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Abstract

/ITRACE! is anew approachor extractingandreplaying
tracesof parallelapplicationgo recreategheir I/O beha-

ior. Its tracingengineautomaticallydiscoversinter-node
datadependencieandinter-1/O computetimesfor each
node(process)n anapplication.This informationis re-

ected in pernodeannotated/O traces. Suchannota-
tion allows a parallelreplayerto closely mimic the be-
havior of a tracedapplicationacrossa variety of stor

age systems. When comparedto other replay mecha-
nisms,//TRACE offers signi cant gainsin replayaccu-
ragy. Overall, the averagereplay error for the parallel
applicationsvaluatedn this paperis 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
thecharacteristicanddemand®f differentapplications,
andreplayedagainstreal andsimulatedstoragesystems
to recreaterepresentatie workloads. Often, tracesare
much easierto work with thanactualapplications par
ticularly whenthe applicationsarecomplec to con gure
andrun, or involve con dential dataor algorithms.

However, onewell-known problemwith tracereplayis
the lack of appropriatefeedbackbetweenstoragere-
sponsdimesandthearrival rateof requestsin mostsys-
tems, storagesystemperformanceaffects how quickly
anapplicationissued/O. Thatis, the speedof a storage
systemin part determineghe speedof the application.
Unfortunately information regarding such feedbackis
rarely presentn 1/O traces leaving replayerswith little
guidanceasto the properreplayrate. As a result,some
replayersusethe tracedinter-arrival times(i.e., timing-
accurate) someadjustthe tracedtimesto approximate
how aworkloadmight scale, andsomeignorethetraced
timesin favor of an“as-fast-as-possible{AFAP) replay
For mary environmentsnoneof theseapproacheis cor
rect[17]. Worse,onerarelyknows how incorrect.
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Figure 1: An exampletrace replay. This graphplots band-
width over time, comparingan applicationto two differentre-
players. The application[28] simulatesthe checkpointingof
a large-scaleparallel scienti ¢ application. For this particular
con guration,thewrite phaséhasnumerouslatadependencies
(oneoutstandind/O perprocessanda barriersynchronization
aftereachwrite I/0O) andthe readphases dominatedoy com-
putation(processingf checkpointdata).AFAP replaysthel/O
traces“as-fast-as-possible,and //TRACE approximatesoth
thesynchronizatiorandcomputetime. BecauséAFAP ignores
synchronizatiorand computation,it replaysfasterand places
differentdemandsn the storagesystem. //TRACE, however,
closelytrackstheapplications /0O behaior.

Tracing and replaying parallel applicationsaddscom-
plexity to analreadydif cult problem.In particulay data
dependencieamongthe computenodesin a parallelap-
plication can further in uence the I/O arrival rate and,
therefore jts demand®n a storagesystem.So, in addi-
tion to computationtime and /O time, nodesin a par
allel applicationalsohave syntironizationtime; suchis
the casewhen,for example,onenodes outputis another
nodesinput. If areplayof a parallelapplicationis to be-
haveliketherealapplication suchdependenciesiustbe
respectedOtherwisereplaycanresultin unrealisticper
formanceor evenreplayerrors(e.g.,readinga le before
it is created). Figure 1 illustrateshow synchronization
andcomputatiorcanaffectthereplayaccurag.



Parallel applicationsrepresentinimportantclassof ap-

plicationsin scienti ¢ and businesservironments(e.g.,

oil/gas, nuclearscience,bioinformatics,computational
chemistry ocean/atmospherandseismology).This pa-

perpresents/TRACE, anapproacho accuratelytracing

andreplayingtheir /0 in orderto createrepresentatie

workloadsfor storagesystemsevaluation.

/ITRACE actively manageghe nodesin a tracedappli-

cationin orderto extractboththe computationtime and
informationregardingdatadependenciedt doessoin a
black-boxmanner requiringno modi cation to the ap-
plication or storagesystem. An applicationis executed
multiple timeswith arti cial delaysinsertedinto the I/O

streamof a selectedhode(calledthe “throttled” node).
Suchdelaysexposedatadependenciewith othernodes
andalsoassistin determiningthe computatiortime be-
tweenl/Os. I/O tracescanthenbe annotatedwith this

information,allowing themto bereplayedon areal stor

agesystemwith appropriatéfeedbackbetweerthe stor

agesystemandthel/O workload.

/ITRACE includes an execution managemenscript, a

tracing engine,multi-trace post-processingpols, and a

paralleltracereplayer Executionmanagementonsists
of runningan applicationmultiple times, eachtime de-

laying I/O from a differentnodeto exposel/O depen-
dencies.Thetracingengineinterpose®n C library calls

from an unmodi ed applicationto capturel/O requests
andresponsedn thethrottlednode,this enginealsode-

lays I/O requests.The post-processingpols meige I/O

tracesfrom multiple runsandcreatepernodel/O traces
thatareannotatedvith synchronizatiorandcomputation
calls for replay The paralleltracereplayerlaunchesa

setof processesgachof which replaysa tracefrom a

givennodeby computing(via atight loop thattracksthe

CPUcounter) synchronizingvia explicit SIGNAL() and

WAIT() calls),andissuingl/O request@sappropriate.

Experimentscon rm that//TRACE canaccuratelyrecre-
atethel/O of a parallelapplication.For all applications
evaluatedin this paper the averageerror is belov 6%.

Of coursethe costof //TRACE is theextratime required
to extractthel/O dependenciedn theextreme //TRACE

could requiren runsto tracean applicationexecutedon

n nodes.Further eachof theserunswill be slower than
normalbecausef the insertedl/O delays. Fortunately
onecansamplewhichnodedo throttleandwhich1/Osto

delay thusintroducinga usefultrade-of betweerracing
time andreplayaccurag. For example,whentracinga

runof Quale[2] (earthquak simulation),delayingevery

101/Os (anl/O samplingperiodof 10) increasesgracing
time by afactorof 5 andyieldsareplayaccurag of 7%.

However, onecanincreasehe periodto 100for an18%

errorandatracingtime increaseof 1.7x.

This paperis organizedasfollows. Section2 provides
morebackgroundmotivatesthe designof //TRACE, and
discussethetypesof parallelapplicationdor whichit is
intended. Section3 overviews the designof //TRACE.
Section 4 details the design and implementationof
/ITRACE. Section5 evaluates/TRACE. Section6 sum-
marizesrelatedwork. Section7 concludes.

2 Background & motivation

Storagesystemperformancas critical for parallelappli-
cationsthataccessarge amountsof data.Of coursethe
mostaccurataneanf evaluatinga storagesystemis to
run an applicationand measurdts performance.How-
ever, taking sucha “test drive” prior to making a de-
signor purchaselecisionis not alwaysfeasible.Conse-
quently theindustryhasrelied on a wide variety of /0O
benchmarkge.g., TPCbenchmark$46], Postmarl25],
I0zone[31], Bonnie[8], SPC[42], SPECsfd41], and
lometer[23]), mary of which areeven self-scaling[13]
and adjustwith the speedof the storagesystem. Un-
fortunately while benchmarksreexcellenttoolsfor de-
bugging and stresstesting, using them to predict real
world performancecanbe challenging;they canalsobe
complex to con gure andrun [39]. In somecasesthis
hasled to the creationof pseudo-applications— bench-
markscraftedto reproducethe I/O actiity of particular
applications[28]. Unfortunately designinga pseudo-
applicationrequiresconsiderableexpertiseand knowl-
edgeof therealapplication,makingthemrare.

Tracereplay providesan alternatve to benchmarksand
pseudo-applicationsgiven a traceof I/O from a given
application,a replayercanreadthe traceandissuethe
samel/O. The advantageof tracesaretheir representa-
tivenesf realapplicationsandtheir easeof use(appli-
cationscanbedif cult to con gure or mayevenbecon -
dential). Unfortunately existing tracingmechanismslo
notidentify datadependencieacrossnodes(processes),
makingaccurateparalleltracereplaydif cult.

In generalthe rate at which eachnodein a parallelap-
plicationissuesl/O is in uenced by its synchronization
with othernodegqits datadependenciegndthe speedf
the storagesystem.In addition,the computatiora node
performsbetween/Oswill determinghe maximuml/O
rate. Unlessl/O time, synchronizatiortime, and com-
putetime areall consideredthel/O replayratemaydif-
fer substantiallyfrom thatof theapplication.

This work exploresa new approachto tracecollection
andreplay: a paralleltracereplayerthatissueghe same
I/0 asthe tracedapplicationand approximatests inter-

I/O computatioranddatadependenciedn short,it tries
to behaejustlike the application.



2.1 Tracereplay models

Therearetwo commonmodelsfor tracereplay: closed
andopen. In a closedmodel,l/O arrivals aredependent
on /O completionsln anopenmodel,they arenot[40].
In a closedmodel, the replayrateis determinedby the
think time between/Os andthe servicetime of eachl/O
in thestoragesystem.Thefasterthestoragesystencom-
pletesthel/O, thefasterthe next onewill beissueduntil
think time is the limiting factor In an openmodel,the
replayrateis unafectedby the storagesystem.

Whenviewed from the perspectie of a storagesystem,
mostl/O falls somavherein betweeranopenandclosed
model[17]. Thisis particularlythe casewhen le sys-
temsand other middleware (e.g., caches)modulatean
applications I/O rate. However, whenviewed from the
perspectie of theapplicationthemodelis oftenaclosed
one (i.e., a certainnumberof outstandingl/O requests
with a certainthink time betweenl/Os). Therefore,as
long asthe tracesare capturedabore the cachesof the
le andstoragesystemsof interest(i.e., le-le vel asop-
posedo block-level), onecanreplayanapplications le
I/O usingaclosedmodelin orderto createhesamefeed-
backasthetracedapplication. The key challengeis de-
terminingwhat portion of the think time is constantand
whatportionwill vary acrossstoragesystems.

For parallel applications,there are two componentgo
think time: compute time and synchronizationtime.
Computetime is that spentexecuting applicationcode
and,for thepurpose®f storagesystemevaluation,canbe
held constanduringreplay Synchronizatiorime, how-
ever, is variable— it representdime spentwaiting on
othernodesbecaus®f a datadependencandcanthere-
fore vary basedn theratesof progresof thenodes.

2.2 Synchronization and the effecton 1/0

A variety of synchronizatiormechanismsarein useto-
day, including standardoperatingsystemmechanisms
(signals, pipes, lock les, memory-mapped/O) [35],
messaggassing 20], sharedmemory[11], andremote
procedurecalls[44]. Also, someapplicationsusehybrid
approachef34] (e.g.,sharednemorytogethemwith mes-
sagepassing).Although mary of thesemechanismsan
be tracedwith a conventionaltracingtool (e.g., ltrace
strace mpitracd, it is unclearhow one could replay
asynchronousommunication(e.qg., applicationsusing
selector poll) without a semanticunderstandingf the
application. Suchasynchronousperationsare usedex-
tensvely in parallelapplicationsn orderto overlapcom-
municationwith computation. Further someof these
synchronizatiormechanismge.g., sharedmemory)are
nottraceablaisingcorventionaltracingsoftware.

awiy

Node 0 Node 1  Node 2
Barrier 1
T >
g o)
2 o
)
[¢]
& <
= 2
Barrier 2 (07 o
3 o
S 0 3
=4 o 2
® g T
< =3
(0]
=
& 2
Barrier 3
5 5
@ E %
=
2 s
& 2
Barrier 4

Figure 2: A hypothetical parallel application. All nodesare
reading modifying, andwriting ashareddatastructureondisk,
andbarriersareusedbetweereachstageto keepthenodessyn-
chronized. Node 1 happengo be the slowvest node, forcing
nodesD and?2 to wait. Notethatundera differentstoragesys-
tem, the I/O time for node 1 could change thusresultingin
changesn the synchronizatiortime for nodes0 and2.

For thesereasonstracingandreplayingsynchronization
callsis dif cult. Namely the variety of synchronization
mechanismsnd their semanticsvould needto be un-
derstood,determiningcausalityfor asynchronousnes-
sageswould require application-leel knowledge, and
“untraceable’callswould not be easyto capture.Unfor-
tunately ignoringsynchronizations notaviable option.

ConsiderFigure2 whichillustratesa hypotheticalparal-
lel applicationmodifying a shareddatastructure;barri-

ers[33] areusedo keepthenodessynchronizedbetween
stages.As canbe seenin the gure, the l/O time com-

posesonly a fraction of the overall runningtime; there
is alsocomputetime andsynchronizatior(*wait”) time.

Moreover, if thespeedf thestoragesystemchangesthe

time eachnodespendswaiting on othernodescouldalso
change Theseeffectsmustbe modeledduringreplay

2.3 1/0 throttling

The solution presentedn this paperis motivated by

the desirefor a portabletracing tool that doesnot re-

quire knowledgeof the applicationor the synchroniza-
tion mechanismdbeingused. We accomplishthis using

awell-known techniquecalled|/O throttling [9, 21].



Throttling involvesselectvely slowing down the l/O re-
questsof an application, processingrequestsone at a
time in the orderthey arereceved. In doing so, one
can exposethe datadependencieamongthe nodesin

aparallelapplication.Considerthe casewhereonenode
(node0) writesa le thata secondnode(nodel) reads.
To ensurethe properordering(write followed by read),
nodeO would signalnodel afterthe le hasbeenwrit-

ten. However, if 1/0O requestdrom nodeO aredelayed,
nodel will block,waitingfor theappropriatesignalfrom

nodeO (e.g.,aremoteprocedurecall). Althoughanl/O

tracemay not indicatethe synchronizatiorcall, onecan
determinghatnodel is blocked(e.g.,becaus¢hereis no
CPUor I/O actiity) andconcludethatit is blocked on

node0. Thel/O tracescanthenbe annotatedo include
this causakelationshipbetweemodes) and1.

Throttling I/O to exposedependencieandextractcom-
putetimeis suitablefor applicationsvith computenodes
thatproducedeterministid/O (i.e., for agivennode,the
sequencef I/O is the samefor eachrun). For example,
considerthe casewheren nodeswrite a le in a par

titioned manner Thatis, node0 writes the rst 1=nt"

of the le, node1 the second1=n", andso on. As

such,althoughthe global I/O schedulingcanvary non-
deterministicallyacrossmultiple runs (e.g.,dueto pro-
cessscheduling) the I/O issuedby eachnodeis x ed.
For suchapplicationsthrottling will not changethe I/O

issuedby a given node,the orderin which a givennode
issuedts I/O, or its datadependenciewith othernodes;
throttling only in uencesthetiming. Althougha variety
of applicationst this model,we focuson parallelscien-
ti ¢ applicationd37], asthey produceinterestingmixes
of computation}/O, andsynchronization.

3 Designoverview

/ITRACE discovers an applications data dependencies
and computetime using I/O throttling. Summarizing
from Section2, thedesignrequirementsreasfollows:

1. To adjustwith the speedof the storagesystem the
tracesmustbereplayedwith a closedmodel.

2. To enforcedatadependencieghe tracesmust be
annotatedvith theinter-nodesynchronizatiorcalls.

3. To modelcomputationtheinterl/O computetime
mustbere ectedin thetraces.

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

/ITRACE is bothatracingengineandareplayerdesigned
not to requiresemanticknowledgeor instrumentatiorof
the applicationor its synchronizatiormechanismsThe
tracingengine calledthecausalityengine is designeds
alibrary interposeff14] (whichusesthe LD _PRELCAD
mechanismandis runonall nodesn a parallelapplica-
tion. The applicationdoesnot needto be modi ed, but
mustbedynamicallylinkedto the causalityengine.Any
sharedibrary call issuedby theapplicationcanbetraced
andoptionally delayedusingthis mechanism.

The objectives of the causalityengineare to intercept
andtracethe I/O calls, calculatethe computationtime

betweerl/Os, anddiscover ary causatelationshipgi.e.,

the datadependenciesicrossthe nodes. All of this in-

formationis storedin a pernodeannotated/O trace. A

replayer(alsodistributed) canthen mimic the behaior

of thetracedapplication by replayingthe I/0, the com-
putation,andthe synchronization Although /O callsto

ary sharedibrary (e.g.,MPI-10, libc) canbetracedand
replayedthis work focuseson the POSIXI/O issuedby

anapplicationthroughlibc.

3.1 Discovering data dependencies

In general,one canautomaticallydiscover the datade-
pendenciescrossall nodesby throttling eachnodein
turn. Whena nodeis beingthrottled, its 1/O is delayed
until all othernodeseitherexit or block/spinonanevent.
If anodeexits, thenit is obviously notdependenbn the
nodebeingthrottled. Corversely ary nodethat blocks
must have some data dependeng perhapsonly indi-
rectly, with thethrottlednode.To re ect thesedependen-
cies,thethrottlednodewill adda SIGNAL() to its trace
andtheblockingnodeswill adda correspondingVAIT()
to theirtraces.Figure3 illustratesanexample.

Of course,delayingevery 1/0 could increasethe run-
ning time of an applicationconsiderably For this rea-
son, one canselectvely determinewhich I/Os to delay
(/O sampling)and which nodesto throttle (nodesam-
pling), therebytradingreplayaccurag for tracingtime.
Thistrade-of is discussedurtherin Sectionb.

3.2 Discovering computetime

In additionto discovering datadependencieghrottling
assistsn determiningcomputetime. To determinethe
computeiime, onemustensurehatsynchronizatiotime
is negligible or subtractthe synchronizatiortime from
the think time. This paperdiscussedoth approaches,
but only the seconds usedin the evaluation.

Approach 1. The rst approachrecognizeghat throt-
tling a nodemalkesits synchronizatiortime negligible.
Whena nodeis beingthrottled, it is madeto be slower
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fh = open(“foo0”)

COVPUTE( )

wite(fh, .)
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fh = open(“foo”)
COVPUTE( )
read(fh, .)
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v cl ose(fh)
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Figure 3: Example of trace annotation. In this example,
nodeO is writing to a le thatnodel is reading. By delay-
ing I/0 onnode0, thedependengccanbeexposed.Nodel will

block, waiting on node0 to signal (throughone of a number
of possiblemechanismsjhat the le hasbeenclosed. Once
the dependeng hasbeendiscovered,the I/O tracesare anno-
tatedwith SIGNAL() andWAIT() callsthatcanbereplayed.n
addition,computatiortime canbe addedasCOMPUTE()calls.

thanall othernodesso asto exposedatadependencies.
Consequentlythe think time betweenl/Os is all com-
putation(e.g.,nodel in Figure 2 doesnot have to wait
on nodesO and 2, becausenodel is the slowestnode).
The primary advantageof this approachis thatit canbe
usedeven if an applicationis using “untraceable’syn-
chronizationmechanismsuchas sharedmemory The
disadwantageis thatl/O samplingcanaffect the compu-
tationcalculation.This is discussednorein Section5.

Approach2: Thesecondapproachiecognizeshatmary

synchronizationmechanismsare interrupt driven and
rely on library or systemcalls for synchronizatior{e.qg.,
a nodemay block while readinga soclet). Therefore,
given a list of calls that can potentially block, one can
interposeon and calculatethe time spentin eachcall,

andthensubtractthis from the think time. Suchanap-

proachdoesnotrequirea semanticunderstandingf ary

of the synchronizatiorcalls. Of course,this approach
only works for synchronizatiormechanismghat issue
library or systemcalls andwill not work with applica-
tionsthatuse“untraceable’synchronizatiorfe.g.,shared
memory).Unlikethe rst approachthisonedoesnotre-

guireanodeto bethrottledin orderto extractcomputa-
tion, andthe calculationis unafectedby 1/0O sampling.

Note,approached and2 assumehatmultiple outstand-
ing I/Os areachiered via multiple threads eachissuing
synchronoud/O. The causalityenginetreatsthreadsas
separaténodes”andtraceseachindependently

3.3 Putting it all together

Tracecollectionis aniterative processrequiringthatan
applicationbe run multiple times, eachtime choosinga
different nodeto throttle. Then, given a collection of
traces(one trace for eachof n applicationthreads),a
distributedreplayer(n replaythreadspnepertrace)can
replaythe I/O, including ary inter-I/O computatiorand
synchronizationagainstdummydata les. Figure4 il-
lustrateghis high-level architecture.

4 Detaileddesign

This sectiondiscusseshe designof the causalityengine
andtracereplayerin greaterdetail.

4.1 The causality engine

Therearetwo modesof operationfor the causalityen-
gine:throttled modeandunthrottled mode. For eachrun
of theapplicationexactly onenodeis in throttledmode;
all othersareunthrottled.In bothmodes.eachl/O is in-
terceptedy thecausalityengineandstoredin atracefor
the respectie node. This traceincludesthe I/O opera-
tionsandtheiraguments A nodein throttledmodecre-
atesan|/O traceannotatedvith computatiortime (using
Approachl or 2 from Section3.2) andthe “signaling”
information. A nodein unthrottledmodecreatesan /O
traceannotatedvith the “waiting” informationandalso
the computatiorinformationif Approach2 is used.

After m runsof an application(m n), eachnodehas
m tracesthatmustbe merged. At mostoneof thetraces
pernodecontainsthe I/O whenthatnodeis beingthrot-
tled, includingSIGNAL() andCOMPUTE()calls;all other
tracesre ect the I/O when the nodeis in unthrottled
mode,includingWAIT() calls,andalsoCOMPUTE()calls
if Approach? is used.Note thatregardlessof themode,
thel/O in all tracedor aparticulamodeshouldbeidenti-
cal,asourassumptions adeterministid/O workload. If
the /O beingissuedby the applicationchangesye can
easily detectthis and report an appropriateerror (e.g.,
“attemptto tracea non-deterministi@pplication”).

4.1.1 Throttled mode

Whena nodeis beingthrottled,up to threepiecesof in-

formationare addedto the tracefor eachl/O. First, the
computetime sincethelastl/O is determinedusingAp-

proachl or 2) anda COMPUTE(<seconds>) callis added
to thetrace.Secondthe /O operationandits aguments
areadded.Third, signalinginformationis added asper
thel/O samplingperiod
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Figure4: High-level architecture. While anapplicationis running(left half of gure) thenodesaretracedby thecausalityengine
(adynamicallylinked library) andselectvely throttledto exposetheir datadependenciesComputatiortimesarealsoestimated.
Thisinformationis thenusedto annotatehe /O traceswith SIGNAL() , WAIT() andCOMPUTE()callsthatcanbeeasilyreplayedn

adistributedreplayer(right half of gure). During replay dummydata les areusein placeof therealdata les.

The I/0O samplingperioddeterminesow frequentlythe
causalityenginedelaysl/O to checkfor dependencies
(e.g.,aperiodof 1 indicatesthat every 1/O is delayed)
and thereforedetermineshonv mary datadependencies
arediscovered. In general,if the samplingperiodis p,
the causalityenginewill discover dependenciewithin p
operation®f thetruedependenec Becausghesampling
perioddeterminegherateof throttling, too large a sam-
pling periodcanalsoaffect the computatiorcalculation.
In thesecasesApproach? (Section3.2) is preferred.

Whenan I/O is beingdelayed the causalityenginede-
laysissuingthel/O until all unthrottlednodeseitherexit
or block (i.e., a dependenc hasbeenfound). A remote
procedurecall is sentfrom the causalityengineof the
throttled nodeto a watchdag processon eachunthrot-
tled nodeto malke this determination;somenodesmay
have exited, othersmay be blocked. If a nodehasex-
ited, thenit is not dependenon the delayedl/O. Other
wise, the throttled nodeaddsa SIGNAL (<unthrottled
node id>) to its trace,andthe unthrottlednodeaddsa
correspondin@VAIT(<throttled node id>) calltoits
trace. After thethrottlednodehasreceived a reply from
all of the watchdoggone per unthrottlednode),the I/O
is issued.Algorithm 1 shavs the pseudocode.

Of course,delayingl/O in this mannercanproducein-
direct dependencies. For example, referring back to
Figure 3, a samplingperiod of 1 will indicatethat the
open() call for nodel is dependenbn eachl/O from
node 0; namely the open() , the two write()  calls,
andtheclose() — andthetraceswill be annotatedas
suchto re ect this. However, the only signalneededs
thatfollowing theclose()  operationandtheredundant

SIGNAL() andWAIT() callscanbeeasilyremoredasa
preprocessingtepto tracereplay The indirect depen-
denciesthat cannotbe removed are thosedue to tran-
sitive relationships. For example, if node?2 is depen-
denton nodel, andnodel on node0, the causalityen-
ginewill detectthe indirectdependencbetweemodes
0 and2. Althoughthesetransitive dependencieaddad-
ditional SIGNAL() andWAIT() callsto the traces,they
neverforceanodeto block unnecessarily

As to selectingthe propersamplingperiod,this depends
on the applicationandstoragesystem.Someworkloads
andstoragesystemsnaybe moresensitve to changesn
inter-nodesynchronizatiorthan others,so no one sam-
pling periodshouldbe expectedto work bestfor all. An
iterative approachfor determiningthe propersampling
periodis presentedn Sectionb.

4.1.2 Unthrottled mode

Whena nodeis beingtracedin unthrottledmode,up to
threepiecesf informationareaddedo thetracefor each
I/0: a COMPUTE()call if Approach? is beingused,the
1/0 operatiorandits agumentsandoptionallya WAIT()
call. TheWAIT() is addedby thewatchdogprocessf it
determineghatanapplicationnodeis blocked.

Recall(Algorithm 1), whenthe throttlednodedelaysan
I/0, it issuesthe NodelsBlocked()  call to eachof the
unthrottlednodes.The watchdogs responsibldor han-
dling this call. A nodecould block eitherin a system
call (e.g.,while readinga soclet) or throughuserlevel
polling, andthewatchdogshouldbe ableto handleboth.



Algorithm 1. ThrottledMode. This function in-

terceptsevery I/O operationissuedby the throttled
node. First, the computationtime since the previ-

ously issuedl/O is addedto the trace (Approachl
shavn). Computatiortime is simply the time since
the last1/O completed.Secondthe currentl/O op-
erationis addedto the traceand optionally throttled
asperthe samplingperiod. If thel/O is throttled,the
algorithmwaits for all unthrottlednodesto block or
completeexecution. If a nodeis blocked, Nodels-
Blocked() will returntrue,anda signalto thatnode
will be addedto thetrace. Finally, thel/O is issued
andthecompletiontimeis recorded.

1.1 AddComputeToTrace(GetTime()
1.2 AddOpToTrace() ;

1.3 if opCount is divisible by SAMPLE_PERIOD then
1.4 foreachblodking noden do

previousTime) ;

15 if NodelsBlocked( N, thisNodelD) then
16 | AddSignalToTrace( n);

17 endif

18 endfch

1.9 endif

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

COMPUTE()

Figure5: Before merging the traces. Theapplicationis such
thatnode0 waits for nodesl and2 beforeissuingits read()
andnoti es nodesl and?2 aftercompletingits read() . Trace
0.0 shawsthetracefor node0 whennodeO is beingthrottled.
Trace 0.1 isthetracefor nodeO whennodel is beingthrot-
tled. And Trace 0.2 is thetracefor nodeO whennode?2 is
beingthrottled. Similar traceswould exist for nodesl and2.

applicationis blocked. In the bestcase this introduces
extra synchronization.In the worst case,it canleadto
deadlockduringreplay Oneheuristicusedin this work
is to increasethe maximumsystemcall time by a few
factors. For example,if the maximumsystemcall time
in anunthrottledrun of theapplicationis 50 ms, thenthe
maximummightbesetto 100ms;ary systencall taking

1.10 opCount
1.11 IssuelO() ;
1.12 previousTime

opCount +1; longerthan100 msis assumedo be blocked. Selecting

toolargeavalueonly affectsthe traceextractiontime.
GetTime() ;

There are a variety of ways to determineif a nodeis
blocked; the approactusedby //TRACE is a simpleone.
Becauseblocking systemcalls used for interprocess
synchronizatior(e.g.,soclet I/0O, polling, select,pipes)
canbe interceptedoy the causalityengine,one cande-
terminethetime spentin eachcall. Similarly, if polling
is used,the watchdogcan just as easily determinethe
time spentcomputing(i.e., thetime sincethelastl/O call
completed).Therefore to determinef anapplicationis
blocked, the watchdogcheckswith the causalityengine
(throughsharedmemory)to seeif the nodeis in acom-
putephaseor in a systemcall. It thenchecksif thetime
spentin thecomputephaseor systencall hasexceeded
predeterminednaximum;if so,it is blocked waiting on
thethrottlednode. Note, this approachdoesnot require
a semanticunderstandingf ary of the synchronization
calls. Rather the watchdogonly needsto checkthata
computatiorphaseor systemcall is nottakingtoo long.

The maximumlengthof a computatiorphaseor system
call canbe obtainedfrom an analysisof an unthrottled
run of the application(e.g.,by usingUnix straceto de-
terminethe maximuminter-arrival delayandsystemcall
time). Thesemaximamustbe chosenlarge enoughto
accountfor systemvariance. If too small a maximum
is used thewatchdogmay prematurelyconcludethatan

4.2 Tracereplay

Preparing tracesfor replay.

Following mrunsof anapplicationthroughthe causality
engine eachnodehasm tracesthatmustbe memged. All
m tracesfor a given nodeshouldcontainthe same le
I/O calls, otherwisean error will be agged indicating
thatthe applicationis notdeterministic.

Recallthatat mostoneof the m tracesfor a given node
hasthe SIGNAL() calls for that node; this is the trace
producedwhenthe nodeis beingthrottled. The other
tracedfor thatnodeonly have the WAIT() calls;theseare
thetracegproducedvhenothernodesarebeingthrottled.
After the meige, eachl/O hasat mostm 1 preceding
WAIT() calls,m 1succeedin@IGNAL() calls,andone
COMPUTE()call (obtainedusingApproached or 2).

The examplein Figure5 shows thetrace les for a hy-
pothetical3-nodeapplication.In this case gvery nodeis
throttledin turn. Only the tracesfor nodeO are shown.
A memge of thesethreetraceswill producethe nal trace
for node0 (Figure6).

Replayingthe traces

After traces have been annotatedwith COMPUTE()
SIGNAL() , andWAIT() calls, replayis straightforvard,
andthe tracesare easyto interpret. Each le operation
canbereplayedalmostas-is;the syntaxis similar to that



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. The memging procesdeagins by creatinga new trace le for
node0. For eachl/O, all WAIT() callsareaddedrst (theorder
doesnotmatter) thenthel/O call, thenthe SIGNAL() calls,and
nally the COMPUTE()

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 mappingbetweerthe le
handlesin the trace and thoseassignedduring replay
As for the synchronizationgdevelopersarefreeto imple-
mentthesecallsusingary synchronizatioribrary (e.g.,
MPI[20], Java[19, 43], CORBA [49)) thatis corvenient
(we use MPI); the COMPUTE() call is implementedby
spinningfor the speci ed amountof time. Computation
is simulatedby spinning,ratherthansleepingjn orderto
inducea CPUloadonthesystenmlik e theapplication.

Figure 7 shaovs a memged trace le, obtainedvia the
causalityenginefrom aparallelscienti ¢ application2].
In additionto enablingaccuratereplay a traceinstru-
mentedwith synchronizationand computationreveals
interestingnformationregardingprogramstructure.

5 Evaluation

Thiswork is motivatedby four hypotheses.

Hypothesisl Datadependencieandcomputatiomrmust
beindependentlynodeledduringreplay otherwise
thereplaymaydiffer from thetracedapplication.

Hypothesis2 By throttling every nodeanddelayingev-
eryl/O, thel/O dependencieandcomputeime can
bediscoreredandaccuratelyreplayed.

Hypothesis3 Not every I/O necessarilyneedso bede-
layedin orderto achiere goodreplayaccurag.

Hypothesis4 Not every node necessarilyneedsto be
throttledin orderto achieve goodreplayaccurag.

To testthesehypothesesthree applicationsare traced
andreplayedacrosghreedifferentstoragesystemsThe

[* barrier  before file ¥
WAIT(1)
WAIT(2)
SIGNAL(1)

SIGNAL(2)

opening  output

[* open output file *
open64dm(*/pvfs2/output/mesh.e”,
COMPUTE(0.000148622)

578, 416 ) =

[* write  output file ¥

write(17,  4096) = 4096
COMPUTE(0.131106558)

_liseek(17, 8192, SEEK_SET) = 8192
COMPUTE(0.000000605)

write(17,  4096) = 4096
COMPUTE(0.000022173)

Figure7: Exampletrace le. Thisisasnippettromameiged
trace le for nodeO in a3-noderun of Quale, a parallelscien-
tic applicationthat simulatesseismicevents. The causality
enginediscoversthatall nodessynchronizébeforeopeningand
writing theiroutput le (ameshdescribingheforcesduringan
earthquak). Whenreplayingthis trace the opencalls mustbe
modi ed to pointto dummy les thatcanbereadandwritten.
Thereplayemustmaintainamappingbetweerthe le handles
in thetrace(17 in this case)andthoseassignedluringreplay

applicationsand storagesystemschosenhave different
performanceharacteristicgn orderto highlighthow ap-
plication /O ratesscale(differently) acrossstoragesys-
tems,andillustrate how //TRACE can collect traceson
one storagesystemand accuratelyreplay them on an-
other Recall,theprimarygoalof thiswork is to evaluate
anew storagesystem,usingtracereplayto simulatethe
application.As such,tracesarenormally collectedfrom
onestoragesystemandreplayedon another

Thereare threereplay modeswe could useas a base-
line for comparisona closed-looas-fist-as-possiblee-
play thatignoresthethink time between/Os (AFAP), a
closed-loopreplay that replaysthink time (we call this
think-limited, and an open-loopreplay that issuesl/O
at the sametime they are issuedin the trace (timing-
accuratg3]). Think-limited assumeshatthe think time
(somecombinationof computeandsynchronizationpe-
tweenl/Os is x ed. In general,we nd think-limited
to be more accuratethan AFAP andthereforeuseit as
our baselinecomparatarA timing-accurateeplayis not
consideredecauseby de nition, it will have aniden-
tical runningtime to the tracedapplication. Note, a re-
playerthatonly modelscomputetime (andignoressyn-
chronization)requiressomemechanismto distinguish
computetime from synchronizatiortime (e.g.,a causal-

17



ity engine). Think-limited is thereforethe bestonecan
do beforeintroducingsucha mechanism.

Experimentl (Hypothesisl) comparesherunningtime
of think-limited againstthe application. Becausehink-
limited assumesa x edsynchronizatiotime,oneshould
expecthighreplayerrorwhenanapplicatiorwith signi -

cantsynchronizatioimeis tracedononestoragesystem
andreplayedon anotherthathasdifferentperformance.

Experimen® (Hypothesi®) useghecausalityengineto
createannotated/O traces.Thetracesarereplayedand
comparedgainstthink-limited.

Experiment3 (Hypothesis3) usesl/O samplingto ex-
plorethetrade-of betweertracingtime andreplayaccu-
ragy. Similarly, Experiment4 (Hypothesis4) usesnode
samplingto illustratethatnot all nodesnecessarilyneed
to bethrottledin orderto achiese agoodreplayaccurag.

For all experimentsthetracesusedduringreplayareob-
tainedfrom a storagesystemother than the one being
evaluated. In otherwords,if storagesystemA is being
evaluatedthenthetracesusedfor replaywill have been
collectedon eitherstoragesystemB or C. We reportthe
errorof thetracethatproducedhe greatesteplayerror.

In all tests,runningtime is usedto determinegthe replay
accurag, and the percenterror is the evaluation met-
ric. Thereportederrorsareaveragesover atleast3 runs.
More speci cally, percenterroris calculatedasfollows:

ApplicationTime ReplayTime
ApplicationTime

100

Averagebandwidthand throughputare not reported,as
thesearesimply functionsof therunningtime.

5.1 Experimental setup

Three parallel applicationsare usedin the evaluation:
Pseudo, Fitness , andQuake. All threeapplicationause
MPI [20Q] for synchronizatior{noneuseMPI-10).

Pseudo is a pseudo-applicatiofrom Los AlamosNa-

tional Labs [28]. It simulatesthe defensie check-
pointing procesof a large-scalecomputationMPI pro-

cesseswrite a checkpoint le (with interleared ac-
cess),synchronize,and then read back the le. Op-

tional ags specifywhetheror not nodesalso synchro-
nize after every write 1/0, and if there is computa-
tion on the databetweenreadl/Os. Threeversionsof

the pseudo-applicatiomre evaluated: one without ary

ags speci ed (Pseudo ), onewith barriersynchroniza-
tion (PseudoSync ), and onewith both synchronization
andcomputation(PseudoSyncDat 2).

2We increasedhe computatioraftereachreadby afactorof 100to
malke PseudoSyncDat signi cantly differentthanPseudoSync .

Fitness is a parallel workload generatorfrom In-
tel [22]. Thegeneratoiis con gured sothatn MPI pro-
cesseseadnon-overlappingportionsof a le in turn;the
rst nodereadsits portion, then the secondnode, etc.
Thereareonlyn 1 datadependenciesiode0 signaling
nodel, nodel signalingnode2, etc. Thistestillustrates
acasewvherenodesarenotproceedingstrictly in parallel,
but ratherhave someorderingthatmustberespected.

Quake is a parallel applicationdevelopedat Carngjie
Mellon University usedfor simulatingearthquaks|[2].
It usesthe nite elementmethodto solve a setof partial
differential equationsthat describehow seismicwaves
travel throughtheEarth(modeledasamesh).Theexecu-
tion is dividedinto threephasesPhasel builds a multi-
resolutionmeshto model the region of ground under
evaluation. The model, representedsan etree[47], is
anon-diskdatabasstructure the portionof thedatabase
accessedy eachnode dependson the region of the
groundassignedo that node. Phase2 writes the mesh
structureto disk; nodeO collectsthe meshdatafrom all
othernodesand performsthe write. Phase3 solvesthe
equationgo propagtethe wavesthroughtime; compu-
tationis interlearedwith thel/O, andthe stateof thesim-
ulatedregionis periodicallywrittento disk by all nodes.
Quake runsonaparallel le system(PVFS2[10]) which
is mountedon the storagesystemunderevaluation.

Theapplicationsaretracedandreplayedonthreestorage
systems.The storagesystemsareiSCSI [38] RAID ar-
rayswith differentRAID levels andvaryingamountsof
diskandcachespace Speci cally, VendorA is a 14-disk
(400GB 7K RPM Hitachi DeskstatSATA) RAID-50 ar
ray with 1GB of RAM; VendorB is a 6-disk (250GB7K
RPM SeagteBarracude&SATA) RAID-0 with 512MB of
RAM; andVendorC is an8-disk (250GB7K RPM Sea-
gateBarracudeBATA) RAID-10 with 512MB of RAM.

Theapplicationsandreplayerarerun on dedicateccom-
pute clusters. Pseudo and Fitness are run on Dell
PaverEdge650s (2.67 GHz Pentium4, 1 GB RAM,
GbE, Linux 2.6.12);Fitness is con guredfor 4 nodes,
Pseudo is con gured for 8. Quake is run on a cluster
of Supermicrog3.0 GHz dual Pentium4 Xeon, 2.0 GB
RAM, GbE,Linux 2.6.12),andis con guredfor 8 nodes.
Thelocaldiskis only usedto storethetrace les andthe
operatingsystemPseudo andFitness accesshearrays
in raw mode.For theseapplicationseachmachinen the
clusterconnectdo the samearrayusingan opensource
iSCSlI driver [22]. For Quake, eachnoderuns PVFS2
andconnectgo the samePVFS2sener, which connects
to oneof the storagearraysvia 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 , Fithess , andQuake) experiencemoreerror.

5.2 Experiment 1 (think-limited)

Think-limited replaysthe trace les againstthe storage
deviceswith a x edamountof think time between/Os.
Thel/O tracesarecollectedthroughthe causalityengine
running in a specialmode: no 1/O is delayedand the
COMPUTE()callsalsoincludeary synchronizatiorime.

Figure8 shavsthereplayerrorof think-limited. Thebest
resultis for Pseudo, which performslittle synchroniza-
tion (a single barrier betweenthe write phaseand read
phase).ThereplayerrorsontheVendorA,VendorB,and

VendorC,storagesystemsare, respectrely, 19%, 4%,

and7% (i.e., thetracereplaytime is within 19% of the

applicationrunningtime acrossall storagesystems)Un-

fortunately it is only for applicationssuchasthese(i.e.,

few datadependencieghatthink-limited doeswell.

Looking now at PseudoSync , onecanseethe effectsof
synchronization. All nodeswrite their checkpointsin
lockstep,performinga barriersynchronizatiorafter ev-
ery write I/O. The errorsare82%, 23%, and 31%, indi-
cating that synchronizationwhenassumedo be x ed,
canleadto signi cant replayerrorwhentracescollected
from onestoragesystemarereplayedon another

In PseudoSyncDat , nodessynchronizéoetweerl/Osand
alsoperformcomputationTheerrorsare33%,21%,and
15%. In this case addingcomputatiormakesthereplay
time lessdependenbn synchronization.

Fitness isapartitionedread-onlyworkload.Eachnode
sequentiallyreadsa 1 GB region of the disk, with no
overlap amongthe nodes. The nodesproceedsequen-
tially: nodeO readsits entireregion rst andthensig-
nals node 1, then node 1 readsits region and signals

node 2, etc. Ignoring thesedatadependenciesluring
replaywill resultin concurrentaccessrom eachnode,
whichin thiscasdancreasegerformancen eachstorage
systen® Thereplayerrorsare166%,205%,and40%.

Quake representsa complex applicationwith multiple
I/O phasesgeachwith a different mix of computeand
synchronization. The think-limited replay errors for
Quake are21%, 26%, and 25%. As with the otherap-
plicationstestedtheseerrorsin runningtime translate¢o
largererrorsin termsof bandwidthandthroughput.For
example,in thecaseof Quake, think-limitedtransferghe
samedatain 79%, 74%, and 75% of the time, resulting
in bandwidthand throughputdifferencesof 27%, 35%,
and 33%, respectiely. This placesunrealisticdemands
onthestoragesystemunderevaluation.

5.3 Experiment 2 (1/O throttling)

Experimenttwo compareghe accurayg of //TRACE and
think-limited. Resultsareshavnin Figure9, whichisthe
sameasFigure8, with //TRACE addedfor comparison.

/ITRACE offers no signi cant improvementfor Pseudo,
and this resultis expectedgiven that Pseudo hasfew
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 . Theseéimpravementsaredueto there-
playedsynchronization:a barrier after every write 1/0,
which //TRACE approximatesvith 8 SIGNAL() and 8
WAIT() callspernode(abarrierrequiresall nodego sig-
nalandwait on all othernodesbeforeproceeding).

Looking at Fitness , one seeseven greaterimprove-
ment. Namely the maximumreplay error is reduced
from 205%to 5%. Thereareonly 3 datadependencies
approximatecdy //TRACE: nodeO signalingnodel af-
ter it completeds read, 1 signaling2, and 2 signaling
3. Nonethelesshesedependenciesnforcea sequential
executionof the /O (whichis whatFitness intended);
when ignored, the resultis concurrentaccessrom all
nodes(a differentworkloadaltogether).Therefore,it is
notthe numberof datadependenciediscoveredthatde-
terminegeplayaccurag, but ratherhow thesedependen-
ciesimpactthe storagesystem.

The Quake workloadhighlightshow accurately/TRACE
replayscomplex applicationswith multiple I/O phases,
having differentmixesof I/O, computeandsynchroniza-
tion. Relativeto think-limited, themaximumreplayerror
is reducedrom 26%to 8%.

3For storagedeviceswith little cachespaceandnoread-ahead;on-
currentsequentiateadaccessesanincreasehe numberof seekoper
ationsanddecreas@erformance.
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Figure 9: Think-limited vs.//TRACE (Experiment 2). The errorincurredby //TRACE is lessthan think-limited acrossall
applicationsaandstoragearrays.Theimprovementis mostpronouncedor the applicationswith large amountsof synchronization.

5.4 Experiment 3 (/O sampling)

Thecausalityenginecanthrottle every I/O issuedby ev-
erynode.However, sufcient replayaccurag canbeob-
tainedin signi cantly lesstime. In particular one can
sampleacrosshothdimensiongi.e.,which I/Osto delay
andwhich nodesto runin throttledmode). This experi-
mentexploresthe rst dimensionspeci cally thetrade-
off betweenreplayaccurag andthel/O samplingperiod.

Five samplingperiodsarecompared?, 5, 10, 100, and
1000). As discussedn Section3, the perioddetermines
thefrequeng with which I/O is delayed.If thesampling
periodis 1, every I/O is delayed.If the samplingperiod
is 5, every 51" 1/0 is delayed etc. Giventhis, onewould
expectthesamplingperiodto have thegreatesimpacton
applicationswith alargenumberof I/0O dependencies.

Note, /0 samplingcan affect the computationcalcula-
tion whenusingthethrottling-base@pproact{Approach
1in Section3.2). Recallthatthrottling a nodemakesit
slower thanall the others. If the samplingfrequeng is
toolow (alargesamplingperiod),thenthatnodemaynot
always be the slowest, therebypotentially introducing
synchronizationime into thetracewhich would beinad-
vertentlycountedascomputation.Therefore timing the
systemcallsto determinecomputatiortime (Approach2
in Section3.2) is a moreeffective approachwhenusing
large samplingperiods. None of the applicationsevalu-
ateduse“untraceable’mechanismsor synchronization,
allowing Approach2 to work effectively.

Figure10 plotsreplayaccurag againstthel/O sampling
period,for eachof the applicationsand storagesystems
beingevaluated Beginningwith Pseudo , for whichthere
arefew datadependencie§.e., all nodesmustcomplete
theirlastwrite beforeary nodebeginsreadingthecheck-

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

PseudoSync and PseudoSyncDat behae quite differ-

ently (i.e., a barrier after every write 1/0) and high-
light thetrade-of betweertracingtime andsamplingpe-
riod. As shown in the gure, replay error quickly de-
creasesvith smallersamplingperiods.Noticethepromi-
nent staircasesffect asthe samplingis decreasedrom

1000to 1. Theseapplicationsrepresenthe worst case
scenariofor sampling,wheredatadependenciearethe
primaryfactorin uencing thereplayrate.

Looking now atFitness , oneseesehaior very similar
to Pseudo . Both have few datadependencieanddo not
requirefrequentl/O samplingfor accuratereplay The
errorfor Fitness  is within 5% for all samplingperiods.

Quake performanceis in uenced by synchronization
(like PseudoSync and PseudoSyncDat ). So, discorer
ing more datadependenciesffersimprovementsin re-
play accurag. For example,anl/O samplingperiodof 5
yieldsa 2.9%replayerror, comparedo 21%errorfor an
I/0 samplingperiodof 1000.

5.4.1 1/O samplingdiscussion

To choosehe“optimal” samplingperiod,onemustcon-
sider both the applicationandthe storagesystem. The
only samplingperiod guaranteedo nd all of the data
dependenciedor arbitraryapplicationsandstoragesys-
tems,is a periodof 1. Largersamplingperiodsmay be-
gintointroducesomeamountf tracingerror Thetrade-
off is replayaccurag for tracingtime.



100

VendorA
T

166%

—
©® o~ ST
IH S K Coo ~ ; < S
|—“—| i H| -~ ‘_'.—. I_I_IJ_\.—|
Pseudo PseudoSync PseudoSyncDat Fitness Quake
~
X
< VendorB
g 100 T T T T T
S 205%
c
S
S
£ 50 o N o~
o < —— T — Hn
= ‘.—!‘f’.qsr_ NSO o N& 1o 00T ® 2
c — N =
g Pseudo PseudoSync PseudoSyncDat Fitness Quake
. VendorC
enaor
100 T T T T
—
50 i 9 Yo c©
™ 0 e g g = 2 3 AR @
AN & =) ™ 8 oocoo 3 ¥ 3
R R R
Lan?28 . S EEEECHN | | MG
Pseudo PseudoSync PseudoSyncDat Fitness Quake

I 7. B /TRACE 1K [ //TRACE 100 0] /TRACE 10 [ J//TRACES5 [ ]//ITRACE

Figure 10: Sampling vs. accuracytrade-off (Experiment 3). By samplingwhich I/Os to delay thetracingtime canbereduced
at the potentialcostof replayaccurag. This graphplots the replay error over eachapplicationandstoragesystem for different
samplingperiods:1000,100, 10, 5, and1. Think-limited (TL) is shavn for comparison.The fractionalincreasen runningtime

for theapplicationis shavn above eachbar Thesegraphsllustratethetrade-of betweertracingtime andreplayaccurag, but also

shaw thatlarger samplingperiodscanachiere goodreplayaccurag, with minimalimpacton therunningtime. (Note,the smallest
samplingperiodshavn for Quale is 5, asthis periodalreadyproducenly a2.9%replayerror)

Intuitively, applicationswith alarge numberof datade-
pendenciesvill realizelongertracingtimesasthe data
dependencieare being discoveredby the causalityen-
gine. Recallfrom Section4.1thatfor every delayed/O,

the throttled nodewaits for all othernodesto block or
completeexecution, and the time for the watchdogto

concludethata nodeis blocked is derived from the ex-

pectedmaximumcomputephaseor systemcall time for

that applicationnode. Therefore,the tracingtime can
vary dramaticallyacrossapplicationsand storagesys-
tems. Figure 10 shaws the averageincreasesn appli-
cationrunningtime for variousl/O samplingperiods.In

the bestcase,l/O samplingintroducesalmostno over-

head(arunningtimeincreaseloseto 1.0)andyieldssig-
ni cantly betterreplayaccurayg thanthink-limited (e.g.,
samplingevery 10001/Os of PseudoSync reducesheer-

ror of think-limited by over a factor of 3 on VendorA,
from 82%t0 26%).

In practice,onecantraceapplicationswith alarge sam-
pling period(e.g.,1000)andwork toward smallersam-
pling periodsuntil a desiredaccurag, or alimit on the
acceptabld@racingtime, is reached.Of course the “op-
timal” samplingperiod of an applicationwhen traced
on one storagesystemmay not be optimal for another
Therefore,oneshouldreplaya traceacrossa collection
of differentstoragesystemso helpvalidatetheaccurag
of a given samplingperiod. We believe that develop-
ing heuristicsfor validatingtracesacrossdifferentstor
agesystemdn orderto determinea “globally optimal”
samplingperiodis aninterestingareafor futureresearch.

However, evenwith an optimally selectedsamplingpe-
riod, anapplicationis still run oncefor eachapplication
nodein orderto extract I/O dependencies.Therefore,
nodesampling(samplingwhich nodego throttle)is nec-
essanyto furtherreducethetracingtime.



5.5 Experiment 4 (Nodesampling)

This experiment shavs that low replay error can be
achiezed without having to throttle every node. It com-
pareghereplayerrorfor variousvaluesof m(thenumber
of nodeghrottled,choserindependenthat random).

In somecasesnodesamplingcanintroduceerror. Such
is the casewith Fitness , which only has3 datadepen-
dencies.If ary oneof theseis omitted,oneof thenodes
will issuel/O out of turn (resultingin concurreniaccess
to the storagesystem). This representsa pathological
casefor nodesampling. For example,whenrunningon
the VendorBplatform,replayerrorswhenthrottling 1, 2,
3,and4 nodesare37%,29%,17%,and5%.

Quake and PseudoSyncDat are more typical applica-
tions. Figure 11 plots their error.  With Quake, one
achievesanerrorof 13%whenthrottling 2 of the8 nodes
(I/O samplingperiod of 5). Similarly, PseudoSyncDat
achieves an 8% error whenthrottling 4 of the 8 nodes
(I/O samplingperiodof 1). As with I1/O sampling,one
cansamplenodesiteratively until a desiredaccurag is
achieved, andthe tracescanbe evaluatedacrossvarious
storagesystemdo validateaccurag.

Interestingly throttling morenodesdoesnot necessarily
improve replayaccurag (e.g.,randomlythrottling four
nodesn Quake producesnoreerrorthanthrottling two).
Becausehis experimentrandomlyselectsthe the throt-
tled nodes,the samplednodesmay not necessarilybe
the oneswith the most performance-décting datade-
pendencies. Therefore, heuristicsfor intelligent node
samplingarerequiredto moreeffectively guidethetrace
collection processand further reducetracing time. In
addition,learningto recognizecommonsynchronization
patternge.g,. barriersynchronizationfould reducethe
numberof nodesthatwould needto be throttled. These
arebothinterestingareasof futureresearch.

6 Relatedwork

A varietyof tracingtoolsareavailablefor characterizing
workloadsandevaluatingstoragesystemq 4, 7, 16, 24,
50]. However, thesesolutionsassumeno datadependen-
cies,makingaccurateparalleltracereplaydif cult.

Thereare alsoa numberof tools for tracing, replaying
and delugging parallel applications[5, 15, 18, 26, 30,
36]. Becausehesetools are usedto reducethe inher
entnon-determinisnin messag@assingprogramsn or-
der to make delugging easier(e.g., to catchracecon-
ditions or deadlock),they deterministicallyreplay non-
deterministicapplicationsin orderto 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 canbeachiezedwithout having to throttle every node.This
graphplotsthereplayerrorfor variousvaluesof m (numberof
nodesthrottled). For Quake, errorincreasesvhensampling4
nodesinsteadof 2, indicatingthatthe nodesrandomlyselected
for throttling determinethe replay accurag. (Not all storage
systemsare presentedn this graph. The PseudoSyncDat re-
sultsarefrom the VendorCarrayandQuake is from VendorA.)

/ITRACE is to replayl/O tracessoasto reproducgreal-
istically) any non-determinisnin thetheglobalordering
of I/0 beingissuedby the computenodes.

Throttling hasbeenusedsuccessfullyelsevhereto cor
relateevents[9, 21]. By imposingvariabledelaysin sys-
tem componentspne can con rm causalrelationships
and learn much aboutthe internalsof a comple dis-
tributedsystem.//TRACE follows this samephilosoply,
by delayingl/O atthesystenxall level in orderto expose
the causalrelationshipsamongnodesin a parallelappli-
cation; this informationis thenusedto approximatethe
causakelationshipgluringtracereplay

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

Operatingsystemeventscanbeusedo tracktheresource
consumptiorof anapplication[6, 45] andalsodetermine
the dominantcausalpathsin a distributed system.Such
“whitebox” techniqguesvould complement/TRACE, es-
pecially when delugging the performanceof a system,
by providing detailasto thesourceof adatadependeng
In addition, systemcall tracing has beensuccessfully
usedto discorer dependenciesmongprocesseand les
for intrusiondetection27] andresultcaching[48].



7 Conclusion

This paperpresentsa techniquefor accuratelyextract-

ing andreplayingl/O tracesfrom parallel applications.
By selectvely delayingl/O while tracinganapplication,
computationtime and inter-node dependenciesan be

discoreredand approximatedn traceannotations.Un-

like previous approacheso tracecollectionand replay

suchapproximationallows a replayerto closely mimic

the behaior of a parallelapplication. Acrossthe appli-

cationsand storagesystemsevaluatedin this study the

averagereplayerroris below 6%.
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