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Abstract

As the speedyapwidensbetweenCPU andmemory mem-
ory hierarchyperformancehas becomethe bottleneckfor
most applications. This is duein part to the difficulty of
fully utilizing the deepand complex memory hierarchies
found on mostmodernmachines.In the past,varioustools
on performanceuning and predictionhave beendeveloped
to improve machineutilization. However, thesetools are
not effective in practicebecausehey eitherdo not consider
memory hierarchyor do so with expensve and machine-
specificprogramsimulations.In this paperwe first demon-
stratethat applicationperformances now primarily limited
by memorybandwidth.With this obseration,we describea
new approachbhasedon estimatingandmonitoringmemory
bandwidthconsumptionyhich canachiere accurateandef-
ficient performanceuning and prediction. Whenevaluated
ona3000-linebenchmarlprogram NAS SP, thebandwidth-
basedmethodhas enableda userto obtain a speedupof
1.19by inspectingandtuning only 5% of the sourcecode.
Furthermorets compile-timepredictionof overallexecution
time waswithin 10% of theactualrunningtime.
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1 Introduction

As modernsingle-chipprocessorémprove therateat which

they executeinstructionsjt hasbecomencreasinglythecase
thatthe performancenf applicationsdepend®n the perfor

manceof the machinememoryhierarchy For someyears,
therehasbeenan intensefocusin the compilerand archi-
tecturecommunityon amelioratingheimpactof latency on

performanceThis work hasled to extremelyeffective tech-
niguesfor reducingandtoleratingmemorylateng, primar

ily throughloop-level cachereuseanddataprefetching.

As exposedmemorylateny is reducedmemoryband-
width becomeghe dominantconstraintbecausehe limited
memorybandwidthrestrictsherateof datatransfebetween
memoryand CPU regardlessof the speedof processor®r
thelateny of memoryaccess.Indeed,we foundin anear
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lier study that the bandwidthneededto achieve peakper
formancelevels on intensive scientificapplicationds up to
10 timesgreaterthanthat provided by the memorysystem,
resultingin a seriousmemorybandwidthbottleneck|1l

At Rice University, we aredevelopinga compilerstrat-
egy for amelioratingthe effect of memory-bandwidttbot-
tleneck. Thefirst partis to minimize the overall amountof
memorytransferthroughautomaticcompilerenhancement
of globalanddynamiccachereuse[12, 3]. Althougheffec-
tive, automaticoptimizationsare not perfectboth because
they may fail in somecasesand becausehey do not esti-
mate programexecutiontime, which is importantfor sub-
sequentaskscheduling.To overcometheseproblemsthis
paperpresentshe secondpart of this compiler stratgy, a
bandwidth-basegerformancetool that assistsusertuning
andprovidesperformanceprediction.

Since memory bandwidth has becomethe critical re-
source programperformancas largely determinedy how
well memorybandwidthis utilized. This dependencsug-
gestghatanaccuratanodelingof programperformancean
be obtainedby measuringnemorybandwidthconsumption.
On the one hand,when low performancds resultedfrom
low memorybandwidthutilization,acompilercanlocateill-
behaedprogranregionsbasednmeasuringnemoryband-
width consumption.Suchautomaticassistanceanfind for
a userperformanceproblemsthat are not only hiddenbe-
hind immenseprogramsourcesout are also often sensitve
to specificmachinesr compilers.On the otherhand,when
bandwidthis fully or mostlyutilized,acompilercanapprox-
imate programrunningtime by dividing the entiredatasize
of the applicationby the bandwidthof the machine. Such
staticperformanceredictionenabledalancegrogranpar
allelizationandefficient run-time schedulingwithout rely-
ing on extra hardwaresupportor expensve simulations.

In this papemwe presenthedesignof abandwidth-based
performanceool, alongwith anevaluationof its usefulness.
The coresupportis the compileranalysisthat estimateghe
amounf memorytransferof aprogram.Basednthesame
design thetool canmodelthe bandwidthof all otherlevels
of memoryhierarchysuchascacheandregisterbandwidth.
Suchatool couldbe extremelyusefulin both uniprocessors
andparallelmachines.



Therestof the paperis organizedasfollows. The next
sectiondemonstratememorybandwidthbottleneckon cur-
rent machines.The designof the bandwidth-basegerfor
mancetool is describedn Section3 andevaluatedin Sec-
tion 4. Finally, Section5 discusseselatedwork andSection
6 concludes.

2 Memory Bandwidth Bottleneck

In an earlier study[], we measuredhe fundamentalbal-
ancebetweencomputationand datatransferand obsered
astriking mismatchbetweerthe balanceof applicationsaand
thoseof modernmachines. As a result, applications’de-
mand on memorybandwidthfar exceedsthat provided by
themachinesleadingto a seriousperformancéottleneck.

Botha programandamachinehave abalance Thebal-
anceof a program(program balance) is the amountof data
transfer(includingboth memoryreadsandwritebacks)hat
the programneeddor eachcomputationoperationthe bal-
anceof a machine(machine balance) is the amountof data
transferthat the machinecanprovide for eachmachineop-
eration. The comparisorbetweena programbalanceanda
machinebalanceshowvstherelationbetweertheresourcele-
mandof theprogramandresourcesupplyof themachine.In
thestudyreportedn [1], we measurethebalanceof six rep-
resentatie application@andcomparedhemwith thebalance
of SGI0rigin2000.Tablel shavstheratiosof demancbver
supplyfor databandwidthof all levels of memoryhierarchy
includingregisterstwo cacheandmainmemory

Applications Ratio: demand/supply
L1-Regy | L2-L1 | Mem-L2

convolution 1.6 1.3 6.5
dmxpy 2.1 2.1 10.5
mmiki (-O2) 6.0 2.1 7.4

FFT 2.1 0.8 3.4
NASSP 2.7 1.6 6.1
DOE/Sweep3D | 3.8 2.3 9.8

Tablel: Ratiosbetweerbandwidthdemandandsupply

As thelastcolumnof Table1 shaws, programsequire
memorybandwidth3.4 to 10.5timesas much asthat pro-
vided by Origin2000,makingmemorybandwidththe most
critical resource;The cacheand register bandwidthis also
insufficientby factorsupto 6.0, but thegapis notaslargeas
thatof memorybandwidth.

Becausef the limited memorybandwidth,otherhard-
wareresourcegreunderutilized on average. Take NAS'SP
asanexample,theratiosimply thatthe CPU utilization can
be no morethan16% on average;furthermore the utiliza-
tion canbe no more than 44% for register bandwidthand
26%for cachebandwidth.

In additionto measuringrrogramandmachinebalance,
the study alsocomparedhe bandwidthconstraintwith the

constraintof memorylateng. It found that the physical
memorylateny is not a significantfactor becausecurrent
lateng-hiding techniquesreeffective enoughfor programs
to saturatehe availablememorybandwidth.

Memory bandwidthbottleneckhappenson other ma-
chinesaswell. To fully utilize a processof comparable
speedof Origin2000,a machinewould require3.4to 10.5
times of the 300 MB/s memorybandwidthof Origin2000,
or to be exact, a machineneedsl.02 GB/sto 3.15GB/sof
memorybandwidth,far exceedingthe memorybandwidth
onary currentmachinesuchasthosefrom HP andintel. As
the CPU speedapidly increasesfuture systemswill suffer
from a evenworsebalanceandconsequentha moreserious
bottleneckon memorybandwidth.

3 Bandwidth-Based Tuning and Prediction

Since memory bandwidth has becomethe primary factor
limiting programperformanceywe canmonitorandestimate
programperformancéasedon its memorybandwidthcon-
sumption. This sectionpresentghe designof a bandwidth-
basedherformanceool. It first describeghestructureof the
tool and the analysistechniqueit employs. It then showvs
how thetool is usedto tuneor predictprogramperformance.

3.1 Performance Tool Structure

Thebandwidth-basederformanceéool takesasinput,asource
programalongwith its inputsandparametergor the target
machine.lt first estimateghe total amountof datatransfer
betweenmemoryand cache. This figure canthenbe used
to eitherpredictthe performanceof a given programcom-
ponentwithoutrunningthe programor locatememoryhier-

archyperformanceroblemsgiventhe actualrunningtime.

Figurel shaws the structureof thetool, aswell asits inputs
andoutputs.

Data Analysis The core supportof the tool is the data
analysisthat estimateghe total amountof datatransferbe-
tweenmemoryand cache. First, a compiler partitionsthe
programinto a hierarchyof computationunits. A compu-
tation unit is definedas a segmentof the programthat ac-
cesseslatalargerthancache.Givenaloop structureacom-
piler canautomaticallymeasurehe boundsandstrideof ar
ray accesghrough,for example,interprocedurabounded-
sectionanalysisdevelopedby Havlak andKennedy[4. The
boundedarray sectionsis then usedto calculatethe total
amountof dataaccessandto determinevhethertheamount
is greaterthanthe sizeof the cache.The additionalamount
of memorytransferdue to cacheinterferencesan be ap-
proximateddy thetechniqueagivenby Ferranteetal[5]. Once
aprogramis partitionednto ahierarchyof computatiorunits,
abottom-uppasss neededo summarizehetotal amountof
memoryaccesgor eachcomputatiorunitin the programhi-
erarchyuntil theroot node—thewhole program.
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Figurel: Structureof the Performancdool

Sinceexact dataanalysisrequirespreciseinformation
on the boundsof loopsandcoeficientsof arrayaccessthe
analysisstepneeddo have run-timeprograminputto make
the correctestimation gspeciallyfor programswith varying
input sizes. In certaincaseshowever, the numberof itera-
tionsis still unknowvn until the endof execution. An exam-
ple is an iterative refinementcomputationwhosetermina-
tion point is determinedby a corvergencetestat run time.
In thesecasesthe analysiscanrepresenthetotal amountof
memoryaccesss a symbolic formulawith the numberof
iterationsasanunknonn term. A compilercanstill success-
fully identify theamountof dataaccessvithin eachiteration
andprovide performancéuningandpredictionatthegranu-
larity of onecomputatioriteration.

Performance Tuning In bandwidth-basegerformance
tuning, a compilersearcheor computatiorunitsthat have
abnormallylow memorybandwidthutilization for the user
Becausef memorybandwidthbottleneckalow bandwidth
utilizationimpliesalow utilization of all otherhardwarere-
sourcesthereforesignaling an opportunityfor tuning. A
compilercanautomaticallyidentify all suchtuningopportu-
nitiesin thefollowing two steps.

1. The first step executesthe programand collectsthe
runningtime of all its computatiorunits. Theachieved
memorybandwidthis calculatedby dividing the data
transferof eachcomputationunit with its execution
time. The achiezed memorybandwidthis thencom-
paredwith machinememorybandwidthto obtainthe
bandwidthutilization.

. Secondthetool singlesout the computatiorunitsthat
have low memorybandwidthutilization ascandidates
for performanceduning. For eachcandidatethe tool
calculateghe potentialperformanceyainasthediffer-
encebetweenthe currentexecutiontime andthe pre-
dictedexecutiontime assumindull bandwidthutiliza-
tion. Thetuningcandidatesireorderedoy their poten-
tial performanceainandthenpresentedo a user

Bandwidth-basegerformanceduning requiresno spe-
cial hardwaresupportor softwaresimulation. It is well-
suitedfor differentmachinesandcompilersbecausehe use
of actualrunningtime includesthe effect of all levels of
compilerand hardwareoptimizations. Therefore,it is not
only automatic put alsoaccurateandwidely applicable.

Bandwidth-basegerformanceuning doesnot neces-
sarily rely on compilerdirecteddataanalysiswhenapplied
on machineswith hardwarecounterssuchas MIPS R10K
andintel Pentiumlll. Thehardwarecountersanaccurately
measurehe numberandthe sizeof memorytransfers With
thesecounters,bandwidth-baseduning can be appliedto
programshatarenot amenablego staticcompileranalysis.
However, compileranalysisshouldbe usedwheneer pos-
siblefor threereasonsFirst, source-lgel analysiss neces-
saryto partitiona programinto computatiorunitsandhelpa
userto understandhe performancet the sourcdevel. Sec-
ond, static analysisis more accuratefor tuning becauset
canidentify the problemof excessie conflict misseswhile
hardwarecountersannotistinguishdifferenttypesof misses.
Third, the compilerdirectedanalysisis portablebecausat
canbe appliedto all machinearchitecturesncluding those
with no hardwarecounters.

Performance Prediction Whena programusesall or
mostof machinememorybandwidth jts executiontime can
be predictedby its estimatednemory-transfetime, thatis,
by dividing the total amountof memorytransferwith the
availablememorybandwidth.This bandwidth-basegdredic-
tion is simple, accurateand widely applicableto different
machinesapplicationsaandparallelizatiorschemes.

Theassumptiothata progranmutilizesall availableband-
width is not alwaystrue—somepartsof the programmay
have alow memorythroughputeven after performanceun-
ing. However, low memorythroughputshouldhappenvery
infrequentlyandit shouldnot seriouslydistort the overall
memorybandwidthutilization. The variationsin the over
all utilization shouldbesmallandshouldnotintroducelarge
errorsinto performanceprediction. Otherwise the program
musthave aperformancéottleneclkotherthanmemoryband-
width. Section?? discussesechniquedor detectingother
resourcebottleneckssuchasloop recurrenceor bandwidth
saturatiorbetweercaches.

Integration with Compiler  Sinceall data-analysisteps
are performedstatically the performancedool canbe inte-
gratedinto the programcompiler In fact, an optimizing
compilermay alreadyhave theseanalysesuilt in. Soin-
cluding this tool into the compileris not only feasiblebut
alsostraight-forward.Althoughthe tool requiresadditional
informationabouttherun-timeprograminputs,thedataanal-
ysiscanproceedat compiletime with symbolicprogramin-
putsandthenre-esaluatethe symbolicresultsbeforeexecu-
tion.

Theintegrationof thetool into the compileris not only



feasiblebut alsoprofitablefor boththetool andthecompiler
First, the tool shouldbe aware of certaincompilertransfor
mationssuchasdata-reus@ptimizationsbecausehey may
changeheactualamountof memorytransfer Themostno-
tableis the globaltransformationsuchasreuse-basebbop
fusion[1] andglobaldataregrouping[4, which canradically
changethe structureof both the computationand data of
a programand can reducethe overall amountof memory
transfey integralfactors.Theperformancéool mustknow
thesehigh-level transformationdor it to obtainanaccurate
estimateof memorytransfer

In additionto helping dataanalysis,the integration of
the tool helpsthe compilerto makebetteroptimizationde-
cisions. Sincethetool hasthe additionalknowledgeon the
programinputs,it cansupplythis informationinto the com-
piler. The preciseknowledgeaboutrun-time dataand ma-
chineparameterss oftennecessarjo certaincompileropti-
mizationssuchascacheblockingandarraypadding.There-
fore, the integration of the compiler and the performance
tool improvesnotonly theaccurag of the performanceool
but alsothe effectivenessf the compiler

3.2 Extensionsto More Accurate Estimation

Although the lateny of arithmetic operationson modern
machinesis very small comparedto the time of memory
transfer it is still possiblethat computationsn a loop re-
currencemay involve so mary operationghatthey become
theperformancéottleneck.Sothetool shouldidentify such
caseswith the computation-interloclanalysisdevelopedby
Callaharetal[6].

Excessie missesat otherlevels of memoryhierarchy
can be more expensve than memorytransfer The exam-
ples are excessie register loads/storeshigherlevel cache
missesandTLB missesTo correctlydetectthesecasesthe
performanceool needsto measurehe resourceconsump-
tion on otherlevels of memoryhierarchy In fact, the tool
canextendits dataanalysigo measuréhenumberof higher
level cachemissesandTLB misseswhicharein factspecial
case®f theexisting dataanalysis.

Onamachinewith distributedmemorymodulesmem-
ory referencesnay incur remotedataaccess.When a re-
mote accesss bandwidthlimited, the tool can estimateits
accesgime with the samebandwidth-basedethodexcept
thatit needgo considethecommunicatiomandwidthin ad-
dition to memorybandwidth.The bandwidth-basedhethod
alsoneedso modelbandwidthcontentioreitherat a mem-
ory moduleor in the network. Whena remoteaccesss not
bandwidth-constrainedye cantrain the performanceesti-
matorto recognizecasesf long memorylateny usingthe
idea of training sets[7]. The bandwidth-baseduning tool
can automaticallycollect suchcasesrom applicationsbe-
causehey do notfully utilize bandwidth.

Coherencamissesin parallelprogramsshouldalsobe
measuredf they carry a significantcost. A compilercan
detecttoherencenissesgspeciallyfor compilerparallelized

Subroutines| AchievedBW | BW Utilization
compute_rhs 252MB/s 84%
x_solve 266MB/s 89%
y_solve 197MB/s 66%
Zz.solve 262MB/s 87%

lhsx 321MB/s 107%!?
Ihsy 279MB/s 93%

lhsz 96MB/s 32%

Table2: Memorybandwidthutilization of SP
code[8].

3.3 Implementation Status

We arein the procesf implementinghe bandwidth-based
performanceool into a whole-programcompiler In addi-
tion to performanceuningandprediction,thecompilerper
forms global and dynamic computationand datatransfor
mationsdescribedn [1, 2, 3]. In fact, the partitioning of
computatiorunitsandthe characterizationf dataaccessre
neededor both the compileroptimizationsandthe perfor
mancetool. However, atthetime of writing, theimplemen-
tation of dataanalysisis not complete.Thereforewe have
to usehardwarecounterandmanualanalysisn thefollow-
ing evaluation. Sincethe hardwarecounterscanprovide an
accurateestimationof datatransfer we usethemwheneer
possible. Furthermorewe manuallysimulatedataanalysis
in somerepresentatie partsof a progranto verify theaccu-
rag/ of compileranalysis.

4 Performance Tuning and Prediction on NAS/SP

This sectionevaluateshandwidth-basederformanceéuning
andpredictionon a well-known benchmarlapplication,SP

from NASA. It is a completeapplicationwith over 20 sub-
routinesand3000linesof Fortran77code.Sincewe did not
have animplementatiorof thetool, we analyzedheprogram
by handandverifiedit with hardwarecounterson SGI Ori-

gin2000.Sincethe programconsistof sequencesf regular
loop nestswe partitionedit into mainly two levels of com-
putationunits—loopnestsand then subroutines. We used
the class-Binput size andran only threeiterationsto save

theexperimenttime.

4.1 Performance Tuning

To identify thetuningopportunitiesywe measuredhe band-
width utilization of eachsubroutineandeachloop nest. In-
steadof usingcompileranalysiswe usedhardwarecounters
to measure¢hetotalamouniof memorytransfer Table2 lists
theeffective memorybandwidthof sevenmajorsubroutines,
which represent85%of overall runningtime.

The last column of Table 2 shaws that all subroutines
utilized 84% or higher memory bandwidthexcept y_solve



andlhsz. Thelow memorybandwidthutilization prompted
theneedfor usertuning. Subroutindhsz hadthelargestpo-
tentialgainfor performancéuning. Thesubroutinehasthree
loop nests,all hadnormalbandwidthutilization exceptthe
first one,which hadanextremelylow bandwidthutilization
of lessthan11%. By simply looking at theloop, we found
thatthe problemwasdueto excessie TLB misses.By ap-
plying arrayexpansionandloop permutationwe wereable
to eliminatea large portionof the TLB missesandimprove
the runningtime of the loop nestby a factor of 5 andthe
overall executiontime by over 15%.

We thenappliedtuningto compute_rhs. By examining
loop-level bandwidthutilization, we found two loops that
utilized 65% and44% of memorybandwidthbecaus®f the
cacheconflictsin L1. We distributedbothloopsandpadded
one of the dataarrays. The hand modificationsimproved
the two loopshby 9% and24% individually andoverall run-
ningtime by another2.4%.With thetuningin Ihszandcom-
pute_rhs, the performanceof SP wasimproved from 45.1
MFlops/sto 55.5MFlops/s,a speedupmf 1.19.

Bandwidth-baseduning is more accuratein locating
performanceroblemghanothertuningtechniquedbecause
it monitorsthe mostcritical resource—memorpandwidth.
For example,flop ratesarenot aseffective. Theflop ratesof
the previously mentionedwo loopsin compute_rhs areover
30 MFlop/s beforetuning, which are not muchlower than
other partsof the program. For example,all loopsin lhsx
have aflop rateof under18 MFlop/s. By comparingheflop
rates,a usermay drawv thewrong conclusionthat the loops
in Thsx arebettercandidategor tuning. However, theloops
in IThsx cannotbeimprovedbecaus¢hey alreadysaturatehe
available memorybandwidth. Their flop ratesarelow be-
causdhey aredata-copyindoopswith little computation.

The successfutuning of SP shavs that the automatic
tuning supportis extremely effective for a userto correct
performanceroblemsn largeapplications Althoughthere
wereover 80 loop nestsin SP, bandwidth-basetlining au-
tomaticallylocatedthreeloop nestsfor performanceuning.
As aresult,we asprogrammer®nly neededo inspecthese
threeloops,andsimplesource-lgel changesmprovedover-
all performanceby 19%. In otherwords, bandwidth-based
tuningtool allowedusto obtain19%of overallimprovement
by looking atandmodifying lessthan5% of the code.

4.2 Performance Prediction

Bandwidth-basegerformancgredictionestimategrogram
performancewvith its memory-transfetime, thatis, thetotal
amountof memorytransferdivided by the memoryband-
width of the machine. This sectionexaminesthe accurag
of this predictiontechniqueon the SP benchmark. Since
the prediction requiresaccurateestimationof the amount
of memorytransfer we will first measurét with hardware
countersandthenapply compileranalysisby handto verify

L Puredata-copyindoopswith little computatiorcanachiezeamemorybandwidth
thatis slightly higherthan300MB/son SGI Origin2000.

theaccurag of thecompilerbasecdestimation.

With the total amountof datatransfermeasuredy the
hardwarecounterswe calculatedhe memory-transfetime
by dividing theamountof memorytransfey memoryband-
width. Table 3 lists the actualrunningtime, the predicted
time andthe percentof error The predictionis given both
with andwithoutconsideringheeffectof TLB missesn the
first loop of lhsz, discussedn the previous section. We list
two predictions,the first assumedull memorybandwidth
utilization for thewhole program,andthe otherassumean
averageutilization of 90%.

Thefirst row of Table 3 givesthe estimationresultsfor
oneiterationof the computatiorwithout giving specialcon-
siderationto the extra overheadof TLB missedn lhsz. The
TLB overheadcan be easily predictedby multiplying the
numberof TLB misseswith full memorylateny (338nsac-
cordingto whatis calledrestartlateny in [9]), which adds
to a total of 7.1 seconds.The secondrow givesthe perfor
mancepredictionincluding this TLB overhead. The third
row predictsperformancdor the programwithout lhsz (the
restrepresentsver 80%of the overall executiontime).

The third andfifth column of Table 3 show the error
of prediction. When assumingfull bandwidthutilization,
the predictionerroris 26%for thewhole computationwith-
out consideringheabnormallTLB overhead,14%whenthe
TLB overheads included,and 15% for the programwith-
out Ihsz. Whenwe assumea utilization of 90%, the pre-
diction error is 18% when not consideringTLB overhead,
5.6%whenincludingthe TLB cost,and5.7%for computa-
tion without lhsz. Theseresultsshav that, with the estima-
tion of the TLB costandthe assumptiorof 90% memory-
bandwidthutilization, bandwidth-basegredictionis very
accuratewith an error of lessthat 6%. The similar errors
in thelasttwo rows alsosuggesthatour staticestimationof
theTLB overheads accurate.

In the above predictions,we measuredhe amountof
memorytransferthroughhardwarecounters. This wasun-
desirablebecauseave shouldpredict programperformance
withoutrunningthe program.Sothe next questionvashow
accuratas the staticestimationof a compiler We handap-
plied the dataanalysisdescribedn Section3.1to estimate
the amountof memorytransfer In fact, we only usedthe
bounded-sectiomnalysis,which countedonly the number
of capacitymissesin eachloop nest. We did not expectto
seemary conflict missesdbecausehe L2 cacheon SGI Ori-
gin2000is two-waysetassociatie and4MB in size.

We manuallyanalyzedtwo subroutines:compute rhs
andlhsx, which togetherconsistof 40% of the total running
time. Subroutinecompute rhs hadthe largestcodesource
andthelongestrunningtime amongall subroutineslt also
resembledhe mixed accesgatternsin the whole program
becausd iteratedthe cubicdatastructureghroughthreedi-
rections. The subroutinelhsx, however, accesseanemory
contiguouslyin a singlestride. Thefollowing tablelists the
actualmemorytransfermeasuredby hardwarecountersthe
predictedmemorytransferby the staticanalysisandtheer



Computation Exe | Pred.Timel | Err. | | Pred.Timell | Err. 1l
Time | Util=100% Util=90%

adi w/o TLB est. | 59.0s 43.8s -26% 48.6s -18%

adiw 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 the staticestimation.

The errorsshown in the third column of Table 4 are
within 3%, indicatingthatthestaticestimatioris indeedvery
accurateIn otherwords,compileranalysisis very accurate
in estimatinghetotalamountbf datatransfetetweemem-
ory andcache Assumingthisaccurag holdsfor otherparts
of SP, the bandwidth-basednalysistool could predictthe
overall performancewithin an error of lessthan 10%, as-
suming90% of averagememorybandwidthutilization.

5 Reated Work

Bandwidth-basegerformanceauning andpredictionis dif-
ferentfrom previoustechniquedecausefits focusonmem-
ory bandwidthconsumptionat the sourcelevel. Previous
techniquesitherdo not considerthe effect of memoryhi-
erarchyor they uselow-level performancanodelssuchas
programtracesor machinesimulators. Comparedo these
techniquesthe bandwidth-basednethodis simpler more
accurateandmorewidely applicableto differentmachines
andapplications.

In the past,the modelingof memoryhierarchyperfor
mancerelied on measuringmemory lateny through ma-
chine simulation. Callahanet al.[10] first usedcompiler
basedapproacho analyzeandvisualizememoryhierarchy
performanceavith a memorysimulator Anotherapproachs
takenby Goldbeg and Hennessy[11]who simulatedpro-
gram executionand measurednemorystall time by com-
paringactualrunningtime with simulationresultof running
the sameprogramon a perfectmemory Machinesimula-
tion is not alwayscorvenientbecauset is expensve when
measurindhardwareeventsat high frequeng or in greatde-
tail. Soit hasto sacrificeeithersimulationaccurag or use
smallprograminputs. Simulationprogramsarearchitectural
dependenandthereforenot easilyportableacrosgdifferent
machinesFinally, simulationcannotbe usedfor predicting
memoryhierarchyperformancdecause¢hey havetorunthe
programbeforecollectingary performancelata.Sincemost
simulationmethodsmposethe machine-lgel view of pro-
grams,it is not clearhow to relatethe resultsbackto the

programsourceandto the programmer

Static or semi-staticmethodscan be usedto approxi-
materun-time programbehaior and thus predictprogram
performance.Gallivan et al.[12] documentedhe memory
performanceof programswith differentload/storepatterns
andpredictedmemoryperformancédy pattern-matchinghe
load/storestructureof a program.Theirwork wason avec-
tor machinewith no cache-baseshemoryhierarchy To model
communicatiorperformancén data-paralleprogramsBala
et al. usedtraining sets,which are a databasdor the cost
of variouscommunicatioroperations[J. They did not con-
sider cacheperformancealthoughthe idea of training can
be appliedto cache for example,to predicteffective band-
width of memoryaccesf differentstrides. Clementsand
Quinnpredicteccacheperformancéy multiplyingthenum-
berof cache-missesith memorylateng[13]. Theirmethod
is no longeraccurateon modernmachinesywherememory
accesseproceedn parallelwith eachotheraswell aswith
CPU computations. Moreover, they did not extend their
work to supportperformanceuning.

Recently researcherbgganto usebandwidthto mea-
suremachinememoryperformanceExamplesaretheSTREAM
benchmarlprogramsy McCalpin[14 andthe CacheBench
programsby Mucci and London [15]. Both usedsimple
programkernelsto measurehe availablememoryor cache
bandwidthon machinesNoneof the previouswork hasex-
ploredthedirectionof tuningandpredictingperformancef
full applicationsdasecdn their bandwidthconsumption.

Anotherlarge classof work we do not directly compare
is themodelingof communicatiorperformanc®n message-
passingnachine®r communication/synchronizati@oeston
share-memongystems. Our goal is different, which is to
predictcomputationcoston a uniprocessor Sinceefficient
parallelprogramshave coarse-grainegarallelismandinfre-
guentcommunicatiorand synchronizationaccuratelypre-
dicting their computationcostis critical in predictingtheir
overall performance. Furthermore,the bandwidth-based
methodpresentedn this papercanbe extendedto estimate
communicatiorperformanceon shared-memorynachines,
wherecommunicatiorbandwidthis frequentlysaturatedas
in the caseof memorybandwidth.

6 Conclusions

This paperhaspresentedhe designof a compilerdirected
tool for performanceuning and prediction. The tool sup-



ports usertuning by automaticallylocating programfrag-
mentswith low memoryhierarchyperformanceijt predicts
performancestaticallyby approximatingt with theamount
of memory-transfetime. Both methodsaresimpletoimple-
mentbut arevery accurateandwidely applicableo different
machinesand applications. When evaluatedon the 3000-
line NAS SP benchmarkthe tool enableda userto obtain
anoverall speedumf 1.19by inspectingandtuning merely
5% of programsource.lt predictedhewhole-programexe-
cutiontime at compiletime to within 10% of the measured
executiontime.

Bandwidth-basegerformancetuning and prediction
shouldbeanintegral partof ary compilerstratgy thatseeks
to maximize memory hierarchyperformance. It comple-
mentgheautomaticcompileroptimizationsy enablingeffi-
cientmanualtuning. It assistsaskor dataparallelizatiorby
providing accurateperformanceestimation. Sincethe tool
is partof an optimizing compiler its estimationis accurate
becausé¢hetool considersheeffectof compilertransforma-
tions, andfurthermore it helpsthe compilerto makebetter
optimizationdecisions.
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