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Abstract

As thespeedgapwidensbetweenCPUandmemory, mem-
ory hierarchyperformancehas becomethe bottleneckfor
most applications. This is due in part to the difficulty of
fully utilizing the deepand complex memoryhierarchies
foundon mostmodernmachines.In thepast,varioustools
on performancetuningandpredictionhave beendeveloped
to improve machineutilization. However, thesetools are
not effective in practicebecausethey eitherdo not consider
memoryhierarchyor do so with expensive and machine-
specificprogramsimulations.In this paper, wefirst demon-
stratethatapplicationperformanceis now primarily limited
by memorybandwidth.With thisobservation,wedescribea
new approachbasedon estimatingandmonitoringmemory
bandwidthconsumption,whichcanachieve accurateandef-
ficient performancetuningandprediction.Whenevaluated
ona3000-linebenchmarkprogram,NAS/SP, thebandwidth-
basedmethodhas enableda user to obtain a speedupof
1.19by inspectingandtuning only 5% of the sourcecode.
Furthermoreits compile-timepredictionof overallexecution
timewaswithin 10%of theactualrunningtime.

Key Words: memorybandwidth,performancetuning
prediction,compiler

1 Introduction

As modernsingle-chipprocessorsimprovetherateatwhich
they executeinstructions,it hasbecomeincreasinglythecase
that theperformanceof applicationsdependson theperfor-
manceof the machinememoryhierarchy. For someyears,
therehasbeenan intensefocus in the compilerandarchi-
tecturecommunityonamelioratingtheimpactof latency on
performance.Thiswork hasled to extremelyeffective tech-
niquesfor reducingandtoleratingmemorylatency, primar-
ily throughloop-level cachereuseanddataprefetching.

As exposedmemorylatency is reduced,memoryband-
width becomesthedominantconstraintbecausethe limited
memorybandwidthrestrictstherateof datatransferbetween
memoryandCPU regardlessof the speedof processorsor
the latency of memoryaccess.Indeed,we foundin anear-

lier study that the bandwidthneededto achieve peakper-
formancelevelson intensive scientificapplicationsis up to
10 timesgreaterthanthatprovidedby thememorysystem,
resultingin a seriousmemorybandwidthbottleneck[1].

At RiceUniversity, we aredevelopinga compilerstrat-
egy for amelioratingthe effect of memory-bandwidthbot-
tleneck. Thefirst part is to minimizetheoverall amountof
memorytransferthroughautomaticcompilerenhancement
of globalanddynamiccachereuse[1,2, 3]. Althougheffec-
tive, automaticoptimizationsare not perfectboth because
they may fail in somecasesandbecausethey do not esti-
mateprogramexecutiontime, which is importantfor sub-
sequenttaskscheduling.To overcometheseproblems,this
paperpresentsthe secondpart of this compiler strategy, a
bandwidth-basedperformancetool that assistsusertuning
andprovidesperformanceprediction.

Sincememorybandwidthhasbecomethe critical re-
source,programperformanceis largely determinedby how
well memorybandwidthis utilized. This dependencesug-
geststhatanaccuratemodelingof programperformancecan
beobtainedby measuringmemorybandwidthconsumption.
On the one hand,when low performanceis resultedfrom
low memorybandwidthutilization,acompilercanlocateill-
behavedprogramregionsbasedonmeasuringmemoryband-
width consumption.Suchautomaticassistancecanfind for
a userperformanceproblemsthat arenot only hiddenbe-
hind immenseprogramsourcesbut arealsooften sensitive
to specificmachinesor compilers.On theotherhand,when
bandwidthis fully or mostlyutilized,acompilercanapprox-
imateprogramrunningtime by dividing theentiredatasize
of the applicationby the bandwidthof the machine. Such
staticperformancepredictionenablesbalancedprogrampar-
allelizationandefficient run-timescheduling,without rely-
ing onextra hardwaresupportor expensive simulations.

In thispaperwepresentthedesignof abandwidth-based
performancetool,alongwith anevaluationof its usefulness.
Thecoresupportis thecompileranalysisthatestimatesthe
amountof memorytransferof aprogram.Basedonthesame
design,thetool canmodelthebandwidthof all otherlevels
of memoryhierarchysuchascacheandregisterbandwidth.
Sucha tool couldbeextremelyusefulin bothuniprocessors
andparallelmachines.
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Therestof thepaperis organizedasfollows. Thenext
section� demonstratesmemorybandwidthbottleneckoncur-
rent machines.The designof the bandwidth-basedperfor-
mancetool is describedin Section3 andevaluatedin Sec-
tion 4. Finally, Section5 discussesrelatedwork andSection
6 concludes.

2 Memory Bandwidth Bottleneck

In an earlier study[1], we measuredthe fundamentalbal-
ancebetweencomputationanddatatransferandobserved
astrikingmismatchbetweenthebalanceof applicationsand
thoseof modernmachines. As a result, applications’de-
mandon memorybandwidthfar exceedsthat provided by
themachines,leadingto a seriousperformancebottleneck.

Botha programandamachinehavea balance.Thebal-
anceof a program(program balance) is theamountof data
transfer(includingbothmemoryreadsandwritebacks)that
theprogramneedsfor eachcomputationoperation;thebal-
anceof a machine(machine balance) is theamountof data
transferthat themachinecanprovide for eachmachineop-
eration. Thecomparisonbetweena programbalanceanda
machinebalanceshowstherelationbetweentheresourcede-
mandof theprogramandresourcesupplyof themachine.In
thestudyreportedin [1], wemeasuredthebalanceof six rep-
resentativeapplicationsandcomparedthemwith thebalance
of SGIOrigin2000.Table1 showstheratiosof demandover
supplyfor databandwidthof all levelsof memoryhierarchy
includingregisters,two cachesandmainmemory.

Applications Ratio:demand/supply
L1-Reg L2-L1 Mem-L2

convolution 1.6 1.3 6.5
dmxpy 2.1 2.1 10.5
mmjki (-O2) 6.0 2.1 7.4
FFT 2.1 0.8 3.4
NAS/SP 2.7 1.6 6.1
DOE/Sweep3D 3.8 2.3 9.8

Table1: Ratiosbetweenbandwidthdemandandsupply

As the lastcolumnof Table1 shows,programsrequire
memorybandwidth3.4 to 10.5 timesasmuchasthat pro-
videdby Origin2000,makingmemorybandwidththe most
critical resource;The cacheandregisterbandwidthis also
insufficientby factorsupto 6.0,but thegapis notaslargeas
thatof memorybandwidth.

Becauseof the limited memorybandwidth,otherhard-
wareresourcesareunderutilized on average.TakeNAS/SP
asanexample,theratiosimply thattheCPUutilization can
be no morethan16% on average;furthermore,the utiliza-
tion can be no more than 44% for register bandwidthand
26%for cachebandwidth.

In additionto measuringprogramandmachinebalance,
the studyalsocomparedthe bandwidthconstraintwith the

constraintof memory latency. It found that the physical
memorylatency is not a significantfactor becausecurrent
latency-hiding techniquesareeffectiveenoughfor programs
to saturatetheavailablememorybandwidth.

Memory bandwidthbottleneckhappenson other ma-
chinesaswell. To fully utilize a processorof comparable
speedof Origin2000,a machinewould require3.4 to 10.5
timesof the 300 MB/s memorybandwidthof Origin2000,
or to be exact, a machineneeds1.02 GB/s to 3.15GB/sof
memorybandwidth,far exceedingthe memorybandwidth
onany currentmachinessuchasthosefromHPandIntel. As
theCPUspeedrapidly increases,futuresystemswill suffer
from a evenworsebalanceandconsequentlya moreserious
bottleneckonmemorybandwidth.

3 Bandwidth-Based Tuning and Prediction

Sincememory bandwidthhas becomethe primary factor
limiting programperformance,wecanmonitorandestimate
programperformancebasedon its memorybandwidthcon-
sumption.This sectionpresentsthedesignof a bandwidth-
basedperformancetool. It first describesthestructureof the
tool and the analysistechniqueit employs. It then shows
how thetool is usedto tuneor predictprogramperformance.

3.1 Performance Tool Structure

Thebandwidth-basedperformancetool takesasinput,asource
programalongwith its inputsandparametersfor the target
machine.It first estimatesthe total amountof datatransfer
betweenmemoryandcache. This figure canthenbe used
to eitherpredict the performanceof a given programcom-
ponentwithout runningtheprogramor locatememoryhier-
archyperformanceproblemsgiventheactualrunningtime.
Figure1 shows thestructureof thetool, aswell asits inputs
andoutputs.

Data Analysis The core supportof the tool is the data
analysisthatestimatesthe total amountof datatransferbe-
tweenmemoryandcache. First, a compilerpartitionsthe
programinto a hierarchyof computationunits. A compu-
tation unit is definedasa segmentof the programthat ac-
cessesdatalargerthancache.Givena loopstructure,acom-
piler canautomaticallymeasuretheboundsandstrideof ar-
ray accessthrough,for example,interproceduralbounded-
sectionanalysisdevelopedby Havlak andKennedy[4]. The
boundedarray sectionsis then usedto calculatethe total
amountof dataaccessandto determinewhethertheamount
is greaterthanthesizeof thecache.Theadditionalamount
of memorytransferdue to cacheinterferencescan be ap-
proximatedby thetechniquegivenbyFerranteetal[5]. Once
aprogramispartitionedinto ahierarchyof computationunits,
abottom-uppassis neededto summarizethetotalamountof
memoryaccessfor eachcomputationunit in theprogramhi-
erarchyuntil theroot node—thewholeprogram.
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Figure1: Structureof thePerformanceTool

Sinceexact dataanalysisrequirespreciseinformation
on theboundsof loopsandcoefficientsof arrayaccess,the
analysisstepneedsto have run-timeprograminput to make
thecorrectestimation,especiallyfor programswith varying
input sizes. In certaincases,however, the numberof itera-
tions is still unknown until theendof execution. An exam-
ple is an iterative refinementcomputation,whosetermina-
tion point is determinedby a convergencetestat run time.
In thesecases,theanalysiscanrepresentthetotalamountof
memoryaccessasa symbolic formula with the numberof
iterationsasanunknown term.A compilercanstill success-
fully identify theamountof dataaccesswithin eachiteration
andprovideperformancetuningandpredictionat thegranu-
larity of onecomputationiteration.

Performance Tuning In bandwidth-basedperformance
tuning,a compilersearchesfor computationunits thathave
abnormallylow memorybandwidthutilization for theuser.
Becauseof memorybandwidthbottleneck,a low bandwidth
utilization impliesa low utilizationof all otherhardwarere-
sources,thereforesignalingan opportunityfor tuning. A
compilercanautomaticallyidentify all suchtuningopportu-
nitiesin thefollowing two steps.

1. The first stepexecutesthe programand collects the
runningtimeof all its computationunits.Theachieved
memorybandwidthis calculatedby dividing the data
transferof eachcomputationunit with its execution
time. The achieved memorybandwidthis thencom-
paredwith machinememorybandwidthto obtainthe
bandwidthutilization.

2. Second,thetool singlesout thecomputationunitsthat
have low memorybandwidthutilization ascandidates
for performancetuning. For eachcandidate,the tool
calculatesthepotentialperformancegainasthediffer-
encebetweenthe currentexecutiontime andthe pre-
dictedexecutiontimeassumingfull bandwidthutiliza-
tion. Thetuningcandidatesareorderedby theirpoten-
tial performancegainandthenpresentedto a user.

Bandwidth-basedperformancetuning requiresno spe-
cial hardwaresupportor softwaresimulation. It is well-
suitedfor differentmachinesandcompilersbecausetheuse
of actual running time includesthe effect of all levels of
compilerandhardwareoptimizations. Therefore,it is not
only automatic,but alsoaccurateandwidely applicable.

Bandwidth-basedperformancetuning doesnot neces-
sarily rely on compiler-directeddataanalysiswhenapplied
on machineswith hardwarecounterssuchas MIPS R10K
andIntel PentiumIII. Thehardwarecounterscanaccurately
measurethenumberandthesizeof memorytransfers.With
thesecounters,bandwidth-basedtuning can be appliedto
programsthatarenot amenableto staticcompileranalysis.
However, compileranalysisshouldbe usedwhenever pos-
siblefor threereasons.First, source-level analysisis neces-
saryto partitionaprograminto computationunitsandhelpa
userto understandtheperformanceat thesourcelevel. Sec-
ond, staticanalysisis more accuratefor tuning becauseit
canidentify theproblemof excessive conflict misses,while
hardwarecounterscannotdistinguishdifferenttypesof misses.
Third, the compiler-directedanalysisis portablebecauseit
canbeappliedto all machinearchitecturesincluding those
with nohardwarecounters.

Performance Prediction When a programusesall or
mostof machinememorybandwidth,its executiontime can
bepredictedby its estimatedmemory-transfertime, that is,
by dividing the total amountof memorytransferwith the
availablememorybandwidth.Thisbandwidth-basedpredic-
tion is simple, accurateandwidely applicableto different
machines,applicationsandparallelizationschemes.

Theassumptionthataprogramutilizesall availableband-
width is not alwaystrue—somepartsof the programmay
have a low memorythroughputevenafterperformancetun-
ing. However, low memorythroughputshouldhappenvery
infrequentlyand it shouldnot seriouslydistort the overall
memorybandwidthutilization. The variationsin the over-
all utilizationshouldbesmallandshouldnot introducelarge
errorsinto performanceprediction.Otherwise,theprogram
musthaveaperformancebottleneckotherthanmemoryband-
width. Section?? discussestechniquesfor detectingother
resourcebottleneckssuchas loop recurrenceor bandwidth
saturationbetweencaches.

Integration with Compiler Sinceall data-analysissteps
areperformedstatically, the performancetool can be inte-
gratedinto the programcompiler. In fact, an optimizing
compilermay alreadyhave theseanalysesbuilt in. So in-
cluding this tool into the compiler is not only feasiblebut
alsostraight-forward.Althoughthe tool requiresadditional
informationabouttherun-timeprograminputs,thedataanal-
ysiscanproceedat compiletimewith symbolicprogramin-
putsandthenre-evaluatethesymbolicresultsbeforeexecu-
tion.

Theintegrationof thetool into thecompileris not only
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feasiblebutalsoprofitablefor boththetool andthecompiler.
First,� the tool shouldbeawareof certaincompilertransfor-
mationssuchasdata-reuseoptimizationsbecausethey may
changetheactualamountof memorytransfer. Themostno-
tableis theglobaltransformationssuchasreuse-basedloop
fusion[1] andglobaldataregrouping[2], whichcanradically
changethe structureof both the computationand dataof
a programand can reducethe overall amountof memory
transferby integralfactors.Theperformancetoolmustknow
thesehigh-level transformationsfor it to obtainanaccurate
estimateof memorytransfer.

In additionto helpingdataanalysis,the integrationof
the tool helpsthecompilerto makebetteroptimizationde-
cisions. Sincethe tool hastheadditionalknowledgeon the
programinputs,it cansupplythis informationinto thecom-
piler. The preciseknowledgeaboutrun-timedataandma-
chineparametersis oftennecessaryto certaincompileropti-
mizationssuchascacheblockingandarraypadding.There-
fore, the integration of the compiler and the performance
tool improvesnotonly theaccuracy of theperformancetool
but alsotheeffectivenessof thecompiler.

3.2 Extensions to More Accurate Estimation

Although the latency of arithmeticoperationson modern
machinesis very small comparedto the time of memory
transfer, it is still possiblethat computationsin a loop re-
currencemay involve somany operationsthat they become
theperformancebottleneck.Sothetool shouldidentify such
caseswith thecomputation-interlockanalysisdevelopedby
Callahanetal[6].

Excessive missesat other levels of memoryhierarchy
can be more expensive than memorytransfer. The exam-
ples are excessive register loads/stores,higher-level cache
misses,andTLB misses.To correctlydetectthesecases,the
performancetool needsto measurethe resourceconsump-
tion on other levels of memoryhierarchy. In fact, the tool
canextenditsdataanalysisto measurethenumberof higher-
level cachemissesandTLB misses,whicharein factspecial
casesof theexisting dataanalysis.

Ona machinewith distributedmemorymodules,mem-
ory referencesmay incur remotedataaccess.When a re-
moteaccessis bandwidthlimited, the tool canestimateits
accesstime with thesamebandwidth-basedmethodexcept
thatit needstoconsiderthecommunicationbandwidthin ad-
dition to memorybandwidth.Thebandwidth-basedmethod
alsoneedsto modelbandwidthcontentioneitherat a mem-
ory moduleor in thenetwork.Whena remoteaccessis not
bandwidth-constrained,we cantrain the performanceesti-
matorto recognizecasesof long memorylatency usingthe
idea of training sets[7]. The bandwidth-basedtuning tool
can automaticallycollect suchcasesfrom applicationsbe-
causethey donot fully utilize bandwidth.

Coherencemissesin parallelprogramsshouldalsobe
measuredif they carry a significantcost. A compiler can
detectcoherencemisses,especiallyfor compilerparallelized

Subroutines AchievedBW BW Utilization
compute rhs 252MB/s 84%
x solve 266MB/s 89%
y solve 197MB/s 66%
z solve 262MB/s 87%
lhsx 321MB/s 107%1

lhsy 279MB/s 93%
lhsz 96MB/s 32%

Table2: Memorybandwidthutilizationof SP

code[8].

3.3 Implementation Status

We arein theprocessof implementingthebandwidth-based
performancetool into a whole-programcompiler. In addi-
tion to performancetuningandprediction,thecompilerper-
forms global and dynamiccomputationand datatransfor-
mationsdescribedin [1, 2, 3]. In fact, the partitioningof
computationunitsandthecharacterizationof dataaccessare
neededfor both the compileroptimizationsandthe perfor-
mancetool. However, at thetime of writing, theimplemen-
tationof dataanalysisis not complete.Therefore,we have
to usehardwarecountersandmanualanalysisin thefollow-
ing evaluation.Sincethehardwarecounterscanprovide an
accurateestimationof datatransfer, we usethemwhenever
possible.Furthermore,we manuallysimulatedataanalysis
in somerepresentativepartsof a programto verify theaccu-
racy of compileranalysis.

4 Performance Tuning and Prediction on NAS/SP

Thissectionevaluatesbandwidth-basedperformancetuning
andpredictionon a well-known benchmarkapplication,SP
from NASA. It is a completeapplicationwith over 20 sub-
routinesand3000linesof Fortran77code.Sincewedid not
haveanimplementationof thetool,weanalyzedtheprogram
by handandverifiedit with hardwarecounterson SGI Ori-
gin2000.Sincetheprogramconsistsof sequencesof regular
loop nests,we partitionedit into mainly two levelsof com-
putationunits—loopnestsand then subroutines.We used
the class-Binput sizeandran only threeiterationsto save
theexperimenttime.

4.1 Performance Tuning

To identify thetuningopportunities,wemeasuredtheband-
width utilization of eachsubroutineandeachloop nest. In-
steadof usingcompileranalysis,weusedhardwarecounters
to measurethetotalamountof memorytransfer. Table2 lists
theeffectivememorybandwidthof sevenmajorsubroutines,
which represents95%of overall runningtime.

The last columnof Table2 shows that all subroutines
utilized 84% or higher memorybandwidthexcept y solve
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and lhsz. The low memorybandwidthutilization prompted
theneed� for usertuning.Subroutinelhsz hadthelargestpo-
tentialgainfor performancetuning.Thesubroutinehasthree
loop nests,all hadnormalbandwidthutilization except the
first one,which hadanextremelylow bandwidthutilization
of lessthan11%. By simply looking at the loop, we found
that theproblemwasdueto excessive TLB misses.By ap-
plying arrayexpansionandloop permutation,we wereable
to eliminatea largeportionof theTLB missesandimprove
the running time of the loop nestby a factor of 5 and the
overall executiontimeby over 15%.

We thenappliedtuningto compute rhs. By examining
loop-level bandwidthutilization, we found two loops that
utilized65%and44%of memorybandwidthbecauseof the
cacheconflictsin L1. We distributedbothloopsandpadded
one of the dataarrays. The handmodificationsimproved
the two loopsby 9% and24%individually andoverall run-
ningtimeby another2.4%.With thetuningin lhsz andcom-
pute rhs, the performanceof SP was improved from 45.1
MFlops/sto 55.5MFlops/s,a speedupof 1.19.

Bandwidth-basedtuning is more accuratein locating
performanceproblemsthanothertuningtechniquesbecause
it monitorsthemostcritical resource—memorybandwidth.
For example,flop ratesarenotaseffective. Theflop ratesof
thepreviouslymentionedtwo loopsin compute rhs areover
30 MFlop/s beforetuning, which arenot muchlower than
otherpartsof the program. For example,all loops in lhsx
have aflop rateof under18MFlop/s.By comparingtheflop
rates,a usermaydraw thewrongconclusionthat the loops
in lhsx arebettercandidatesfor tuning. However, theloops
in lhsx cannotbeimprovedbecausethey alreadysaturatethe
availablememorybandwidth. Their flop ratesare low be-
causethey aredata-copyingloopswith little computation.

The successfultuning of SP shows that the automatic
tuning supportis extremely effective for a user to correct
performanceproblemsin largeapplications.Althoughthere
wereover 80 loop nestsin SP, bandwidth-basedtuningau-
tomaticallylocatedthreeloop nestsfor performancetuning.
As aresult,weasprogrammersonly neededto inspectthese
threeloops,andsimplesource-level changesimprovedover-
all performanceby 19%. In otherwords,bandwidth-based
tuningtool allowedustoobtain19%of overall improvement
by lookingat andmodifying lessthan5%of thecode.

4.2 Performance Prediction

Bandwidth-basedperformancepredictionestimatesprogram
performancewith its memory-transfertime,thatis, thetotal
amountof memorytransferdivided by the memoryband-
width of the machine.This sectionexaminesthe accuracy
of this predictiontechniqueon the SP benchmark. Since
the prediction requiresaccurateestimationof the amount
of memorytransfer, we will first measureit with hardware
countersandthenapplycompileranalysisby handto verify�

Puredata-copyingloopswith little computationcanachieveamemorybandwidth
thatis slightly higherthan300MB/son SGIOrigin2000.

theaccuracy of thecompiler-basedestimation.

With the total amountof datatransfermeasuredby the
hardwarecounters,we calculatedthememory-transfertime
bydividing theamountof memorytransferbymemoryband-
width. Table3 lists the actualrunning time, the predicted
time andthe percentof error. The predictionis givenboth
with andwithoutconsideringtheeffectof TLB missesin the
first loop of lhsz, discussedin the previoussection.We list
two predictions,the first assumesfull memorybandwidth
utilization for thewholeprogram,andtheotherassumesan
averageutilizationof 90%.

Thefirst row of Table3 givestheestimationresultsfor
oneiterationof thecomputationwithoutgiving specialcon-
siderationto theextra overheadof TLB missesin lhsz. The
TLB overheadcan be easily predictedby multiplying the
numberof TLB misseswith full memorylatency (338nsac-
cordingto what is calledrestartlatency in [9]), which adds
to a total of 7.1 seconds.Thesecondrow givesthe perfor-
mancepredictionincluding this TLB overhead. The third
row predictsperformancefor theprogramwithout lhsz (the
restrepresentsover 80%of theoverall executiontime).

The third and fifth column of Table 3 show the error
of prediction. When assumingfull bandwidthutilization,
thepredictionerroris 26%for thewholecomputationwith-
out consideringtheabnormalTLB overhead,14%whenthe
TLB overheadis included,and15%for the programwith-
out lhsz. When we assumea utilization of 90%, the pre-
diction error is 18% whennot consideringTLB overhead,
5.6%whenincludingtheTLB cost,and5.7%for computa-
tion without lhsz. Theseresultsshow that,with theestima-
tion of the TLB costandthe assumptionof 90% memory-
bandwidthutilization, bandwidth-basedprediction is very
accurate,with an error of lessthat 6%. The similar errors
in thelasttwo rowsalsosuggestthatourstaticestimationof
theTLB overheadis accurate.

In the above predictions,we measuredthe amountof
memorytransferthroughhardwarecounters.This wasun-
desirablebecausewe shouldpredictprogramperformance
without runningtheprogram.Sothenext questionwashow
accurateis thestaticestimationof a compiler. We handap-
plied the dataanalysisdescribedin Section3.1 to estimate
the amountof memorytransfer. In fact, we only usedthe
bounded-sectionanalysis,which countedonly the number
of capacitymissesin eachloop nest. We did not expect to
seemany conflict missesbecausetheL2 cacheon SGI Ori-
gin2000is two-waysetassociative and4MB in size.

We manuallyanalyzedtwo subroutines:compute rhs
andlhsx, which togetherconsistof 40%of thetotal running
time. Subroutinecompute rhs had the largestcodesource
andthe longestrunningtime amongall subroutines.It also
resembledthe mixedaccesspatternsin the whole program
becauseit iteratedthecubicdatastructuresthroughthreedi-
rections. The subroutinelhsx, however, accessedmemory
contiguouslyin a singlestride.Thefollowing tablelists the
actualmemorytransfermeasuredby hardwarecounters,the
predictedmemorytransferby thestaticanalysis,andtheer-
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Computation Exe Pred.Time I Err. I Pred.TimeII Err. II
Time Util=100% Util=90%

adi w/o TLB est. 59.0s 43.8s -26% 48.6s -18%
adi w TLB est. 59.0s 50.9s - 14% 55.7s - 5.6%
adi w/o lhsz 47.0s 40.0s - 15% 44.3s - 5.7%

Table3: Actualandpredictedexecutiontime

Subroutine Actual Predicted Error
lhsx 396MB 406MB + 3%
compute rhs 5308MB 5139MB - 3%

Table4: Actualandpredicteddatatransfer

ror of thestaticestimation.

The errorsshown in the third column of Table 4 are
within 3%,indicatingthatthestaticestimationis indeedvery
accurate.In otherwords,compileranalysisis very accurate
in estimatingthetotalamountof datatransferbetweenmem-
ory andcache.Assumingthisaccuracy holdsfor otherparts
of SP, the bandwidth-basedanalysistool could predict the
overall performancewithin an error of lessthan 10%, as-
suming90%of averagememorybandwidthutilization.

5 Related Work

Bandwidth-basedperformancetuningandpredictionis dif-
ferentfromprevioustechniquesbecauseof its focusonmem-
ory bandwidthconsumptionat the sourcelevel. Previous
techniqueseitherdo not considerthe effect of memoryhi-
erarchyor they uselow-level performancemodelssuchas
programtracesor machinesimulators.Comparedto these
techniques,the bandwidth-basedmethodis simpler, more
accurate,andmorewidely applicableto differentmachines
andapplications.

In the past,the modelingof memoryhierarchyperfor-
mancerelied on measuringmemory latency through ma-
chine simulation. Callahanet al.[10] first usedcompiler-
basedapproachto analyzeandvisualizememoryhierarchy
performancewith a memorysimulator. Anotherapproachis
takenby Goldberg andHennessy[11],who simulatedpro-
gram executionandmeasuredmemorystall time by com-
paringactualrunningtimewith simulationresultof running
the sameprogramon a perfectmemory. Machinesimula-
tion is not alwaysconvenientbecauseit is expensive when
measuringhardwareeventsat high frequency or in greatde-
tail. So it hasto sacrificeeithersimulationaccuracy or use
smallprograminputs.Simulationprogramsarearchitectural
dependentandthereforenot easilyportableacrossdifferent
machines.Finally, simulationcannotbeusedfor predicting
memoryhierarchyperformancebecausethey have to runthe
programbeforecollectingany performancedata.Sincemost
simulationmethodsimposethe machine-level view of pro-
grams,it is not clearhow to relatethe resultsback to the

programsourceandto theprogrammer.

Static or semi-staticmethodscan be usedto approxi-
materun-timeprogrambehavior and thuspredictprogram
performance.Gallivan et al.[12] documentedthe memory
performanceof programswith differentload/storepatterns
andpredictedmemoryperformanceby pattern-matchingthe
load/storestructureof a program.Their work wasona vec-
tormachinewith nocache-basedmemoryhierarchy. To model
communicationperformancein data-parallelprograms,Bala
et al. usedtraining sets,which area databasefor the cost
of variouscommunicationoperations[7]. They did not con-
sidercacheperformance,althoughthe ideaof training can
beappliedto cache,for example,to predicteffective band-
width of memoryaccessof differentstrides.Clementsand
Quinnpredictedcacheperformanceby multiplying thenum-
berof cache-misseswith memorylatency[13]. Theirmethod
is no longeraccurateon modernmachines,wherememory
accessesproceedin parallelwith eachotheraswell aswith
CPU computations. Moreover, they did not extend their
work to supportperformancetuning.

Recently, researchersbegan to usebandwidthto mea-
suremachinememoryperformance.ExamplesaretheSTREAM
benchmarkprogramsby McCalpin[14] andtheCacheBench
programsby Mucci and London [15]. Both usedsimple
programkernelsto measurethe availablememoryor cache
bandwidthon machines.Noneof thepreviouswork hasex-
ploredthedirectionof tuningandpredictingperformanceof
full applicationsbasedon theirbandwidthconsumption.

Anotherlargeclassof work wedonot directlycompare
is themodelingof communicationperformanceonmessage-
passingmachinesor communication/synchronizationcoston
share-memorysystems.Our goal is different,which is to
predictcomputationcoston a uniprocessor. Sinceefficient
parallelprogramshave coarse-grainedparallelismandinfre-
quentcommunicationandsynchronization,accuratelypre-
dicting their computationcostis critical in predictingtheir
overall performance. Furthermore,the bandwidth-based
methodpresentedin this papercanbeextendedto estimate
communicationperformanceon shared-memorymachines,
wherecommunicationbandwidthis frequentlysaturatedas
in thecaseof memorybandwidth.

6 Conclusions

This paperhaspresentedthe designof a compiler-directed
tool for performancetuning andprediction. The tool sup-
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ports usertuning by automaticallylocating programfrag-
ments� with low memoryhierarchyperformance;it predicts
performancestaticallyby approximatingit with theamount
of memory-transfertime.Bothmethodsaresimpleto imple-
mentbut areveryaccurateandwidely applicableto different
machinesandapplications. When evaluatedon the 3000-
line NAS SP benchmark,the tool enableda userto obtain
anoverall speedupof 1.19by inspectingandtuningmerely
5%of programsource.It predictedthewhole-programexe-
cutiontime at compiletime to within 10%of themeasured
executiontime.

Bandwidth-basedperformancetuning and prediction
shouldbeanintegralpartof any compilerstrategy thatseeks
to maximize memoryhierarchyperformance. It comple-
mentstheautomaticcompileroptimizationsbyenablingeffi-
cientmanualtuning.It assiststaskor dataparallelizationby
providing accurateperformanceestimation. Sincethe tool
is partof anoptimizingcompiler, its estimationis accurate
becausethetool considerstheeffectof compilertransforma-
tions,andfurthermore,it helpsthecompilerto makebetter
optimizationdecisions.
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