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Abstract
High-endcomputingincreasinglyrelies on shared-memorymul-
tiprocessors(SMPs), such as clustersof SMPs, nodesof chip-
multiprocessors(CMP) or large-scalesingle-systemimage(SSI)
SMPs.In suchsystems,performanceis oftenaffectedby theshar-
ing patternof datawithin applicationsandits impacton cacheco-
herence.Sharingpatternsthat result in frequentinvalidationsfol-
lowedby subsequentcoherencemissescreatecachecoherencebot-
tleneckswith signi�cant performancepenalties.Pastwork on iden-
tifying coherencebottlenecksbasedon tracing memoryaccesses
incursconsiderableruntimeoverheadanddoesnot scalewell with
increasingproblemsizes,which makes it infeasibleto use with
real-world programs.

In this paper, we introducea novel low-cost,hardware-assisted
approachto determinecoherencebottlenecksin shared-memory
OpenMPapplications.We assessthe meritsof our approachon a
contemporarySMPplatform.Speci�cally, weassessthefeasibility
of lossy tracing to pin-point coherenceproblemsin applications.
We evaluate the qualitative and quantitative trade-offs between
tracing overheadandaccuracy of the generatedcoherencetraf�c
metrics,correlatedto memoryaccesspointsat theprogramsource
level.

Our lossytracingmechanismcloselyapproximatesthe degree
of accuracy of determiningcoherencemissesin full tracesfor most
of the benchmarkswe study while reducingrun-time execution
overheadandtracesizesby oneto two ordersof magnitude.To the
bestof ourknowledge,thisnovel methodsigni�cantly outperforms
any of the prior approachesand, for the �rst time, makes cache
coherenceanalysisfeasiblefor long-runningapplications.
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1. Intr oduction
Recentadvancesin microprocessordesignhave beenre�ected in
high-endcomputingplatforms that increasinglyrely on shared-
memorymultiprocessors(SMPs).Suchplatformsmay beclusters
of SMPswith multiple processingchips sharingmemoryover a
bus-basedprotocol(e.g., Intel Xeons),they maybenodesthatrely
on chip-multiprocessors(CMPs,e.g., the IBM Power5), or even
large-scalesingle-systemimage(SSI)SMPs(e.g., theSGI Altix).
Scienti�c codeson suchsystemsoften use multiple threadsvia
POSIX Threadsor OpenMPto solve a singleproblemby sharing
data.Theapplication'sperformanceis oftenaffectedby thesharing
patternof dataandits impacton cachecoherence.In fact,sharing
patternsthatresultin frequentinvalidationsfollowedbysubsequent
coherencemissesrepresentcachecoherencebottleneckswith sig-
ni�cant performancepenalties.Furthermore,hardwarecomplexity
makesit increasinglydif�cult for programmersto assesstheeffects
onsharedresources,speci�cally thoseimposedby cachecoherence
traf�c betweenprocessorsfor themultitudeof architecturalvaria-
tions (bus-basedSMPsvs. CMPsvs. directory-basedSSI SMPs).
Hence,theeffort of programmingtheseplatformsmotivatesa per-
formanceanalysismethodologythataidsusersin detectingbottle-
necks.

Prior work on cachecoherencefocusedon simulationof co-
herenceprotocolsand performanceenhancementstechniquesto
reducecoherencetraf�c. Architecturalsimulatorssupporta mul-
titude of coherencemodelsin their implementation.Thesesimu-
latorsandsystemsoperateat different levels of abstractionrang-
ing from cycle-accuracy over instruction-level [8, 12, 25, 4, 9] to
theoperatingsysteminterface[27]. Pastwork on theperformance
tuningconcentrateson programanalysisto derive optimizedcode
[15, 29].

Morerecentwork onidentifyingcoherencebottlenecksis based
on tracing memory accessesvia dynamic binary rewriting [20].
This approachreducesthe traceoverheadby an orderof a mag-
nitudeor moreover conventionalhardwaresimulators.But theap-
proachstill incursconsiderableruntimeoverheadwhencompared
to theun-instrumentedperformanceof anapplicationanddoesnot



scalewell with increasingproblemsizes.While it maybeusefulfor
hot-spotanalysisover shortperiodsof time, it is infeasiblefor the
analysisof anentireexecutionof a long-runningapplication.This
discouragesprogrammersfrom usingsuchanalysisapproachesin
practice.Thehighoverheadof pastapproachesresultsfrom there-
lianceonsoftware-basedtechniquesto obtaindatatraces,eitherby
meansof slow hardwaresimulationsor via softwareinstrumenta-
tion with signi�cant overheadperaccesspoint.

We have developed a novel approachto identify coherence
problems.Insteadof a pure software solution, our hybrid hard-
ware/software approachef�ciently aids programmersin paral-
lelizeprograms.Morespeci�cally, weintroduceauniquelow-cost,
hardware-assistedapproachto determinecoherencebottlenecksin
shared-memoryOpenMPapplications.

In thispaper, weassessthemeritsof ourapproachonacontem-
porarySMPplatform.Weinvestigatethefeasibilityof lossytracing
to pin-point coherenceproblemsin applications.We evaluatethe
qualitative and quantitative trade-offs betweentracing overhead,
degreeof lossinessand the accuracy of the generatedcoherence
metrics,correlatedto memoryaccesspointsat theprogramsource
level.

For thesetof benchmarksstudied,ourlossytracingmethodusu-
ally providesahighdegreeof accuracy with anorderof magnitude
savingsin executionoverheadandstoragerequirementsfor traces.
This makesour approachattractive for main-streamtool support.

Our work providesinsight into a synergistic approachbetween
software tools and hardware monitoring (togetherwith require-
mentsonhardwareperformancemonitoring)to uncover thepoten-
tial to pin-point cachecoherenceproblems.Bene�ts of this work
extendfrom existing SMP architecturesto small-scaleCMPsand
are likely to only increasewith future large-scaleCMPs on the
horizonthatwill deliveranincreasingpotentialfor shared-memory
multi-processing.

The paperis structuredas follows. First, we demonstratethe
usefulnessof detailedsourcecode-correlatedcoherencemetrics.
Then, we describeour hybrid hardware/software monitoring ap-
proach.Subsequently, wedetailtheexperimentalsetupandpresent
measurementsfor our experiments.Finally, we contrastour ap-
proachwith prior work andsummarizeourcontributions.

2. Source-CorrelatedStatistics
In prior work, we useda full-tracing approachto extractcomplete
accesstracesfrom OpenMPapplications[19]. Thesetraceswe fed
to an incrementalcoherencesimulator, which generateddetailed
source-codecorrelatedcoherencemetricinformation.In thispaper,
we comparethe accuracy of this simulator's resultsbasedon a
new hardware-assistedlossy-tracingapproach.Beforedetailingour
new approach,let usmotivatetheneedfor source-codecorrelated
coherencecharacteristics.

ConsiderSMG2000,a production-qualityOpenMPbenchmark
from theASCI Purplesuite[1]. Theexamplestemsfrom our prior
work [19]. SMG2000is a large benchmarkwith approximately
24,000linesof codein over72�les andapproximately69OpenMP
regions.Using a conventionalarchitecturesimulatoror hardware
performancecounters,coarse-level resultscanbeobtained,similar
to thoseshown in �gure 1(a). The numbersindicate a possible
coherencebottleneck(mostL2 missesarecoherencemisses).But
which partsof thesourcecodeareresponsiblefor thebottleneck?
What sourcecodereferencescompetefor the sameshareddata
causinginvalidationsandcoherencemisses?

Fundamentally, thesequestionscannotbeansweredusingonly
aggregatemetrics;we needanability to “drill-down” andabstract
the coherencemetricsto elementsin the high-level sourcecode.
Our coherencesimulatorgeneratessuchcorrelatedresults(shown
in Figure1(b)). Top referencesin processor-1 aresuffering coher-

encemissesand true/falsesharinginvalidations,depictedin de-
scendingorder. This informationprovidesinsight into sharingpat-
ternsin theapplicationandguidestheprogrammertowardsprob-
ablecausesandoptimizationstrategies.E.g., the tableshows that
therp Read[]referenceonline 289of smgresidual.csufferedlarge
amountsof coherencemissesandfalse-sharinginvalidations.

3. Hybrid Hardware/Software Monitoring

The problemof obtainingdatatracesis twofold. First, obtaining
tracesthroughsoftwareinstrumentation(asin the last section)re-
quiresamodi�cation of theapplication,eithervia staticinstrumen-
tationthroughthecompiler, a staticbinaryrewriter or via dynamic
binaryrewriting. In eithercase,additionaloverheadis incurredon
the executiontime of the application.Second,completetracesof
long-runningapplicationsareextremely large so that accesstime
to secondarystoragebecomesthemainbottleneckduringtheanal-
ysis.Onlinetracecompressioncanreducethisoverheadbut it can-
not eliminateit. Overall, software instrumentationfor datatraces
hasbeenshown to increaseexecutionby anywherebetween� ve
ordersto two ordersof magnitudeat best[20, 23].

Hardwareperformancemonitoringprovidesnew opportunities
to gatherperformancemetrics.For example,obtainingthe infor-
mationfrom hardwareperformancecountersis extremelylow cost
andsuppliesinterestingaggregatemetrics,includingmetricsonthe
performanceof thememoryhierarchy. However, theaggregatena-
tureof performancecounterslimits its applicabilityto only coarse-
grainedanalysis.Finer-grain datais requiredto pin-point perfor-
mancebottlenecksin the program,i.e., datatracesareneedednot
justto detecttheexistenceof cachecoherencebottlenecksbut iden-
tify their sourceandcause.

Hardware-basedsupportfor obtainingdatatracesis beginning
to be availableon a few high-performancearchitectures(e.g., on
theItanium-2andPowerarchitectures).Themostsophisticatedand
�e xible, yet readilyaccessiblesupportat theuserlevel is foundon
theItanium-2[14].
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Figure2. Simpli�ed PMU Operation

3.1 PMU operation

A simpli�ed view of the Itanium-2PerformanceMonitoring Unit
(PMU) operationfor tracinglong-latency loadsis shown in �gure
2. The PMU operationis describedin detail in [13]. The PMU
supportsselective trackingof load instructionsbasedon a latency
threshold.However, the PMU cannottrack all datacachemisses.
Therearetwo reasonsfor this. First, dueto hardwarerestrictions,
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(a)CoarseStatistics

InvalidationsReceived
No. Reference Group Coherence True False

Misses In Across In Across
1 rp[] Read 1 170046 0 0 156585 13387
2 rp[] Read 83509 0 0 80145 3529
3 rp[] Write 43640 0 0 43305 3373
4 xp[] Write 23193 0 0 22309 1284
5 num threads 2 44362 44929 0 0 0

(b) Per-referencestatistics

Figure1. Characterizationfor SMG2000

thePMU canonly trackoneloadat a time out of potentiallymany
outstandingloads.Second,in orderto prevent thesamedatacache
load miss from always being capturedin a regular sequenceof
overlappedcachemisses,the PMU usesrandomizationto decide
whetheror not to track an issuingload instruction.Due to these
reasons,theloadmisstraceavailablefor captureis lossy.

If aPMU-trackedloadexceedsauser-con�guredlatency thresh-
old value,it quali�es for capture,otherwiseit is ignored(Filtering).
Sincetheaccesslatenciesmonotonicallyincreasefor cachelevels
furtherawayfrom theprocessor, thelatency thresholdallowsselec-
tive capturingof the loadmissstreame.g., theL1-D missstream,
theL2 dataloadmissstream,etc.

Each�ltered load incrementsthe PMU over�ow counter. By
appropriatelyinitializing this counter, the usercanvary the sam-
pling rate for the capturedlong-latency load stream(Sampling).
The Itanium-2hasspecialsupportto capturetheexact instruction
address(IP) andthecorrespondingdataaddressbeingloaded(EA)
for the sampledlong-latency load. In contrast,counter-over�ow
basedsamplingon otherprocessorarchitecturescangive mislead-
ing instructionaddressesfor the missingload due to superscalar
issue,deeppipeliningandout-of-orderexecution[13].

3.2 Lossytracing

As describedabove, the PMU can only capturea fraction of the
actual load miss stream,due to hardware limitations. In our ex-
perimentswith aspecially-designedmicrobenchmark,weobserved
that the PMU wasableto sampleonly approximately10% of the
missing loads at the highestsamplingrate. This illustratesthat
while hardware supportfor obtainingmetricsis useful, it hasits
limitations in termsof the granularityof dataobtained.Even ad-
ditional hardware support,suchas a �x ed-sizedatatracebuffer,
would require frequent �ushes to memory, which perturbsthe
memorybehavior of applicationsjust asinterruptsdo.

Lossytracing, i.e., tracingof only a small subsetof datarefer-
ences,suchassupportedby the Itanium-2,hassigni�cantly lower
overheadthansoftware-basedinstrumentation.But canwestill ob-
tain suf�ciently reliableinformationaboutcachecoherencebottle-
necksbasedonlossytracing?Furthermore,theItanium-2only sup-
portstrackingof loads— but notof storeinstructions.How canwe
leveragethis limited PMU capabilityto track stores(essentialfor
modelingcoherencetraf�c) ef�ciently and without reintroducing
prohibitively high runtime overhead?In the following, we detail
our approachto hybrid hardware/software tracing that addresses
thesequestions.

3.3 Tracking Stores

The native supportof datatracing on the Itanium-2allows us to
capturelong latency loads(cacheload misses).However, it does
notprovide native hardwaremechanismsto trackstores,whichare
essentialfor determiningcachecoherencemisses.Hence,we use

a hybrid hardware/software approachbasedon the existing load
tracking facility to obtain store traces.We statically rewrite the
sequenceof instructionsto substitutea storewith a sequencethat,
besidesperformingthestoreoperation,invalidatesthecacheline of
the referenceddatabeforeloadingit again.Thus,the load results
in a cachemiss, which can be natively tracedby the hardware.
We annotaterewritten storesto distinguish them from original
load misses,i.e., we canidentify themby the IP of the rewritten
instruction.

Wesketchourstorerewrite mechanismhere.Thestoreis rewrit-
teninto anxchg (atomicexchange)instruction,whichswapsareg-
istervaluewith thememorylocationindicatedby theaddressregis-
ter. Effectively, theexchangeresultsin a memoryloadanda mem-
ory store.Bothoperationsareforcedto memoryand,thus,resultin
long latencies.The intrinsic long-latency loadcannow betracked
by thePMU.1

This storetrackingmechanismincursonly minimal execution
overhead,asour resultsdemonstrate.Futurehardwaremayinclude
native support for store tracking, which would a) facilitate our
overalleffortsandb) alleviatetheneedfor staticalbinaryrewriting.

3.4 Sampling Loads

We track long-latency loadsthroughthe Itanium-2PMU interrupt
mechanism.However, a high rateof interruptsresultsin consider-
ableoverheadin executiontime.Thus,we investigateseveralsam-
pling rates,denotedasOV � r for a samplingrateof every r -th
event (high-latency tracked load). The Itanium-2PMU hardware
actually facilitatesstatisticalsamplingin anotherway. The PMU
randomizeswhetheror not to tracka particularload instructionas
it is dispatchedinto the pipeline.This reducesthe likelihoodthat
consecutive trackingcandidatesoriginatefrom thesameload(IP)
and,thus,spreadsthe tracked loadsover multiple references(IPs)
in tight loops.

Recallthatweobserveda90%lossof datareferencesateventhe
highestsamplingrate(OV-1). Even lower rates(OV-2 andhigher)
accentuatethis lossbut, at thesametime, considerablyreducethe
interruptoverhead,aswill beshown. Suchtracedatalossmayim-
pactthe validity of observed coherencetraf�c. By skippingrefer-
encesin a trace,a coherencemissmay not be observed at all. At
othertimes,thecoherencemissmaybe seenbut its correlationto
aninvalidationmaybeinaccurate,i.e., thecloseststore(onanother
processor)maynotbepartof thetracesuchthatamuchearlierstore

1 The Itanium-2 ISA necessitatesseveral subtletiesdue to constraintson
registertypes(exchangedoesnot allow ¯oating-pointregisters)andshort
stores(smallerthan64 bits), whoseshortexchangecounterpartsclearthe
mostsigni�cant bits in a register, eventhoughtheir valuemaystill be live.
We utilize a combinationof scratchregistersandregisterspills ontostack
wherenecessaryto preserve the original data.The detailsarebeyond the
scopeof thepaper.
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Table 1. Descriptionof Benchmarks
Name Suite DataSet Description

BT NAS-2.3 ClassS,20/60iterations Block triangularsolver
CG NAS-2.3 ClassS Conjugategradient
EP NAS-2.3 ClassS GaussianRandomdeviatesgenerator
FT NAS-2.3 32x32x32grid, 8 iterations 3-D FFTPDE
LU NAS-2.3 ClassS LU solver
MG NAS-2.3 32x32x32grid, 4/20iterations Multigrid solver
SP NAS-2.3 ClassS Pentadiagonalsolver
IS NAS-2.3 ClassW Integersort

SMG2000 ASCI Purple 10x10x10grid Semicoarseningmultigrid solver
SPPM ASCI Purple 35x35x35grid, 3/10iterations Simpli�ed PiecewiseParabolicMethod

is falselyimplicated.Our experimentsassessthevalidity of coher-
enceanalysisunderdifferentdegreesof “lossiness”.They further
assesstheoverheadundervaryingsamplingrates.Theexperiments
studythetrade-off betweenthesetwo parameters

4. Experimental Framework
In the following, we evaluateour framework againsta traditional
softwarememorytracingapproach.

Figure3 shows a comparative high-level view of thetraditional
software-basedfull-tracing methodsvs.our lossy-tracingmethod.
In bothmethods,a memoryaccesstraceis generatedfor thetarget
benchmark.The trace is usedof�ine for incrementalcoherence
simulation.Thecoherencesimulatorassociatescoherencemetrics
with high-level sourcecodeconstructsusingsymbolicinformation
extractedfrom thetargetexecutable.Thechief differencebetween
our methodand a conventional memory accesstracer is in the
generationof the memoryaccesstrace.The software tracer(left
sideof Figure3) logs all memoryaccessesirrespective of hits or
misses.In our hardware-assistedmethod,accesseswhich hit in
cacheareignoredby the PMU. Only a lossytraceof the missing
accessesis recorded.Sincea vastmajority of theaccessesarehits,
thelossytraceis vastlyreducedcomparedto theoriginal full trace.

For the full-tracing approach,we use the PIN tool on the
Itanium-2for softwaretracingof memoryaccesses[26,18].Thein-
strumentationpointsareplacedatmemoryaccesses.As thebench-
markruns,its memoryaccesstraceis capturedandwrittento stable
storage.Thisapproachis functionallysimilar to ourpreviouswork

[19, 20] using DynInst [5]. In addition, we instrumentOpenMP
constructsin the benchmarksourcecodes.This allows the coher-
encesimulatorto partitionthememoryaccesstracesandcorrectly
modelorderingsemanticsin theOpenMPprogram.

The coherencesimulatorusesthe extractedaddresstracesfor
coherencesimulation.BoththePIN-basedfull tracesandthePMU-
assistedlossytracesusethe samesimulatorframework. Thesim-
ulator modelsthe cachehierarchyof the target platform.For this
paper, we modeltheMESI coherenceprotocolthatour targetplat-
form uses[13]. Notethatwhenusinglossytraces,thetracedoesnot
containthevastmajority of accesseswhich hit in cacheandwere
�ltered out by thePMU. Thus,thesimulationis not accuratewith
respectto absolutevaluesof uni-processorrelatedmetrics (hits,
misses,etc.). However, we are interestedin the relative ranking
of sourcecodereferences,comparedto their rankingswhenusing
theoriginal trace.Theprogrammeruseshardwarecountersto �rst
determinethata coherencebottleneckexists,thenthelossyframe-
work canbeusedto obtainthetop-rankedreferencesfor coherence
metrics.Thepurposeof thiswork is to assesshow closelossyrank-
ing resemblesfull traceresults.

Thesimulatorgeneratescoherencemetricsperreference, i.e., a
sourcecodelocation(�lename::line number). For our evaluation,
we considerthefollowing two coherencemetrics:

� InvalidationsCaused: The numberof timesa write from this
locationcausedan invalidationin thecachehierarchyof some
otherprocessor.

� CoherenceMissesencountered:A coherencemiss is said to
occurwhena processoraccessesa shareddataelementwhose



cacheline stateis Invalid , indicating that the memoryline
containingthedataelementwaspreviously invalidatedby some
otherprocessor.
Thesemetricshelp the programmerto understandthe sharing

and movementof data amongprocessors.The resultsgenerated
by the simulator using the full addresstraces(full-tracing) are
comparedwith resultsgeneratedwith lossyaddresstracesobtained
with our tracingmechanism(lossytracing).

Our experimentsusea setof 10 OpenMPbenchmarksfor our
experiments.Thebenchmarksaredescribedin Table1.

The NAS benchmarksare C languageOpenMPversionsof
theoriginal NAS-2.3serialbenchmarks[3] providedby theOmni
Compilergroup[2]. SMG2000andsPPMarepartof theASCI Purple
benchmarkset [1]. The benchmarksareusedwith comparatively
smalldatasets(classSfor NAS),sincethesoftwaretracingmethod
hasprohibitively high run time andtracesizeoverheadwith full-
sized data sets(while our hybrid approachhandleslarger sizes
without dif�culty). BT, IS and SPPMare run with smaller data
setsfor thesoftwaretracingruns,ascomparedto thelossytracing
runs(see“Data Set” columndepictingdata set for tracing runs /
data set for lossyruns). Also, for BT and LU, the original code
hadsomemanuallyunrolledloop iterations.We undidthis source-
level unrolling to decreasethe numberof sourcecodereferences
taking part in coherenceactivity (however, thecompileris free to
unroll theseloopsduringcompilation).For sPPM,we usea larger
simulatedcachesizeto allow thebenchmarkto exhibit coherence
activity.

For all benchmarks,the OpenMPschedulingpolicy for loops
was set to static scheduling,and the nowait clausewas re-
moved from OpenMPwork-sharingconstructs.For lossytracing,
we boundeachthreadto a distinctprocessor. Theexperimentsare
carried out on a 2-processorItanium-2 SMP Linux system.All
benchmarkswerecompiledat -O2 optimizationlevel.

4.1 Designof the ComparisonMetric

We evaluatethe accuracy andusefulnessof the simulatorresults
that uselossy traces.Resultsin the next sectionshow that lossy
tracesusuallycontainfar fewermemoryaccesses,comparedto the
full trace(reductionsof overanorderof magnitude).Consequently,
lossy tracing could causethe simulator to generatemisleading
coherencetraf�c sincemany of the original accessesare absent.
In the following, we describeour quality measuresto gaugethe
accuracy of lossytraceresultscomparedto resultsobtainedusing
thefull tracefor thetwo coherencemetricsof invalidationscaused
and load coherencemisses. We consideronly load misseswhen
looking at coherencemissessincestoremissesusuallydo not stall
theissuingprocessorand,therefore,arenota bottleneck.

Weconsidertwo measuresfor quality:

� CoverageFraction: Resultsusingthelossytracewill giveaset
of top referenceswith respectto thecoherencemetric(e.g., for
load coherencemisses).The coveragefraction indicateswhat
fraction of the total coherencemissesthesereferenceaccount
for in theoriginal results.A highercoveragefractionindicates
thatwe arecapturingmostof theapplicationcoherencebehav-
ior, evenwhenusinglossytraces.

� Number of False Positives: Due to the lossy natureof the
PMU-generatedtrace,the coherencesimulationmay attribute
coherencetraf�c to referencesthatdonotactuallyparticipatein
coherence.We count the numberof referencesin the selected
lossy-tracebasedresultsthat have a zero coherencevalue in
original setof results.This measureindicateshow potentially
misleadingthelossy-tracebasedresultsare.
We generatethe above two measuresas follows. Eachbench-

markis run twice. In the�rst run,we usesoftwareinstrumentation
to extractthefull memoryaccesstracefrom thebenchmarkexecu-

tion anduseit for coherencesimulation.Thesesimulationresults
constitutethe original resultset for comparisonof quality. Then,
thebenchmarkis runagain,andlossytracesareobtainedusingour
PMU-assistedmethod.Thesetracesaresimilarly usedfor coher-
encesimulation,andthesimulationresultsgeneratedconstitutethe
lossyresultset.

Thecoveragefractionis calculatedasfollows.Both theoriginal
andlossyresultsetsaresortedin descendingorderfor themetric
beingconsidered(loadcoherencemissesor invalidationscaused).
Weselectthetop-10referencesfrom bothsetof results.Then,

V1 = Cumulative coveragein theoriginal resultset,of thetop-
10 referencesobtainedusingfull tracesfor simulation.

V2 = Cumulative coveragein theoriginal resultset,of thetop-
10 referencesobtainedusinglossytracesfor simulation.

Coverage F r action = V 2
V 1 � 100%

The coveragefraction comparesthe coverageobtainedwith
referencesgeneratedby lossy-tracebasedsimulation versus the
optimal coveragethat is possiblewith the top-10 referencesfor
thecoherencemetricunderconsideration.We notethat thetop-10
referencesin thelossytraceresultsmaynotbeidenticalto thetop-
10 referencesselectedby thefull-traceresults.This happenswhen
coherenceactivity is diffusedover many sourcecodereferences,
whichenduphaving verysimilar coherencemetricvalues.

Also, the numberof falsepositivesgivesan indicationof how
potentiallymisleadingthelossy-tracebasedresultspotentiallyare.
Referencesfrom the top-10lossy-traceresultset that have a zero
metricvaluein theoriginal resultsareclassi�edasfalsepositives.
A low numberof falsepositivesassuresthatlossy-traceresultsstill
correctlyrepresenttheactualcoherencetraf�c.

5. Experimental Results
We�rst reportaggregateresultsfrom hardwareperformancecoun-
tersanddiscussthe meritsaswell aslimitations of thesemetrics.
We then presentour analysisof non-aggregate, reference-based
lossysamplingandassessits bene�ts.

5.1 Hardware PerformanceCounters

Beforeusingthe simulationtool to generatedetailedsourcecode
correlatedstatistics,the programmershoulddeterminethat a po-
tentialcoherencebottleneckexistswith thebenchmarkrunningon
thetargetexecutionplatform.In thissection,wedescribethischar-
acterizationusinghardware performancecounterson our chosen
platform (Itanium-2).To our knowledge,this is the �rst reported
useof thesecountersto characterizesharedmemoryOpenMPco-
herencetraf�c.

PerformanceEvents:

The Itanium-2 has 4 performancecounterswhich can be used
simultaneously. We monitor the following 4 performanceevents
(from theItanium-2manual[13]):

Event 1, BUS INVAL ALL HITM: BUS BRIL (Read-
invalidate) and BIL (invalidate) Transaction Results in
HITM

Event 2, BUS RD HIT : Bus Read Hit Clean Non-local Cache
Transactions

Event 3, BUS RD HITM: Bus Read Hit Modi�ed Non-local
CacheTransactions

Event 4, BUS MEM READ ALL SELF: Full Cache Line D/I
Memory Read,BRIL (Read-invalidate) and BIL (invalidate)
transactions

Event 1 countsa processor's write cachemissesfor which the
datawasfound in someotherprocessor's cachewhosecacheline
wasin the“Modi�ed” (i.e., dirty) state.
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(b) Processor-2

Figure4. CharacterizationusingHardwarePerformanceCounters

Events 2 and 3 count the processor's read cachemissesfor
which thedatawasfoundin someotherprocessor's cache.(HITM
standsfor “Hit cacheline in Modi�ed(M) state”).

Eachof the above transactionsimplies bus traf�c to transfer
thecacheline from theremotecacheto therequestingprocessor's
caches.Thesumof events1-3 givesanupperboundon thecoher-
encemissesencounteredby theprocessor.

We comparethis coherencemissvalueto the total numberof
transactionsof this typeissuedby theprocessor(event4). A poten-
tial bottleneckandoptimizationopportunityexistsif thecoherence
missesarea signi�cant portion of the total numberof coherence
transactions.

Characterization:

EachOpenMPthreadwas boundto a distinct processor. Figures
4(a) and 4(b) show the normalizedvalues for events discussed
above,for eachprocessor. Thegraphsshow thatmany of thebench-
markshave signi�cant coherenceactivity. Event 3 constitutesthe
largestpercentageof transactionsin mostbenchmarkswith signif-
icantcoherenceactivity. Modi�ed datalinesare“pulled” from the
local processorcacheto the remoteprocessorissuingreadsto the
samedataline. For BT, thebulk of thetransactionsaredueto event
1. This indicatesthat multiple processorsarewriting to the same
shareddataline, causingdatato circulateamongthe local andre-
motecaches.The resultsarenot symmetricacrossprocessorsfor
many benchmarks;CG,SMG2000andSPhave distinctly different
compositionsandmagnitudesof coherencemisseson processor-2
ascomparedto processor-1.

Hardware counterscan detectsigni�cant coherencetraf�c, as
demonstratedabove. However, countervaluesdo not indicatethe
causeof the coherencebottleneck.Our lossy-trace-basedframe-
work providesdetailedsourcecode-correlatedstatisticsthatallow
the programmerto “drill down” into the bulk statisticsand gain
insightsinto thesharingpatternsat applicationsource-codelevel.

In thefollowing,wedonotfurtheranalyzetheEPandIS bench-
marks.For EP, thetotal coherencemissesamountsto only 0.6%of
thetotal transactions.This is expectedasEPis an“embarrassingly
parallel”benchmarkandthereis little communicationbetweenpro-
cessors.Similarly, IS hasvery few coherencemisses(2.4%of total
transactions),we donot analyzeit further.

5.2 Evaluating LossyTracing

In this section,we evaluateour lossytracingmethodwith respect
to accuracy and overhead.The lossy traceswere obtainedwith
the hardware PMU con�gured at samplingratesof 1,2,3,4and
8 (OV1 to OV8 in the graphs).We useda cycle thresholdof 8
cycles, i.e, a load (or xchg) can only qualify for PMU tracking
if it takes eight or more clock cycles to complete.This setting
correspondsto the accesslatency of an L2 cachemiss for loads
on the Itanium-2 [13]. The latency thresholdscan only be set in
powersof 2,andathresholdlessthan8 cycles(i.e., 1,2 or 4 cycles)
is not usefulasit would alsocaptureloadswhich hit in theL1 or
L2 caches.Theseloadsdo not suffer coherencemisses(they are
hits),soit is not usefulto capturethem.Ignoringtheloadhits also
drasticallyreducesthe tracecollection overheadand tracesizes,
sinceapplicationstypically have a high cachehit rate.

5.3 Trace Sizes

Figures5(a)and5(b)comparethevolumeof loadsandstorestraced
for the full (software)tracingvs.our lossymechanismat different
samplingrates.The y-axis is on a logarithmicscale.Accessvol-
umesarenormalizedto thenumberof accessesin thefull trace.

Thegraphsshow thatour methoddecreasesthenumberof ac-
cessescollectedbyoneto two ordersof magnitudecomparedto full
tracing.This considerabledecreaseresultsfrom the PMU's abil-
ity to discriminateandtrackonly long-latency loads,ignoring the
far more frequentlow-latency accessesthat hit in the L1 andL2
caches.In addition, the PMU hasrandomizationlogic which de-
cideswhetheror not to track a potentiallong latency load,which
further decreasesthe tracevolume.However, this makes the col-
lectedtracelossy, i.e., we cannotcaptureall the instancesof loads
or xchg instructionswhich had latenciesgreaterthan the cycle
threshold(8 cycles).

The numberof accesseslogged linearly decreasesfor larger
samplingintervals.Thenormalizedfractionof storestracedis re-
markablysimilar acrossbenchmarkswhile thereis morevariation
in thefractionof loadstraced.Ourannotationmechanismfor stores
causesthis effect: all dynamic instancesof the annotatedstores
will miss in cacheand will be eligible for PMU tracking.How-
ever, only thosedynamicinstancesof loadsthatmissin cache(i.e,
long-latency loads)areeligible for PMU tracking;hence,thefrac-
tion of loadstracked varieswith datacachehit ratesof different
benchmarks.
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(a) LoadsTraced
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(b) StoresTraced

Figure5. MemoryAccessesTraced,Normalizedto # Accessesin Full Trace
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(a)CoverageFractionfor Lossy-Tracingvs.Full-Tracing
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(b) # FalsePositiveswith Lossy-TracingApproach

Figure6. Top-10ReferencesCausingInvalidationsonProcessor1, PMU SamplingRatesof 1-8

5.4 Accuracy of Results

Figures6 and7 depicttheaccuracy of theresultsusinglossytraces
for the two metricsof invalidationscausedandcoherencemisses.
Dueto spaceconstraints,only theresultsfor processor1 areshown.
Theresultsfor theotherprocessoraresimilar.

We comparethe quality of the resultsusing the yardsticksof
coverage fraction and numberof false positives, as describedin
section4.1.

A high valuefor thecoveragefractionwould indicatethateven
whenusinglossytraces,we areableto substantiallycapturemost
of theapplicationcoherencebehavior. A low numberof falseposi-
tivesensuresthatstand-alonelossy-tracebasedresultsarenotmis-
leading.

5.4.1 Metric: Invalidations Caused

Considerthe resultsfor invalidationsdepictedfor coveragefrac-
tion andthenumberof falsepositivesin Figures6(a)and6(b), re-
spectively. The resultsareshown for differentsamplingintervals
(OV1 to OV8). For OV1, the coveragefraction rangesfrom 36-
100%,averaging86%.Exceptfor SP, all benchmarksshow a very
highcoveragefractionof greaterthan82%.Lookingat thenumber

of falsepositives,no benchmarks,exceptfor FT andSP, have any
falsepositivesat samplinginterval OV1. Thus,in mostcases,we
achieve very high coveragefractionvalueswithout falsepositives
in thelossy-traceresults.

For SP, the benchmarkhas a large number of invalidation-
causingstore references.There are more than 100 sourcecode
storereferenceswith with a non-zerocountof invalidationsin the
full-traceresults.Thelossy-traceresultsaresimilarly diffusedover
many store references.The top-10 referencesselectedby lossy-
traceresultsdoesnot includesomeof the top referencesfrom the
full traceresults,dueto which thecoveragefractionis low.

For FT, thereare3 falsepositives.All thesefalsepositivesare
storeswhich immediatelyfollow the correctinvalidation-causing
store.For example:
808: xout[k][j][i+ii].real = ...;
809: xout[k][j][i+ii].imag = ...;
The�rst storeon line 808causestheactualinvalidations.However,
dueto lossy-tracing,the �rst storeis sometimesnot recorded,but
thesecondstoreon line 809is. In thiscase,theinvalidationis mis-
attributedto line 809 sinceboth the storesaccessthe samecache
line. With advanceddependenceanalysis,it may be possibleto
eliminatethis typeof falsepositives.
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(a)CoverageFractionfor Lossy-Tracingvs.Full-Tracing
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(b) # FalsePositiveswith Lossy-TracingApproach

Figure7. Top-10ReferencesResultingin CoherenceMissesonProcessor1, PMU Samplingratesof 1-8
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Figure8. ExecutionTime(seconds)

Interestingly, asthesamplinginterval increases,boththecover-
agefractionandthedegreeof falsepositivesdonotchangesigni�-
cantly. Thus,evenwith smallertracesandlessexecutionoverhead
(and larger samplingintervals), the quality of the resultsdo not
seemto suffer perceptibly.

5.4.2 Metric: CoherenceMisses

Theresultsfor coherencemissesareshown in Figures7(a)and7(b).
The�gures show thatresultquality is dependentonthebenchmark.
ThecoveragefractionatOV1 rangesfrom 57%to 99%with anav-
eragevalueof 81%.SPandBT have comparatively low coverage
fractionvaluesof 63%and58%,respectively. 4 outof the8 bench-
marks(CG,FT, LU, SMG2K)havecoveragefractionvaluesgreater
than95%.

At OV1, mostbenchmarkshavea low numberof falsepositives
(Figure7(b)), except for BT(5) andCG(4) with an averageof 2.
Thus,on average,8 out of the top-10referencesgeneratedusing
lossy-tracesare correct.As the samplinginterval increasesfrom
OV1 to OV8, theaveragecoveragefractiondecreasesfrom 81%to
71%,mainly dueto a largedrop in thecoveragefraction valueof

BT. Similarly, increasingthe samplinginterval from OV1 to OV8
increasestheaveragenumberof falsepositivesfrom 2 to 3, mainly
dueto a steeprisein thenumberof falsepositivesfor BT (9). The
anomalousbehavior of BT is exploredin moredetailbelow. Except
for BT, mostotherbenchmarkshave largecoveragefractionvalues
andrelatively low numberof falsepositives.

5.5 BT

As seenin the lastsection,lossy-tracebasedsimulationgenerates
very poorcoherencemissresultsfor BT. As Figures7(a)and7(b)
show, BT hasa very large numberof falsepositives,even at the
highestsamplinginterval of OV1. As the samplinginterval in-
creases,thenumberof falsepositivesincreases,which alsocauses
thecoveragefractionvaluefor BT to decreasesharply(sincemost
of the lossy-tracegeneratedreferenceshave zero metric value in
thefull-traceresults).

Therearemultiplecausesfor BT'spoorbehavior. First,thesim-
ulation resultswith full tracesshow that over 90% of the overall
coherencemissesarestore misses.However, for our experiment,
we only consideredthe load coherencemissessincestoremisses



usuallydonotstall theissuingprocessor. Thebuscyclebreakdown
for BT obtainedusinghardwarecountersis shown in Figure4.This
con�rms that,only for theBT benchmark,storemissesarethedom-
inant factor(eventBUS RD INVAL ALL HITM dominatesother
bus transactions).Due to this, the overall numberof load coher-
encemissesis low, andtheactualcoherencerelatedreferencesget
lost in thefalsepositive“noise” referencesin thesimulationresults
generatedwith lossytraces.

Second,BT is an array-intensive program.Many of the false
positivesoccurwith thefollowing situation:

lhs[i][j][k][BB][temp1][temp2 ]= .....; //Store
......
...... = lhs[i][j][k][BB][temp1][temp2 ] ; //Load
The secondload cannot miss in cachesince the cacheline is
brought into the cache(if not alreadypresent)by the preceding
store.With lossytracing,it sometimeshappensthat the �rst store
referenceis not traced,but the secondload referenceis. Due to
this, thecoherencemissis falselyattributedto the load reference.
However, with full traces,the secondload referencealways hit
in cacheand,therefore,haszerocoherencemissvalue.Thus,the
secondloadreferenceis a falsepositive.

It should be noted that with ideal tracing of the load miss
stream,thesecondloadcannotbetracedsinceit is a hit. However,
the Itanium PMU traceslong-latencyloads, which constitutea
supersetof theloadmissstream(otherconditionscancauselong-
latency loadsincluding TLB misses,bankcon�ict andqueuefull
conditions). In addition, the tracing framework can perturb the
datacache,causingthe load referenceto miss in cache.Due to
a combinationof thesetwo factors,we do seethe secondload
referencein the lossytrace,which shows that falsepositivesmay
occurdueto theseuncontrolledeffects.

5.6 ExecutionOverhead

TheprimarymotivationbehindusingPMU-derived lossytracesis
the large reductionin runtimeexecutionoverheadsandgenerated
tracesizes.This reductionresultsfrom focusingon long-latency
loads— thebulk of thememoryaccesseshit in theL1 andL2 data
cacheandareignored.Thisallows ourmethodto scaleandhandle
muchlarger, morerealisticdatasetsandbenchmarksizesthan is
possiblewith pastwork usingfull memoryaccesstracing.

Figure8 quanti�es thepayoff in termsof reductionof applica-
tion runtimeoverhead.It shows theexecutiontime incurredby the
benchmarksat different samplingintervals (OV1-OV8) and with
full accesstracing(FULL) usingthedynamicinstrumentationtool.
The numbersarenormalizedto theexecutiontime of the original
unmodi�ed program.They-axisis onalogarithmicscale.The“In-
strumented”barsshow the normalizedexecutiontime of the ap-
plicationannotatedwith our store-annotationschemedescribedin
Section3 without theuseof hardwaremonitoring.

The improvementsin runtime for our lossy tracing method
comparedto full software-basedtracingarevery large: from one
to over two ordersof magnitude.Thestoreinstrumentationscheme
by itself addscomparatively low overhead.The overheadshows
a linear decreasefrom OV1 to OV8 allowing a trade-off between
runtimeoverheadandtheaccuracy of resultsusingthelossytrace.

6. RelatedWork
Severalsoftwareandhardware-basedapproachesfor sharedmem-
ory characterizationhavebeendescribedin literature.Gibsonetal.
provide a goodoverview of thetrade-offs of eachapproach[11].

Severalframeworkssimulatehardwareandarchitecturestateat
the instructionlevel, which in�icts considerablesimulationover-
head[12, 27]. Our simulatoris more lightweight. We only focus
onmemoryhierarchyandcoherencesimulation.More importantly,

thesesimulatorsprovide only bulk statisticsintendedfor evaluat-
ing architecturemechanisms.Our framework is intendedto pro-
vide applicationprogrammers with detailedsource-level informa-
tion aboutthecoherencebehavior of their programs,enablingpro-
gramtransformationsto avoid coherencebottlenecks.

Execution-drivenapproachesarepopularfor simulatingmem-
ory accesses.They utilize annotationsof memoryaccesspoints,
which trigger calls to the memory accesssimulator ([25, 4, 9].
MemSpy [21] andCProf [16] arecachepro�lers that aim at de-
tectinguniprocessormemorybottlenecks.LebeckandWood also
appliedbinaryediting to substituteinstructionsthat referencedata
in memorywith function calls to simulatecacheson-the-�y [17].
SIGMA usespost-link binary instrumentationand online trace
compression[10]. Like us, SIGMA supportstagging of metrics
to sourcecodeconstructs,however, it only supportsuniprocessor
workloads.As explainedin this paper, theseapproacheshave high
runtimeoverheadanddonotscaleto largedatasetsor long-running
real-world programs.In contrast,we usea hardware-assistedap-
proachto collectmuchsmallertraceswith considerablesavingsin
run-timeoverhead.

Several tools provide aggregate metricsobtainedat low cost
from hardwareperformancecounters.HPCToolkit usesstatistical
samplingof performancecounterdataand allows information to
becorrelatedto theprogramsource[22]. A numberof commercial
tools (Intel's VTune,SGI's Speedshop,Sun's Workshop)alsouse
statisticalsamplingwith sourcecorrelation,albeitatacoarserlevel
thatHPCToolkit or our approach.Hardwarecounterscomplement
our lossy-tracebasedapproach:A programmer�rst useshardware
countersto determineif a coherencebottleneckexists. Then,our
framework helpsto ef�ciently extractthelossytraceandto gener-
atedetailedsource-correlatedcoherencestatistics.

Thereare many interestingapproachesto tuning applications
usinginformationprovided by hardwarecounters.Tikir et al. de-
scribea pro�le-driven online pagemigrationschemeusinghard-
ware performancecounters[24]. Buck et al. use the Itanium-2
datatracingPMU supportto associateloadmissesto sourcecode
linesanddatastructuresin uniprocessorprograms[7]. Buck et al.
alsocomparedifferenthardwaremechanismfor detectingunipro-
cessormemoryhierarchybottlenecks[6]. Satohet al. studydata-
�o w techniquesto analyzedatasharingpatternsat compile time
for OpenMPprograms[28]. While theseapproachesfocuson ap-
plicationtuning,our contribution is on ef�cient large-scaleperfor-
manceanalysis.Thiffault et al. comparethe costof dynamicand
static software instrumentationfor large-scaleOpenMPandMPI
programs[30]. We, in contrast,promotehardware-assistedsam-
pling dueto overheadsresultingfrom softwareinstrumentationin
general.

7. Conclusion
Thispaperdetailsanovel hardware-assistedapproachto determine
coherencebottlenecks.Our mechanismusesthe Itanium-2 hard-
ware performancemonitor PMU that accuratelyassociatesdata
addresseswith load instructionsand�lters interruptsfor thesein-
structionsbasedon a latency threshold.In additionto �ltering for
latency, the PMU also provides samplingfrequency support.We
combinethePMU supportwith anef�cient softwaretechniqueto
capturestoredataaddressesto provide a lossy-tracemechanism.
Weapplythis mechanismto a largesetof OpenMPbenchmarksin
order to explore the trade-off betweenaccuracy andoverhead,in
termsof tracesizeandruntimeslowdown.

Our lossy-tracemechanismprovides a low runtime overhead
methodto identify coherencebottlenecksin OpenMPapplications.
The lossy traceshave two possiblesourcesof inaccuracy: coher-
encemissesomitteddueto samplingandthe omissionof a store
thatactuallycausesa coherencemiss.Our resultsdemonstratethat



lossytracingcanreduceruntimeoverheadby two ordersof mag-
nitudecomparedto full-tracesoftware-basedapproacheswhile re-
taininga high degreeof accuracy for mostbenchmarks.

Acknowledgments
Thecommentsof theanonymousrefereeshelpedimprovethequal-
ity of thepaper.

References
[1] Asci purplecodes.http://www.llnl.gov/asci/purple, 2002.
[2] C versions of nas-2.3 serial programs.

http://phase.hpcc.jp/Omni/benchmarks/NPB, 2003.
[3] D. H. Bailey, E. Barszcz,J. T. Barton,D. S.Browning, R. L. Carter,

D. Dagum,R. A. Fatoohi,P. O. Frederickson,T. A. Lasinski,R. S.
Schreiber, H. D. Simon,V. Venkatakrishnan,andS. K. Weeratunga.
The NAS Parallel Benchmarks. The International Journal of
SupercomputerApplications, 5(3):63–73,Fall 1991.

[4] E. A. Brewer, C. N. Dellarocas,A. Colbrook,andW. E. Weihl. Pro-
teus:A high-performanceparallel-architecture simulator. In Proceed-
ings of the SIGMETRICSand PERFORMANCE'92 International
Conferenceon Measurementand Modelingof ComputerSystems,
pages247–248,New York, NY, USA, June1992.ACM Press.

[5] B. Buck and J. K. Hollingsworth. An API for runtime code
patching.TheInternationalJournalof High PerformanceComputing
Applications, 14(4):317–329,Winter2000.

[6] B. R. Buck andJ. K. Hollingsworth. Usinghardwareperformance
monitorsto isolatememorybottlenecks.In ACM, editor, Supercom-
puting, pages64–65,2000.

[7] B. R. BuckandJ.K. Hollingsworth. Datacentriccachemeasurement
on the intel itanium 2 processor. In ACM, editor, Supercomputing,
2004.

[8] D. Burger, T. M. Austin, and S. Bennett. Evaluating future
microprocessors:The simplescalartool set. TechnicalReportCS-
TR-1996-1308,Universityof Wisconsin,Madison,July 1996.

[9] H. Davis, S. R. Goldschmidt,and J. Hennessy. Multiprocessor
simulationandtracingusingtango. In Proceedingsof the1991In-
ternationalConferenceon Parallel Processing, volumeII, Software,
pagesII–99–II–107,BocaRaton,FL, Aug. 1991.CRCPress.

[10] L. DeRose,K. Ekanadham,J. K. Hollingsworth, , andS. Sbaraglia.
SIGMA: A simulatorinfrastructureto guidememoryanalysis. In
Supercomputing, Nov. 2002.

[11] J. Gibson. MemoryPro�ling on Shared MemoryMultiprocessors.
PhDthesis,StanfordUniversity, July2003.

[12] C. Hughes,V. Pai, P. Ranganathan,andS. Adve. Rsim:Simulating
Shared-MemoryMultiprocessorswith ILP Processors. IEEE
Computer, 35(2):40–49,February2002.

[13] Intel. Intel Itanium2 ProcessorReferenceManual for Software
DevelopmentandOptimization, volume1. Intel, 2004.

[14] Intel Corp. Intel Itanium2Processor– ReferenceManual, May 2004.
[15] A. Krishnamurthyand K. Yelick. Optimizing parallel programs

with explicit synchronization. In ACM SIGPLANConferenceon
ProgrammingLanguage Designand Implementation, pages196–
204,1995.

[16] A. R. Lebeckand D. A. Wood. Cachepro�ling and the SPEC
benchmarks:A casestudy. Computer, 27(10):15–26,Oct.1994.

[17] A. R. LebeckandD. A. Wood. Active memory:A new abstraction
for memorysystemsimulation.ACM Transactionson Modelingand
ComputerSimulation, 7(1):42–77,Jan.1997.

[18] C.-K. Luk, R. Cohn,R. Muth, H. Patil, A. Klauser, G. Lowney,
S.Wallace,V. Reddi,andK. Hazelwood. Pin: Building customized
programanalysistools with dynamic instrumentation. In ACM
SIGPLANConferenceon ProgrammingLanguage Design and
Implementation, June2005.

[19] J. Marathe,F. Mueller, T. Mohan,B. R. deSupinski,S. A. McKee,
andA. Yoo. Metric: Trackingdown inef�ciencies in the memory

hierarchyvia binaryrewriting. In InternationalSymposiumon Code
Generation andOptimization, pages289–300,Mar. 2003.

[20] J. Marathe,A. Nagarajan,andF. Mueller. Detailedcachecoherence
characterizationfor openmpbenchmarks.In InternationalConfer-
enceonSupercomputing, pages287–297,June2004.

[21] M. Martonosi,A. Gupta,and T. Anderson. Memspy: analyzing
memorysystembottlenecksin programs.In Proceedingsof the1992
ACM SIGMETRICSjoint internationalconferenceon Measurement
andmodelingof computersystems, pages1–12,1992.

[22] J.Mellor-Crummey, R.Fowler, andD. Whalley. Toolsfor application-
orientedperformancetuning. In International Conferenceon
Supercomputing, pages154–165,June2001.

[23] T. Mohan,B. R. de Supinski,S. A. McKee,F. Mueller, A. Yoo,
andM. Schulz. Identifying andexploiting spatialregularity in data
memoryreferences.In Supercomputing, Nov. 2003.

[24] J.K. H. Mustafa M. Tikir. Usinghardwarecountersto automatically
improve memoryperformance.In ACM, editor, Supercomputing,
2004.

[25] A.-T. Nguyen,M. Michael,A. Sharma,andJ.Torrellas.Theaugmint
multiprocessorsimulationtoolkit: Implementation,experimentation
andtracingfacilities. In IEEEInternationalConferenceonComputer
Design: VLSI in Computers and Processors, pages486–491,
Washington- Brussels- Tokyo, Oct.1996.IEEE ComputerSociety.

[26] H. Patil, R. Cohn, M. Charney, R. Kapoor, A. Sun, and
A. Karunanidhi. Pinpointingrepresentative portionsof large intel
itanium programswith dynamicinstrumentation.In 37th Interna-
tional SymposiumonMicroarchitecture, Dec.2004.

[27] M. Rosenblum,S. A. Herrod,E. Witchel, andA. Gupta. Complete
computersystemsimulation:The SimOSapproach.IEEE parallel
and distributed technology: systemsand applications, 3(4):34–43,
Winter 1995.

[28] M. Sato,S. Satoh,K. Kusano,andY. Tanaka. Designof OpenMP
compiler for an SMP cluster. In EWOMP '99, pages32–39,Sept.
1999.

[29] S.Satoh,K. Kusano,andM. Sato.Compileroptimizationtechniques
for openMPprograms. Scienti�c Programming, 9(2-3):131–142,
2001.

[30] C. Thiffault, M. Voss,S.T. Healey, andS.W. Kim. Dynamicinstru-
mentationof large-scalempi/openmpapplications.In International
Parallel andDistributedProcessingSymposium, Apr. 2003.


