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Abstract

High-end computingincreasinglyrelies on shared-memorynul-
tiprocessors(SMPs), such as clustersof SMPs, nodesof chip-
multiprocessor{CMP) or large-scalesingle-systenmmage (SSI)
SMPs.In suchsystemsperformances often affectedby the shar
ing patternof datawithin applicationsandits impacton cacheco-
herence Sharingpatternsthat resultin frequentinvalidationsfol-
lowedby subsequentoherencenissexreatecachecoherencéot-
tleneckswith signi cant performanceenaltiesPastwork oniden-
tifying coherencebottlenecksbasedon tracing memoryaccesses
incursconsiderableuntimeoverheadanddoesnot scalewell with
increasingproblem sizes,which males it infeasibleto use with
real-world programs.

In this paper we introducea novel low-cost, hardware-assisted
approachto determinecoherencébottlenecksin shared-memory
OpenMPapplications We assesshe merits of our approachon a
contemporanSMP platform.Speci cally, we assesthefeasibility
of lossytracingto pin-point coherenceproblemsin applications.
We evaluate the qualitatve and quantitatve trade-ofs between
tracing overheadand accurag of the generateccoherencdrafc
metrics,correlatedo memoryaccesgointsat the programsource
level.

Our lossytracing mechanisntlosely approximateghe degree
of accurag of determiningcoherencenissesn full tracesfor most
of the benchmarkswe study while reducingrun-time execution
overheadandtracesizesby oneto two ordersof magnitudeTo the
bestof our knawledge this novel methodsigni cantly outperforms
ary of the prior approachesind, for the rst time, males cache
coherencanalysisfeasiblefor long-runningapplications.

Thiswork wassupportedn partby NSFgrantsCAREERCCR-0237570,
CNS-0406305CCF-042965&ndthroughthe U.S. Departmenbf Enegy
by the University of California, LawrenceLivermoreNationalLaboratory
undersubcontractt B540203.Part of this work was performedunderthe
auspicesof the U.S. Departmentof Enegy by University of California
LawrencelivermoreNationalLaboratoryundercontractNo. W-7405-Eng-
48,UCRL-CONF-212502.

Permissiorto male digital or hard copiesof all or part of this work for personalor
classroonuseis grantedwithout fee provided that copiesarenot madeor distributed
for pro®t or commerciabdwantageandthatcopiesbearthis noticeandthefull citation
onthe®rst page.To copy otherwisejo republish,to poston senersor to redistritute
to lists, requiresprior speci®cpermissiorand/ora fee.

ICS'05, June20-22,2005,Boston,Massachusett$)SA.
Copyright ¢ 2005ACM 1-??2??7?-??2?-?/??/000685.00.

Categoriesand SubjectDescriptors B.8.2[Performanceand Re-
liability]: PerformanceAnalysis and Design Aids; D.1.3 [Pro-
gramming Technique§ ConcurrentProgramming—~Rrallel Pro-
gramming

GeneralTerms Measurement®erformance

Keywords Hardware performancemonitoring, dynamic binary
rewriting, programinstrumentationcacheanalysis,SMPs,coher
enceprotocols

1. Intr oduction

Recentadwancesin microprocessodesignhave beenre ected in
high-end computing platforms that increasinglyrely on shared-
memorymultiprocessor§SMPs).Suchplatformsmay be clusters
of SMPswith multiple processingchips sharingmemoryover a
bus-basegbrotocol(e.g., Intel Xeons),they maybenodesthatrely
on chip-multiprocessor§CMPs, e.g., the IBM Pawer5), or even
large-scalesingle-systenimage(SSI) SMPs(e.g., the SGI Altix).
Scienti ¢ codeson such systemsoften use multiple threadsvia
POSIX Threadsor OpenMPto solve a single problemby sharing
data.Theapplications performances oftenaffectedby thesharing
patternof dataandits impacton cachecoherenceln fact, sharing
patternghatresultin frequentinvalidationsfollowedby subsequent
coherencenissesrepresentachecoherencdottleneckswith sig-
ni cant performancepenalties Furthermorehardware compleity
malesit increasinglydif cult for programmers$o assestheeffects
onsharedesourcesspeci cally thosemposedy cachecoherence
trafc betweerprocessorgor the multitude of architecturalaria-
tions (bus-basedSMPsvs. CMPsvs. directory-base&SI SMPs).
Hence the effort of programmingheseplatformsmotivatesa per
formanceanalysismethodologythataidsusersin detectingbottle-
necks.

Prior work on cachecoherencdocusedon simulationof co-
herenceprotocolsand performanceenhancementgechniquesto
reducecoherencdrafc. Architecturalsimulatorssupporta mul-
titude of coherencamodelsin their implementationThesesimu-
lators and systemsoperateat differentlevels of abstractiorrang-
ing from cycle-accurag over instruction-leel [8, 12, 25, 4, 9] to
the operatingsysteminterface[27]. Pastwork on the performance
tuning concentratesn programanalysisto derive optimizedcode
[15, 29].

Morerecentwork onidentifying coherencéottleneckss based
on tracing memory accessewia dynamic binary rewriting [20].
This approachreduceshe traceoverheadby an orderof a mag-
nitudeor moreover corventionalhardware simulators But the ap-
proachstill incursconsiderableuntime overheadwhencompared
to the un-instrumentegerformancef anapplicationanddoesnot



scalewell with increasingoroblemsizes While it maybeusefulfor
hot-spotanalysisover shortperiodsof time, it is infeasiblefor the
analysisof anentireexecutionof along-runningapplication.This
discourageprogrammergrom usingsuchanalysisapproache
practice.Thehigh overheadof pastapproachesesultsfrom there-
lianceon software-basetiechniquego obtaindatatracesgitherby
meansof slow hardware simulationsor via software instrumenta-
tion with signi cant overheadpberaccespoint.

We have developeda novel approachto identify coherence
problems.Insteadof a pure software solution, our hybrid hard-
ware/softvare approachefciently aids programmersin paral-
lelize programsMore speci cally, we introducea uniquelow-cost,
hardware-assistedpproactto determinecoherencéottlenecksn
shared-memor®penMPapplications.

In this paperwe assesshe meritsof our approactonacontem-
porarySMP platform.We investigatehefeasibility of lossytracing
to pin-point coherenceproblemsin applications We evaluatethe
qualitatve and quantitatve trade-ofs betweentracing overhead,
degreeof lossinessand the accurag of the generateccoherence
metrics,correlatedo memoryaccesgointsat the programsource
level.

Forthesetof benchmarkstudied purlossytracingmethodusu-
ally providesahigh degreeof accurag with anorderof magnitude
savingsin executionoverheadandstoragerequirementsor traces.
This makesour approachattractve for main-streantool support.

Ourwork providesinsightinto a synegistic approactbetween
software tools and hardware monitoring (togetherwith require-
mentson hardwareperformancemonitoring)to uncover the poten-
tial to pin-point cachecoherenceproblems.Bene ts of this work
extendfrom existing SMP architecturego small-scalecCMPsand
are likely to only increasewith future large-scaleCMPs on the
horizonthatwill deliveranincreasingpotentialfor shared-memory
multi-processing.

The paperis structuredas follows. First, we demonstrate¢he
usefulnesof detailedsourcecode-correlatedoherencemetrics.
Then, we describeour hybrid hardware/softvare monitoring ap-
proach.Subsequent|ywve detailthe experimentaketupandpresent
measurementfor our experiments.Finally, we contrastour ap-
proachwith prior work andsummarizeour contrikutions.

2. Source-CorrelatedStatistics

In prior work, we useda full-tracing approacho extractcomplete
accesgracesrom OpenMPapplicationg19]. Thesetraceswe fed
to an incrementalcoherencesimulator which generatedietailed
source-codeorrelateccoherencenetricinformation.In this paper
we comparethe accurag of this simulators resultsbasedon a
new hardware-assistelbssy-tracingapproachBeforedetailingour
new approach|et us motivatethe needfor source-codeorrelated
coherenceharacteristics.

ConsiderSMG2000 ,a production-qualityOpenMPbenchmark
from the ASCI Purplesuite[1]. The examplestemsfrom our prior
work [19]. SMG2000is a large benchmarkwith approximately
24,000linesof codein over 72 les andapproximately69 OpenMP
regions. Using a corventionalarchitecturesimulatoror hardware
performanceounterscoarse-leel resultscanbe obtained similar
to thoseshavn in gure 1(a). The numbersindicate a possible
coherencéottleneck(mostL2 missesare coherencemisses)But
which partsof the sourcecodeareresponsibldor the bottleneck?
What sourcecode referencescompetefor the sameshareddata
causingnvalidationsandcoherencenisses?

Fundamentallythesequestionsannotbe answeredisingonly
aggr@atemetrics;we needan ability to “drill-down” andabstract
the coherencemetricsto elementsin the high-level sourcecode.
Our coherencesimulatorgeneratesuchcorrelatedresults(shavn
in Figure1(b)). Top referencesn processotl are suffering coher

encemissesand true/false sharinginvalidations,depictedin de-
scendingorder This informationprovidesinsightinto sharingpat-
ternsin the applicationand guidesthe programmetowardsprob-
able causesand optimizationstratgies. E.g, the table shawvs that
therp_Read[Jreferencenline 2890f smg residual.csufferedlarge
amountf coherencenissesandfalse-sharingnvalidations.

3. Hybrid Hardware/Software Monitoring

The problemof obtainingdatatracesis twofold. First, obtaining
tracesthroughsoftwareinstrumentatior(asin the last section)re-
quiresamodi cation of theapplication eithervia staticinstrumen-
tationthroughthe compiler a staticbinary rewriter or via dynamic
binaryrewriting. In eithercase additionaloverheads incurredon
the executiontime of the application.Secondcompletetracesof
long-runningapplicationsare extremely large so that accesgime
to secondangtoragebecomeshe mainbottleneckduringthe anal-
ysis.Onlinetracecompressiorcanreducethis overheacdobut it can-
not eliminateit. Overall, software instrumentatiorfor datatraces
hasbeenshavn to increaseexecutionby arywherebetween ve
ordersto two ordersof magnitudeat best[20, 23].

Hardware performancemonitoring providesnew opportunities
to gatherperformancemetrics.For example,obtainingthe infor-
mationfrom hardwareperformanceounterss extremelylow cost
andsuppliedgnterestingaggreatemetrics,includingmetricsonthe
performancef the memoryhierarchy However, the aggrgjatena-
tureof performanceounterdimits its applicabilityto only coarse-
grainedanalysis.Finergrain datais requiredto pin-point perfor
mancebottlenecksn the program,i.e., datatracesare needechot
justto detecttheexistenceof cachecoherencéottleneck$utiden-
tify their sourceandcause.

Hardware-basedupportfor obtainingdatatracesis beginning
to be available on a few high-performancarchitecturege.g., on
theltanium-2andPowerarchitectures)rhemostsophisticateeénd
e xible, yetreadilyaccessiblsupportat the userlevel is foundon
theltanium-2[14].
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Figure2. Simpli ed PMU Operation

3.1 PMU operation

A simpli ed view of the Itanium-2 PerformanceéMonitoring Unit
(PMU) operationfor tracinglong-lateny loadsis shavn in gure
2. The PMU operationis describedin detail in [13]. The PMU
supportsselectve trackingof load instructionsbasedon a lateng
threshold.However, the PMU cannottrack all datacachemisses.
Therearetwo reasondor this. First, dueto hardwarerestrictions,
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M| No. | Reference | Group| Coherence True False
Misses In Across In Across
N [ 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
I 4 | xp[]-Write 23193 0 0 22309 1284
5 | numthreads| 2 44362 | 44929| O 0 0

(b) Perreferencestatistics
(a) CoarseStatistics

the PMU canonly trackoneload at a time out of potentiallymary

outstandindoads.Secondijn orderto preventthe samedatacache
load miss from always being capturedin a regular sequenceof

overlappedcachemisses the PMU usesrandomizatiornto decide
whetheror not to track an issuingload instruction.Due to these
reasonstheload misstraceavailablefor captureis lossy

If aPMU-tracledloadexceedsausercon guredlateng thresh-
old value,it quali es for captureptherwiset is ignored(Filtering).
Sincethe accesdatencieamonotonicallyincreaseor cachelevels
furtheraway from theprocessarthelateng thresholdallows selec-
tive capturingof the load missstreame.g., the L1-D missstream,
theL2 dataload missstreamegtc.

Each ltered load incrementsthe PMU over ow counter By
appropriatelyinitializing this counter the usercanvary the sam-
pling rate for the capturediong-lateny load stream(Sampling.
The Itanium-2hasspecialsupportto capturethe exactinstruction
addresgIP) andthe correspondinglataaddres$eingloaded(EA)
for the sampledlong-latenyg load. In contrast,counterover ow
basedsamplingon otherprocessoarchitecturegangive mislead-
ing instructionaddresse$or the missingload due to superscalar
issue deeppipeliningandout-of-orderexecution[13].

3.2 Lossytracing

As describedabore, the PMU canonly capturea fraction of the
actualload miss stream,due to hardware limitations. In our ex-
perimentswith aspecially-designenhicrobenchmarkye obsered
thatthe PMU wasableto sampleonly approximatelyl0% 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,suchasa x ed-sizedatatrace buffer,
would require frequent ushes to memory which perturbsthe
memorybehaior of applicationgust asinterruptsdo.

Lossytracing i.e., tracingof only a small subsef datarefer
encessuchassupportedy the Itanium-2,hassigni cantly lower
overheadhansoftware-basethstrumentationBut canwe still ob-
tainsufciently reliableinformationaboutcachecoherencéottle-
neckshasednlossytracing?Furthermoretheltanium-2only sup-
portstrackingof loads— but not of storeinstructionsHow canwe
leveragethis limited PMU capabilityto track stores(essentiafor
modelingcoherencerafc) efciently andwithout reintroducing
prohibitively high runtime overhead?n the following, we detalil
our approachto hybrid hardware/softvare tracing that addresses
thesequestions.

3.3 Tracking Stores

The native supportof datatracing on the Itanium-2 allows us to
capturelong lateny loads(cacheload misses).However, it does
not provide native hardwaremechanismso trackstoreswhich are
essentiafor determiningcachecoherencamissesHence,we use

Figure 1. Characterizatiofior SMG2000

a hybrid hardware/softvare approachbasedon the existing load
tracking facility to obtain store traces.We statically rewrite the
sequencef instructionsto substitutea storewith a sequencéhat,
besideperformingthestoreoperationjnvalidateshecachdine of
the referenceddatabeforeloadingit again.Thus,the load results
in a cachemiss, which can be natively tracedby the hardware.
We annotaterewritten storesto distinguishthem from original
load misses;.e., we canidentify themby the IP of the rewritten
instruction.

We sketchour storerewrite mechanisniere.Thestoreis rewrit-
teninto anxchg (atomicexchange)nstruction,which swapsareg-
istervaluewith thememorylocationindicatedby theaddressegis-
ter. Effectively, the exchangeesultsin amemoryloadanda mem-
ory store.Both operationsareforcedto memoryand,thus,resultin
long latenciesThe intrinsic long-lateng load cannow betracked
by thePMU !

This storetracking mechanismincurs only minimal execution
overheadasour resultsdemonstrate-uturehardwaremayinclude
native supportfor store tracking, which would a) facilitate our
overall effortsandb) alleviatetheneedfor staticalbinaryrewriting.

3.4 SamplingLoads

We tracklong-lateng loadsthroughthe Itanium-2PMU interrupt
mechanismHowever, a high rateof interruptsresultsin consider
ableoverheadn executiontime. Thus,we investigateseveral sam-
pling rates,denotedasOV  r for a samplingrate of every r-th
event (high-lateny tracked load). The Itanium-2 PMU hardvare
actually facilitatesstatisticalsamplingin anotherway. The PMU
randomizesvhetheror not to track a particularloadinstructionas
it is dispatchednto the pipeline. This reduceghe likelihood that
consecutie tracking candidateoriginatefrom the sameload (IP)
and,thus,spreadshe tracked loadsover multiple referencegIPs)
in tight loops.

Recallthatwe obsereda90%lossof datareferencesteventhe
highestsamplingrate (OV-1). Evenlower rates(OV-2 andhigher)
accentuatehis losshbut, at the sametime, considerablyreducethe
interruptoverheadaswill beshavn. Suchtracedatalossmayim-
pactthe validity of obsened coherencdrafc. By skippingrefer
encesin atrace,a coherenceniss may not be obsered at all. At
othertimes,the coherencenissmay be seenbut its correlationto
aninvalidationmaybeinaccuratei.e., theclosesistore(on another
processorjnaynotbepartof thetracesuchthatamuchearlierstore

1The Itanium-2 ISA necessitateseveral subtletiesdue to constraintson
registertypes(exchangedoesnot allow “oating-pointregisters)andshort
stores(smallerthan 64 bits), whoseshortexchangecounterpartlearthe
mostsigni cant bits in aregister eventhoughtheir valuemaystill belive.
We utilize a combinationof scratchregistersandregisterspills onto stack
wherenecessaryo presere the original data. The detailsare beyond the
scopeof the paper
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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 GaussiarRandomdeviatesgenerator
FT NAS-2.3 32x32x32grid, 8 iterations | 3-D FFT PDE
LU NAS-2.3 ClassS LU solver
MG NAS-2.3 32x32x32grid, 4/20iterations | Multigrid solver
SP NAS-2.3 ClassS Pentadiagonadolver
IS NAS-2.3 ClasswW Integersort
SMG2000 | ASCIPurple 10x10x10grid Semicoarseningultigrid solver
SPPM ASCI Purple | 35x35x35grid, 3/10iterations | Simpli ed Piecevise ParabolicMethod

is falselyimplicated.Our experimentsassesshe validity of coher

enceanalysisunderdifferentdegreesof “lossiness”. They further
assestheoverheadundervaryingsamplingrates.Theexperiments
studythetrade-of betweerthesetwo parameters

4. Experimental Framework

In the following, we evaluateour frameavork againsta traditional
softwarememorytracingapproach.

Figure3 shavs a comparatie high-level view of thetraditional
software-basedull-tracing methodsvs. our lossy-tracingmethod.
In bothmethodsa memoryaccesdraceis generatedor thetarmget
benchmark.The traceis usedofine for incrementalcoherence
simulation.The coherencesimulatorassociatesoherencenetrics
with high-level sourcecodeconstructaisingsymbolicinformation
extractedfrom the targetexecutable The chief differencebetween
our methodand a corventional memory accesstraceris in the
generationof the memoryaccessrace. The software tracer (left
side of Figure 3) logs all memoryaccessesgrespectve of hits or
misses.In our hardware-assistednethod,accessesvhich hit in
cacheareignoredby the PMU. Only a lossytraceof the missing
accesseis recordedSinceavastmajority of the accessearehits,
thelossytraceis vastlyreduceccomparedo the originalfull trace.

For the full-tracing approach,we use the PIN tool on the
Itanium-2for softwaretracingof memoryaccessef6, 18]. Thein-
strumentatiopointsareplacedat memoryaccessess thebench-
markruns,its memoryaccessraceis capturecandwrittento stable
storageThis approacthis functionally similar to our previouswork

[19, 20] using Dyninst [5]. In addition, we instrumentOpenMP
constructsn the benchmarksourcecodes.This allows the coher
encesimulatorto partitionthe memoryaccesdracesandcorrectly
modelorderingsemanticsn the OpenMPprogram.

The coherencesimulatorusesthe extractedaddresgracesfor
coherencsimulation.BoththePIN-basedull tracesandthePMU-
assistedossytracesusethe samesimulatorframework. The sim-
ulator modelsthe cachehierarchyof the tamget platform. For this
paperwe modelthe MESI coherencerotocolthatour targetplat-
formuseq13]. Notethatwhenusinglossytracesthetracedoesnot
containthe vastmajority of accessewhich hit in cacheandwere

Itered out by the PMU. Thus,the simulationis not accuratewith
respectto absolutevaluesof uni-processorelatedmetrics (hits,
misses,etc.). However, we are interestedin the relative ranking
of sourcecodereferencesgcomparedo their rankingswhenusing
the original trace. The programmeiuseshardwarecounterso rst
determinghata coherencdottleneckexists, thenthelossyframe-
work canbeusedto obtainthetop-rankedreference$or coherence
metrics.Thepurposeof thiswork is to assesbow closelossyrank-
ing resembledull traceresults.

Thesimulatorgeneratesoherencenetricsperrefeencei.e, a
sourcecodelocation ( lename::line_.numbe}. For our evaluation,
we considetthefollowing two coheencemetrics

Invalidations Caused The numberof times a write from this

locationcausedaninvalidationin the cachehierarchyof some

otherprocessor

CoheenceMissesencounteredA coherencemiss is said to

occurwhena processoaccessea shareddataelementwhose



cacheline stateis Invalid , indicating that the memoryline

containingthe dataelementvaspreviously invalidatedby some

otherprocessor

Thesemetricshelp the programmetto understandhe sharing
and movementof dataamongprocessorsThe resultsgenerated
by the simulator using the full addresstraces(full-tracing are
comparedvith resultsgeneratedvith lossyaddressracesobtained
with ourtracingmechanisnflossytracing).

Our experimentsusea setof 10 OpenMPbenchmarkgor our
experimentsThebenchmarksiredescribedn Tablel.

The NAS benchmarksare C languageOpenMP versionsof
the original NAS-2.3serialbenchmarkg$3] provided by the Omni
Compilergroup[2]. SMG200andsPPMrepartof the ASCI Purple
benchmarkset[1]. The benchmarksare usedwith comparatrely
smalldatasetg(classSfor NAS), sincethesoftwaretracingmethod
hasprohibitively high run time andtracesize overheadwith full-
sized data sets (while our hybrid approachhandleslarger sizes
without dif culty). BT, IS and SPPMare run with smaller data
setsfor the softwaretracingruns,ascomparedo thelossytracing
runs(see“Data Set” columndepictingdata.setfor_tracing.runs/
datasetfor_lossyruns). Also, for BT and LU, the original code
hadsomemanuallyunrolledloop iterations.We undidthis source-
level unrolling to decreasdhe numberof sourcecodereferences
taking partin coherencectvity (however, the compileris freeto
unroll theseloopsduring compilation).For sPPM,we usea larger
simulatedcachesizeto allow the benchmarko exhibit coherence
actity.

For all benchmarksthe OpenMPschedulingpolicy for loops
was setto static  scheduling,and the nowait clausewas re-
moved from OpenMPwork-sharingconstructsFor lossytracing,
we boundeachthreadto a distinct processorThe experimentsare
carried out on a 2-processoitanium-2 SMP Linux system.All
benchmarksverecompiledat-O2 optimizationlevel.

4.1 Designof the Comparison Metric

We evaluatethe accurag and usefulnesof the simulatorresults
that uselossy traces.Resultsin the next sectionshav that lossy
tracesusuallycontainfar fewer memoryaccesses,omparedo the

full trace(reductionof overanorderof magnitude)Consequently
lossy tracing could causethe simulatorto generatemisleading
coherencearafc sincemary of the original accessesire absent.
In the following, we describeour quality measureso gaugethe

accurag of lossytraceresultscomparedo resultsobtainedusing
thefull tracefor thetwo coherencenetricsof invalidationscaused
and load coheencemisses We consideronly load misseswhen
looking at coherencenissessincestoremissesusuallydo not stall

theissuingprocessoand,therefore arenot a bottleneck.

We considetwo measuresor quality:

CoverageFraction: Resultausingthelossytracewill giveaset
of top referencesvith respecto the coherencenetric (e.g., for
load coherencemisses).The coveragefraction indicateswhat
fraction of the total coherencemnissesthesereferenceaccount
for in the original results.A highercoveragefractionindicates
thatwe arecapturingmostof the applicationcoherencédeha-
ior, evenwhenusinglossytraces.

Number of False Positives Due to the lossy nature of the
PMU-generatedrace, the coherencesimulationmay attribute
coherencéraf c to referenceshatdonotactuallyparticipaten
coherenceWe countthe numberof referencesn the selected
lossy-tracebasedresultsthat have a zero coherencevalue in
original setof results.This measurendicateshow potentially
misleadingthe lossy-tracebasedesultsare.
We generatehe abore two measuress follows. Eachbench-
markis runtwice. In the rst run, we usesoftwareinstrumentation
to extractthefull memoryaccesdracefrom thebenchmarlexecu-

tion anduseit for coherencesimulation. Thesesimulationresults
constitutethe original resultsetfor comparisonof quality. Then,
thebenchmarks runagain,andlossytracesareobtainedusingour
PMU-assistednethod.Thesetracesare similarly usedfor coher

encesimulation,andthe simulationresultsgeneratedonstitutethe
lossyresultset.

Thecoveragefractionis calculatedasfollows. Both the original
andlossyresultsetsare sortedin descendingrderfor the metric
beingconsideredqload coherencenissesor invalidationscaused).
We selectthetop-10reference$rom both setof results.Then,

V1 = Cumulatve coveragein the original resultset,of the top-
10reference®btainedusingfull tracesfor simulation.

V2 = Cumulatve coveragein the original resultset,of the top-
10reference®btainedusinglossytracesfor simulation.

Coverage Fraction = ¥2 100%

The coveragefraction comparesthe coverage obtainedwith
referencegyeneratedby lossy-tracebasedsimulation versus the
optimal coveragethat is possiblewith the top-10 referencedor
the coherencenetric underconsiderationWe notethatthetop-10
referenceén thelossytraceresultsmaynotbeidenticalto thetop-
10referenceselectedy thefull-traceresults.This happensvhen
coherenceactvity is diffusedover mary sourcecodereferences,
which endup having very similar coherencenetricvalues.

Also, the numberof false positivesgivesan indication of how
potentiallymisleadingthe lossy-tracebasedesultspotentiallyare.
Reference$rom the top-10lossy-traceresultsetthat have a zero
metricvaluein the original resultsareclassi ed asfalsepositives.
A low numberof falsepositivesassureshatlossy-traceresultsstill
correctlyrepresentheactualcoherencdraf c.

5. Experimental Results

We rst reportaggrgateresultsfrom hardwareperformanceoun-
tersanddiscussthe meritsaswell aslimitations of thesemetrics.
We then presentour analysisof non-aggrgate, reference-based
lossysamplingandassesés bene ts.

5.1 Hardware Performance Counters

Before usingthe simulationtool to generateletailedsourcecode
correlatedstatistics,the programmershoulddeterminethat a po-
tential coherencéottleneckexistswith the benchmarkunningon
thetargetexecutionplatform.In this sectionwe describethis char
acterizationusing hardware performancecounterson our chosen
platform (Itanium-2). To our knowledge, this is the rst reported
useof thesecountergo characterizesharednemoryOpenMPco-
herencerafc.

PerformanceEvents:

The Itanium-2 has 4 performancecounterswhich can be used
simultaneouslyWe monitor the following 4 performanceevents
(from theltanium-2manual[13]):

Event 1, BUSLINVAL _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 Modied Non-local
CacheTransactions

Event 4, BUS.MEM _READ_ALL _SELF: Full Cacheline D/
Memory Read,BRIL (Read-ivalidate) and BIL (invalidate)
transactions

Event 1 countsa processos write cachemissesfor which the
datawasfoundin someotherprocessos cachewhosecacheline
wasin the“Modi ed” (i.e., dirty) state.
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Events 2 and 3 count the processos read cachemissesfor
which the datawasfoundin someotherprocessos cache (HITM
standdor “Hit cachdine in Modi ed(M) state”).

Eachof the above transactiondmplies bus trafc to transfer
the cacheline from the remotecacheto the requestingorocessos
cachesThesumof events1-3 givesanupperboundon the coher
encemissesncounteredby the processor

We comparethis coherencemissvalueto the total numberof
transactionsf thistypeissuedby theprocessofevent4). A poten-
tial bottleneckandoptimizationopportunityexistsif thecoherence
missesare a signi cant portion of the total numberof coherence
transactions.

Characterization:

EachOpenMPthreadwas boundto a distinct processorFigures
4(a) and 4(b) shav the normalizedvaluesfor events discussed
above, for eachprocessofiThegraphshawv thatmary of thebench-
markshave signi cant coherenceactvity. Event 3 constituteshe
largestpercentagef transactionsn mostbenchmarksvith signif-
icantcoherencactvity. Modi ed datalinesare“pulled” from the
local processorcacheto the remoteprocessoissuingreadsto the
samedataline. For BT, thebulk of thetransactionsredueto event
1. This indicatesthat multiple processorsare writing to the same
shareddataline, causingdatato circulateamongthe local andre-
mote cachesThe resultsare not symmetricacrossprocessorgor
mary benchmarksCG, SMG2000andSPhave distinctly different
compositionsand magnitudeof coherencemisseson processef
ascomparedo processotl.

Hardware counterscan detectsigni cant coherencerafc, as
demonstrateébove. However, countervaluesdo not indicatethe
causeof the coherencebottleneck.Our lossy-trace-baseftame-
work providesdetailedsourcecode-correlatedtatisticsthat allow
the programmerto “drill down” into the bulk statisticsand gain
insightsinto the sharingpatternsatapplicationsource-codéevel.

In thefollowing, we donotfurtheranalyzeheEPandIS bench-
marks.For ER thetotal coherencenissesamountgo only 0.6%of
thetotaltransactionsThis is expectedasEPis an“embarrassingly
parallel”benchmarlandthereis little communicatiorbetweerpro-
cessorsSimilarly, IS hasvery few coherencenisseg2.4%of total
transactions)we do not analyzeit further

5.2 Evaluating LossyTracing

In this section,we evaluateour lossytracing methodwith respect
to accurag 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) canonly qualify for PMU tracking
if it takes eight or more clock cycles to complete.This setting
correspondgo the accesdateny of an L2 cachemissfor loads
on the ltanium-2[13]. The lateng thresholdscan only be setin
powersof 2, andathresholdessthan8 cycles(i.e., 1,2 or 4 cycles)
is not usefulasit would alsocaptureloadswhich hit in theL1 or
L2 cachesTheseloadsdo not suffer coherencemisses(they are
hits), soit is not usefulto capturethem.Ignoringtheload hits also
drasticallyreducesthe trace collection overheadand trace sizes,
sinceapplicationgypically have a high cachehit rate.

5.3 TraceSizes

Figuress(a)and5(b) comparghevolumeof loadsandstoredraced
for thefull (software)tracingvs.ourlossymechanisiat different
samplingrates.The y-axisis on a logarithmic scale.Accessvol-
umesarenormalizedto the numberof accessem thefull trace.

The graphsshav that our methoddecreasethe numberof ac-
cessesollectedby oneto two ordersof magnitudecomparedo full
tracing. This considerabledecreaseesultsfrom the PMU's abil-
ity to discriminateandtrack only long-lateng loads,ignoring the
far more frequentlow-lateny accesseshat hit in the L1 andL2
cachesln addition,the PMU hasrandomizatiorlogic which de-
cideswhetheror not to track a potentiallong lateng load, which
further decreaseshe tracevolume. However, this makes the col-
lectedtracelossy i.e., we cannotcaptureall theinstance®of loads
or xchg instructionswhich had latenciesgreaterthan the cycle
threshold(8 cycles).

The numberof accesse$ogged linearly decreasesor larger
samplingintenals. The normalizedfraction of storestracedis re-
markablysimilar acrossbenchmarksvhile thereis morevariation
in thefractionof loadstraced Ourannotatiormechanisnfor stores
causeshis effect: all dynamicinstancesof the annotatedstores
will missin cacheand will be eligible for PMU tracking. How-
ever, only thosedynamicinstance®f loadsthatmissin cache(i.e,
long-lateny loads)areeligible for PMU tracking;hence thefrac-
tion of loadstracked varieswith datacachehit ratesof different
benchmarks.
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5.4 Accuracy of Results

Figures6 and7 depicttheaccurag of theresultsusinglossytraces
for the two metricsof invalidationscausedandcoheencemisses
Dueto spaceconstraintspnly theresultsfor processof areshown.
Theresultsfor the otherprocessoaresimilar.

We comparethe quality of the resultsusing the yardsticksof
coverage fraction and numberof false positives as describedin
sectior4.1.

A highvaluefor the coveragefractionwould indicatethateven
whenusinglossytraceswe areableto substantiallycapturemost
of theapplicationcoherencéehaior. A low numberof falseposi-
tivesensureshatstand-alondossy-tracebasedesultsarenot mis-
leading.

5.4.1 Metric: Invalidations Caused

Considerthe resultsfor invalidations depictedfor coveragefrac-
tion andthe numberof falsepositivesin Figures6(a)and6(b), re-
spectvely. The resultsare shavn for differentsamplingintenals
(OV1 to OV8). For OV1, the coveragefraction rangesfrom 36-
100%,averaging86%. Exceptfor SR, all benchmarkshav avery
high coveragefractionof greaterthan82%.Looking atthe number

of falsepositives,no benchmarksexceptfor FT and SR, have ary
falsepositives at samplinginterval OV1. Thus,in mostcaseswe
achieve very high coveragefraction valueswithout falsepositives
in thelossy-traceesults.

For SR the benchmarkhas a large number of invalidation-
causingstore referencesThere are more than 100 sourcecode
storereferencesvith with a non-zerocountof invalidationsin the
full-traceresults.Thelossy-traceesultsaresimilarly diffusedover
mary storereferencesThe top-10 referencesselectedby lossy-
traceresultsdoesnot include someof the top referencegrom the
full traceresultsdueto whichthe coveragefractionis low.

For FT, thereare 3 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 storeonline 808causesheactualinvalidations However,

dueto lossy-tracingthe rst storeis sometimesot recordedbut

thesecondstoreon line 809is. In this casetheinvalidationis mis-

attributedto line 809 sinceboth the storesaccesghe samecache
line. With advanceddependenceanalysis,it may be possibleto

eliminatethis type of falsepositives.
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Interestingly asthe samplinginterval increaseshoththecover
agefractionandthedegreeof falsepositvesdo not changesigni -
cantly Thus,evenwith smallertracesandlessexecutionoverhead
(and larger samplingintenals), the quality of the resultsdo not
seemto suffer perceptibly

5.4.2 Metric: CoherenceMisses
Theresultsfor coheencemissesareshavn in Figures7(a)and7(b).

The gures shaw thatresultquality is dependendnthebenchmark.

ThecoveragefractionatOV1 rangesrom 57%to 99%with anav-
eragevalueof 81%.SPandBT have comparatiely low coverage
fractionvaluesof 63%and58%,respectiely. 4 out of the8 bench-
marks(CG, FT, LU, SMG2K) have coveragdractionvaluesgreater
than95%.

At OV1, mostbenchmarkfiave alow numberof falsepositives
(Figure 7(b)), exceptfor BT(5) and CG(4) with an averageof 2.
Thus, on average,8 out of the top-10referencegeneratedising
lossy-tracesare correct. As the samplinginterval increasegrom
OV1 to OV8, theaveragecoveragefractiondecreasefom 81%to
71%, mainly dueto alarge dropin the coveragefraction value of

BT. Similarly, increasingthe samplingintenal from OV1 to OV8

increasesheaveragenumberof falsepositivesfrom 2 to 3, mainly
dueto a steeprisein the numberof falsepositivesfor BT (9). The
anomaloudehaior of BT is exploredin moredetailbelon. Except
for BT, mostotherbenchmarkéave large coveragefractionvalues
andrelatively low numberof falsepositives.

55 BT

As seenin the lastsection,lossy-tracebasedsimulationgenerates
very poor coherencemissresultsfor BT. As Figures7(a) and7(b)
shav, BT hasa very large numberof falsepositives, even at the
highestsamplinginterval of OV1. As the samplingintenal in-
creasesthe numberof falsepositivesincreaseswhich alsocauses
the coveragefractionvaluefor BT to decreassharply(sincemost
of the lossy-tracegeneratedeferenceshave zero metric valuein
thefull-traceresults).

Therearemultiple causegor BT's poorbehaior. First,thesim-
ulation resultswith full tracesshav that over 90% of the overall
coherencemissesare store misses.However, for our experiment,
we only consideredhe load coherencemissessincestoremisses



usuallydo notstall theissuingprocessorThebuscycle breakdan
for BT obtainedusinghardwarecounterss shavn in Figure4. This
con rms that,only for theBT benchmarkstoremissesarethedom-
inantfactor(event BUS_RD_INVAL _ALL _HITM dominatesother
bus transactions)Due to this, the overall numberof load coher
encemisseds low, andthe actualcoherenceelatedreferenceget
lostin thefalsepositive “noise” referencedn the simulationresults
generatedvith lossytraces.

Second BT is an array-intensie program.Mary of the false
positivesoccurwith the following situation:

Ihs[i][j1[K][BB][templ][temp2 = ... ; //Store

...... = |hs[i][jlIK][BB][templ1][temp2 1 ; /lLoad

The secondload cannotmiss in cachesince the cacheline is

broughtinto the cache(if not alreadypresent)by the preceding
store.With lossytracing,it sometimeshappendhatthe rst store
referenceis not traced,but the secondload referenceis. Due to

this, the coherencemissis falselyattributedto the load reference.
However, with full traces,the secondload referencealways hit

in cacheand,therefore haszerocoherencemissvalue. Thus,the
secondoadreferencds afalsepositive.

It should be noted that with ideal tracing of the load miss
streamthe secondoad cannotbetracedsinceit is a hit. However,
the Itanium PMU traceslong-latencyloads, which constitutea
supersebf the load missstream(otherconditionscancausdong-
lateny loadsincluding TLB missesbankcon ict andqueuefull
conditions). In addition, the tracing framavork can perturb the
datacache,causingthe load referenceto missin cache.Due to
a combinationof thesetwo factors,we do seethe secondload
referencdn the lossytrace,which shaowvs that false positves may
occurdueto theseuncontrolledeffects.

5.6 Execution Overhead

The primary motivation behindusingPMU-derived lossytracesis
the large reductionin runtime executionoverheadsandgenerated
tracesizes.This reductionresultsfrom focusingon long-lateny
loads— thebulk of thememoryaccessekit in theL1 andL2 data
cacheandareignored.This allows our methodto scaleandhandle
muchlarger, morerealistic datasetsand benchmarksizesthanis
possiblewith pastwork usingfull memoryaccessracing.

Figure8 quanti esthe payof in termsof reductionof applica-
tion runtimeoverheadlt shaws the executiontime incurredby the
benchmarksat different samplingintervals (OV1-OV8) and with
full accesgracing(FULL) usingthedynamicinstrumentatioriool.
The numbersarenormalizedto the executiontime of the original
unmodi ed program.They-axisis onalogarithmicscale The“In-
strumentedbarsshav the normalizedexecutiontime of the ap-
plication annotatedvith our store-annotatioschemedescribedn
Section3 without the useof hardwaremonitoring.

The improvementsin runtime for our lossy tracing method
comparedo full software-basedracingare very large: from one
to overtwo ordersof magnitudeThestoreinstrumentatioscheme
by itself addscomparatiely low overhead.The overheadshavs
a linear decreasdrom OV1 to OV8 allowing a trade-of between
runtimeoverheadandthe accuray of resultsusingthelossytrace.

6. RelatedWork

Several softwareandhardware-base@pproachefor sharedmem-
ory characterizatiolave beendescribedn literature.Gibsonetal.
provide agoodoverview of thetrade-ofs of eachapproacH11].
Severalframevorks simulatehardwareandarchitecturestateat
the instructionlevel, which in icts considerablesimulationover-
head[12, 27]. Our simulatoris more lightweight. We only focus
onmemoryhierarchyandcoherencaimulation.More importantly

thesesimulatorsprovide only bulk statisticsintendedfor evaluat-
ing architecturemechanismsOur frameawork is intendedto pro-
vide applicationprogrammes with detailedsource-lgel informa-
tion aboutthe coherencéoehaior of their programsgenablingpro-
gramtransformationso avoid coherencdottlenecks.

Execution-driverapproachesare popularfor simulatingmem-
ory accessesThey utilize annotationsof memoryaccesspoints,
which trigger calls to the memory accesssimulator ([25, 4, 9].
MemSyy [21] and CProf[16] are cachepro lers thataim at de-
tecting uniprocessomemorybottlenecksLebeckand Wood also
appliedbinary editing to substituteinstructionsthatreferencedata
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 sourcecodeconstructshowever, it only supportsuniprocessor
workloads.As explainedin this papertheseapproachefave high
runtimeoverheadanddonotscaleto largedatasetsor long-running
real-world programs.n contrast,we usea hardware-assiste@p-
proachto collectmuchsmallertraceswith considerableavingsin
run-timeoverhead.

Several tools provide aggr@ate metrics obtainedat low cost
from hardware performancecounters HPCToolkit usesstatistical
samplingof performancecounterdataand allows informationto
becorrelatedo the programsource{22]. A numberof commercial
tools (Intel's VTune,SGl's SpeedshopSun's Workshop)alsouse
statisticalsamplingwith sourcecorrelation albeitatacoarsetevel
thatHPCToolkit or our approachHardware counterscomplement
our lossy-tracebasedapproachA programmerrst useshardware
countersto determineif a coherencebottleneckexists. Then, our
framework helpsto ef ciently extractthelossytraceandto gener
atedetailedsource-correlatedoherencestatistics.

Thereare mary interestingapproachego tuning applications
usinginformation provided by hardware countersTikir etal. de-
scribea pro le-driven online pagemigration schemeusing hard-
ware performancecounters[24]. Buck et al. use the Itanium-2
datatracingPMU supportto associatéoad missesto sourcecode
linesanddatastructuresn uniprocessoprogramg7]. Buck et al.
alsocomparedifferenthardware mechanisnfor detectingunipro-
cessomemoryhierarchybottleneckd6]. Satohet al. studydata-
o w techniquego analyzedatasharingpatternsat compile time
for OpenMPprogramg28]. While theseapproachegocuson ap-
plicationtuning,our contrikution is on ef cient large-scalegerfor
manceanalysis.Thiffault et al. comparethe costof dynamicand
static software instrumentatiorfor large-scaleOpenMPand MPI
programs[30]. We, in contrast,promote hardware-assistedam-
pling dueto overheadsesultingfrom softwareinstrumentatiorin
general.

7. Conclusion

This paperdetailsanovel hardware-assistedpproacho determine
coherencebottlenecks Our mechanismusesthe Itanium-2 hard-
ware performancemonitor PMU that accuratelyassociateslata
addressewith load instructionsand lters interruptsfor thesein-
structionsbasedon a lateny threshold.In additionto ltering for
lateng, the PMU also provides samplingfrequeng support.We
combinethe PMU supportwith anefcient softwaretechniqueto
capturestoredataaddresses$o provide a lossy-tracemechanism.
We applythis mechanismo alarge setof OpenMPbenchmarkén
orderto explore the trade-of betweenaccurag and overhead,n
termsof tracesizeandruntimeslovdown.

Our lossy-tracemechanisnprovides a low runtime overhead
methodto identify coherencéottlenecksn OpenMPapplications.
The lossy traceshave two possiblesourcesof inaccurag: coher
encemissesomitted dueto samplingand the omissionof a store
thatactuallycauses coherenceniss.Our resultsdemonstratéhat



lossytracing canreduceruntime overheadby two ordersof mag-
nitudecomparedo full-trace software-base@pproachesvhile re-
taininga high degreeof accurag for mostbenchmarks.
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