarenotproceedingstrictly in parallel,
but ratherhave someorderingthatmustberespected.

Quake is a parallel applicationdevelopedat Carnegie
Mellon University, usedfor simulatingearthquakes[2].
It usesthe�nite elementmethodto solve a setof partial
differential equationsthat describehow seismicwaves
travel throughtheEarth(modeledasamesh).Theexecu-
tion is dividedinto threephases.Phase1 builds a multi-
resolutionmeshto model the region of ground under
evaluation. The model, representedasan etree[47], is
anon-diskdatabasestructure;theportionof thedatabase
accessedby eachnode dependson the region of the
groundassignedto that node. Phase2 writes the mesh
structureto disk; node0 collectsthemeshdatafrom all
othernodesandperformsthe write. Phase3 solvesthe
equationsto propagatethewavesthroughtime; compu-
tationis interleavedwith theI/O, andthestateof thesim-
ulatedregion is periodicallywritten to disk by all nodes.
Quake runsonaparallel�le system(PVFS2[10]) which
is mountedon thestoragesystemunderevaluation.

Theapplicationsaretracedandreplayedonthreestorage
systems.The storagesystemsareiSCSI [38] RAID ar-
rayswith differentRAID levelsandvaryingamountsof
diskandcachespace.Speci�cally, VendorA is a14-disk
(400GB7K RPM Hitachi DeskstarSATA) RAID-50 ar-
raywith 1GBof RAM; VendorB is a6-disk(250GB7K
RPMSeagateBarracudaSATA) RAID-0 with 512MB of
RAM; andVendorC is an8-disk(250GB7K RPM Sea-
gateBarracudaSATA) RAID-10 with 512MB of RAM.

Theapplicationsandreplayerarerun on dedicatedcom-
pute clusters. Pseudo and Fitness are run on Dell
PowerEdge650s (2.67 GHz Pentium4, 1 GB RAM,
GbE,Linux 2.6.12);Fitness is con�gured for 4 nodes,
Pseudo is con�gured for 8. Quake is run on a cluster
of Supermicros(3.0 GHz dualPentium4 Xeon,2.0 GB
RAM, GbE,Linux 2.6.12),andis con�guredfor 8 nodes.
Thelocaldisk is only usedto storethetrace�les andthe
operatingsystem.Pseudo andFitness accessthearrays
in raw mode.For theseapplications,eachmachinein the
clusterconnectsto thesamearrayusinganopensource
iSCSI driver [22]. For Quake, eachnoderuns PVFS2
andconnectsto thesamePVFS2server, which connects
to oneof thestoragearraysvia iSCSI.
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Figure 8: Think-limited error (Experiment 1). Think-
limited is most accuratefor Pseudo , which contains lit-
tle synchronization. The other applications(PseudoSync ,
PseudoSyncDat , Fitness , andQuake) experiencemoreerror.

5.2 Experiment 1 (think-limited)

Think-limited replaysthe trace�les against the storage
deviceswith a �x edamountof think time betweenI/Os.
TheI/O tracesarecollectedthroughthecausalityengine
running in a specialmode: no I/O is delayedand the
COMPUTE()callsalsoincludeany synchronizationtime.

Figure8 showsthereplayerrorof think-limited. Thebest
result is for Pseudo , which performslittle synchroniza-
tion (a singlebarrierbetweenthe write phaseandread
phase).Thereplayerrorson theVendorA,VendorB,and
VendorC,storagesystemsare, respectively, 19%, 4%,
and7% (i.e., the tracereplaytime is within 19% of the
applicationrunningtimeacrossall storagesystems).Un-
fortunately, it is only for applicationssuchasthese(i.e.,
few datadependencies)thatthink-limiteddoeswell.

Looking now at PseudoSync , onecanseetheeffectsof
synchronization. All nodeswrite their checkpointsin
lockstep,performinga barriersynchronizationafter ev-
ery write I/O. Theerrorsare82%,23%,and31%,indi-
cating that synchronization,whenassumedto be �x ed,
canleadto signi�cant replayerrorwhentracescollected
from onestoragesystemarereplayedonanother.

In PseudoSyncDat , nodessynchronizebetweenI/Osand
alsoperformcomputation.Theerrorsare33%,21%,and
15%. In this case,addingcomputationmakesthereplay
time lessdependentonsynchronization.

Fitness is apartitioned,read-onlyworkload.Eachnode
sequentiallyreadsa 1 GB region of the disk, with no
overlap amongthe nodes. The nodesproceedsequen-
tially: node0 readsits entire region �rst and thensig-
nals node 1, then node 1 readsits region and signals

node2, etc. Ignoring thesedatadependenciesduring
replaywill result in concurrentaccessfrom eachnode,
whichin thiscaseincreasesperformanceoneachstorage
system.3 Thereplayerrorsare166%,205%,and40%.

Quake representsa complex applicationwith multiple
I/O phases,eachwith a different mix of computeand
synchronization. The think-limited replay errors for
Quake are21%, 26%, and25%. As with the otherap-
plicationstested,theseerrorsin runningtimetranslateto
largererrorsin termsof bandwidthandthroughput.For
example,in thecaseof Quake, think-limitedtransfersthe
samedatain 79%,74%,and75%of the time, resulting
in bandwidthandthroughputdifferencesof 27%, 35%,
and33%, respectively. This placesunrealisticdemands
on thestoragesystemunderevaluation.

5.3 Experiment 2 (I/O thr ottling)

Experimenttwo comparestheaccuracy of //TRACE and
think-limited. Resultsareshown in Figure9, whichis the
sameasFigure8, with //TRACE addedfor comparison.

//TRACE offersno signi�cant improvementfor Pseudo ,
and this result is expectedgiven that Pseudo has few
data dependencies. However, for both PseudoSync
and PseudoSyncDat , //TRACE offers substantialgains.
Namely, the maximum replay error is reducedfrom
82% to 17% for PseudoSync and 33% to 10% for
PseudoSyncDat . Theseimprovementsaredueto there-
playedsynchronization:a barrierafter every write I/O,
which //TRACE approximateswith 8 SIGNAL() and 8
WAIT() callspernode(abarrierrequiresall nodesto sig-
nalandwait onall othernodesbeforeproceeding).

Looking at Fitness , one seeseven greaterimprove-
ment. Namely, the maximum replay error is reduced
from 205%to 5%. Thereareonly 3 datadependencies
approximatedby //TRACE: node0 signalingnode1 af-
ter it completesis read,1 signaling2, and 2 signaling
3. Nonetheless,thesedependenciesenforcea sequential
executionof the I/O (which is whatFitness intended);
when ignored, the result is concurrentaccessfrom all
nodes(a differentworkloadaltogether).Therefore,it is
not thenumberof datadependenciesdiscoveredthatde-
terminesreplayaccuracy, but ratherhow thesedependen-
ciesimpactthestoragesystem.

TheQuake workloadhighlightshow accurately//TRACE

replayscomplex applicationswith multiple I/O phases,
havingdifferentmixesof I/O, compute,andsynchroniza-
tion. Relativeto think-limited,themaximumreplayerror
is reducedfrom 26%to 8%.

3For storagedeviceswith little cachespaceandnoread-ahead,con-
currentsequentialreadaccessescanincreasethenumberof seekoper-
ationsanddecreaseperformance.
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Figure 9: Think-limited vs. //TRACE (Experiment 2). The error incurredby //TRACE is lessthan think-limited acrossall
applicationsandstoragearrays.Theimprovementis mostpronouncedfor theapplicationswith largeamountsof synchronization.

5.4 Experiment 3 (I/O sampling)

Thecausalityenginecanthrottleevery I/O issuedby ev-
erynode.However, suf�cient replayaccuracy canbeob-
tainedin signi�cantly lesstime. In particular, onecan
sampleacrossbothdimensions(i.e.,which I/Os to delay
andwhich nodesto run in throttledmode).This experi-
mentexploresthe�rst dimension,speci�cally thetrade-
off betweenreplayaccuracy andtheI/O samplingperiod.

Five samplingperiodsarecompared(1, 5, 10, 100,and
1000). As discussedin Section3, theperioddetermines
thefrequency with which I/O is delayed.If thesampling
periodis 1, every I/O is delayed.If thesamplingperiod
is 5, every 5th I/O is delayed,etc. Giventhis,onewould
expectthesamplingperiodto havethegreatestimpacton
applicationswith a largenumberof I/O dependencies.

Note, I/O samplingcanaffect the computationcalcula-
tion whenusingthethrottling-basedapproach(Approach
1 in Section3.2). Recallthat throttling a nodemakesit
slower thanall the others. If the samplingfrequency is
toolow (alargesamplingperiod),thenthatnodemaynot
always be the slowest, therebypotentially introducing
synchronizationtimeinto thetracewhichwouldbeinad-
vertentlycountedascomputation.Therefore,timing the
systemcallsto determinecomputationtime(Approach2
in Section3.2) is a moreeffective approachwhenusing
largesamplingperiods.Noneof theapplicationsevalu-
ateduse“untraceable”mechanismsfor synchronization,
allowing Approach2 to work effectively.

Figure10plotsreplayaccuracy againsttheI/O sampling
period,for eachof theapplicationsandstoragesystems
beingevaluated.Beginningwith Pseudo , for whichthere
arefew datadependencies(i.e.,all nodesmustcomplete
their lastwrite beforeany nodebeginsreadingthecheck-

point), oneshouldexpectlittle differencein replayerror
amongthe differentsamplingperiods.As shown in the
�gure, thereplayerror for Pseudo is within 10%for all
samplingperiodsandstoragearrays.

PseudoSync and PseudoSyncDat behave quite differ-
ently (i.e., a barrier after every write I/O) and high-
light thetrade-off betweentracingtimeandsamplingpe-
riod. As shown in the �gure, replay error quickly de-
creaseswith smallersamplingperiods.Noticethepromi-
nent staircaseeffect as the samplingis decreasedfrom
1000to 1. Theseapplicationsrepresentthe worst case
scenariofor sampling,wheredatadependenciesarethe
primaryfactorin�uencing thereplayrate.

Lookingnow atFitness , oneseesbehavior verysimilar
to Pseudo . Both have few datadependenciesanddo not
requirefrequentI/O samplingfor accuratereplay. The
errorfor Fitness is within 5%for all samplingperiods.

Quake performanceis in�uenced by synchronization
(like PseudoSync andPseudoSyncDat ). So, discover-
ing moredatadependenciesoffers improvementsin re-
playaccuracy. For example,anI/O samplingperiodof 5
yieldsa2.9%replayerror, comparedto 21%errorfor an
I/O samplingperiodof 1000.

5.4.1 I/O samplingdiscussion

To choosethe“optimal” samplingperiod,onemustcon-
siderboth the applicationandthe storagesystem. The
only samplingperiodguaranteedto �nd all of the data
dependencies,for arbitraryapplicationsandstoragesys-
tems,is a periodof 1. Largersamplingperiodsmaybe-
gin to introducesomeamountof tracingerror. Thetrade-
off is replayaccuracy for tracingtime.
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Figure 10: Sampling vs. accuracytrade-off (Experiment 3). By samplingwhich I/Os to delay, thetracingtime canbereduced
at the potentialcostof replayaccuracy. This graphplots the replayerror over eachapplicationandstoragesystem,for different
samplingperiods:1000,100,10, 5, and1. Think-limited (TL) is shown for comparison.The fractionalincreasein runningtime
for theapplicationis shown aboveeachbar. Thesegraphsillustratethetrade-off betweentracingtimeandreplayaccuracy, but also
show thatlargersamplingperiodscanachieve goodreplayaccuracy, with minimal impacton therunningtime. (Note,thesmallest
samplingperiodshown for Quake is 5, asthisperiodalreadyproducesonly a2.9%replayerror.)

Intuitively, applicationswith a largenumberof datade-
pendencieswill realizelonger tracingtimesasthe data
dependenciesarebeingdiscoveredby the causalityen-
gine.Recallfrom Section4.1thatfor everydelayedI/O,
the throttlednodewaits for all othernodesto block or
completeexecution, and the time for the watchdogto
concludethat a nodeis blocked is derived from the ex-
pectedmaximumcomputephaseor systemcall time for
that applicationnode. Therefore,the tracing time can
vary dramaticallyacrossapplicationsand storagesys-
tems. Figure 10 shows the averageincreasesin appli-
cationrunningtime for variousI/O samplingperiods.In
the bestcase,I/O samplingintroducesalmostno over-
head(arunningtimeincreasecloseto 1.0)andyieldssig-
ni�cantly betterreplayaccuracy thanthink-limited (e.g.,
samplingevery1000I/Osof PseudoSync reducestheer-
ror of think-limited by over a factorof 3 on VendorA,
from 82%to 26%).

In practice,onecantraceapplicationswith a largesam-
pling period(e.g.,1000)andwork toward smallersam-
pling periodsuntil a desiredaccuracy, or a limit on the
acceptabletracingtime, is reached.Of course,the “op-
timal” samplingperiod of an applicationwhen traced
on onestoragesystemmay not be optimal for another.
Therefore,oneshouldreplaya traceacrossa collection
of differentstoragesystemsto helpvalidatetheaccuracy
of a given samplingperiod. We believe that develop-
ing heuristicsfor validatingtracesacrossdifferentstor-
agesystemsin order to determinea “globally optimal”
samplingperiodis aninterestingareafor futureresearch.

However, even with an optimally selectedsamplingpe-
riod, anapplicationis still run oncefor eachapplication
nodein order to extract I/O dependencies.Therefore,
nodesampling(samplingwhichnodesto throttle)is nec-
essaryto furtherreducethetracingtime.



5.5 Experiment 4 (Nodesampling)

This experiment shows that low replay error can be
achievedwithout having to throttleevery node. It com-
paresthereplayerrorfor variousvaluesof m(thenumber
of nodesthrottled,chosenindependentlyat random).

In somecases,nodesamplingcanintroduceerror. Such
is thecasewith Fitness , which only has3 datadepen-
dencies.If any oneof theseis omitted,oneof thenodes
will issueI/O out of turn (resultingin concurrentaccess
to the storagesystem). This representsa pathological
casefor nodesampling.For example,whenrunningon
theVendorBplatform,replayerrorswhenthrottling1, 2,
3, and4 nodes,are37%,29%,17%,and5%.

Quake and PseudoSyncDat are more typical applica-
tions. Figure 11 plots their error. With Quake, one
achievesanerrorof 13%whenthrottling2 of the8 nodes
(I/O samplingperiodof 5). Similarly, PseudoSyncDat
achieves an 8% error when throttling 4 of the 8 nodes
(I/O samplingperiodof 1). As with I/O sampling,one
cansamplenodesiteratively until a desiredaccuracy is
achieved,andthetracescanbeevaluatedacrossvarious
storagesystemsto validateaccuracy.

Interestingly, throttling morenodesdoesnot necessarily
improve replayaccuracy (e.g.,randomlythrottling four
nodesin Quake producesmoreerrorthanthrottlingtwo).
Becausethis experimentrandomlyselectsthe the throt-
tled nodes,the samplednodesmay not necessarilybe
the oneswith the most performance-affecting datade-
pendencies. Therefore,heuristicsfor intelligent node
samplingarerequiredto moreeffectively guidethetrace
collection processand further reducetracing time. In
addition,learningto recognizecommonsynchronization
patterns(e.g,. barriersynchronization)could reducethe
numberof nodesthatwould needto bethrottled. These
arebothinterestingareasof futureresearch.

6 Relatedwork

A varietyof tracingtoolsareavailablefor characterizing
workloadsandevaluatingstoragesystems[4, 7, 16, 24,
50]. However, thesesolutionsassumenodatadependen-
cies,makingaccurateparalleltracereplaydif�cult.

Therearealsoa numberof tools for tracing, replaying
and debugging parallel applications[5, 15, 18, 26, 30,
36]. Becausethesetools are usedto reducethe inher-
entnon-determinismin messagepassingprogramsin or-
der to make debugging easier(e.g., to catchracecon-
ditions or deadlock),they deterministicallyreplaynon-
deterministicapplicationsin order to producethe same
setof events,andhencesynchronizationtimes,that oc-
curredduring the tracedrun. In contrast,the goal of
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Figure 11: Node sampling (Experiment 4). Low replayer-
ror canbeachievedwithouthaving to throttleeverynode.This
graphplotsthereplayerrorfor variousvaluesof m (numberof
nodesthrottled). For Quake, error increaseswhensampling4
nodesinsteadof 2, indicatingthatthenodesrandomlyselected
for throttling determinethe replayaccuracy. (Not all storage
systemsarepresentedin this graph. The PseudoSyncDat re-
sultsarefrom theVendorCarrayandQuake is from VendorA.)

//TRACE is to replayI/O tracessoasto reproduce(real-
istically) any non-determinismin thetheglobalordering
of I/O beingissuedby thecomputenodes.

Throttling hasbeenusedsuccessfullyelsewhereto cor-
relateevents[9, 21]. By imposingvariabledelaysin sys-
tem components,one can con�rm causalrelationships
and learn much about the internalsof a complex dis-
tributedsystem.//TRACE follows this samephilosophy,
by delayingI/O atthesystemcall level in orderto expose
thecausalrelationshipsamongnodesin a parallelappli-
cation; this informationis thenusedto approximatethe
causalrelationshipsduringtracereplay.

There are also black-box techniquesfor intelligently
“guessing”causality, andthesedo not requirethrottling
or perturbingthe system. In particular, message-level
tracescan be correlatedusing signal processingtech-
niques[1] and statistics[12]. The challengeis distin-
guishingcausalrelationshipsfrom coincidentalones.

Operatingsystemeventscanbeusedto tracktheresource
consumptionof anapplication[6, 45] andalsodetermine
thedominantcausalpathsin a distributedsystem.Such
“whitebox” techniqueswould complement//TRACE, es-
pecially whendebugging the performanceof a system,
by providing detailasto thesourceof adatadependency.
In addition, systemcall tracing has beensuccessfully
usedto discoverdependenciesamongprocessesand�les
for intrusiondetection[27] andresultcaching[48].



7 Conclusion

This paperpresentsa techniquefor accuratelyextract-
ing andreplayingI/O tracesfrom parallelapplications.
By selectively delayingI/O while tracinganapplication,
computationtime and inter-node dependenciescan be
discoveredandapproximatedin traceannotations.Un-
like previous approachesto tracecollectionandreplay,
suchapproximationallows a replayerto closelymimic
thebehavior of a parallelapplication.Acrosstheappli-
cationsandstoragesystemsevaluatedin this study, the
averagereplayerroris below 6%.
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