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Abstract

For a large classof scienti�c computingapplications,the continuinggrowth in physical memorycapacity

cannotbeexpectedto eliminatetheneedto performI/O throughouttheir executions.For theseout-of-core

applications,thelargeandwideninggapbetweenprocessorperformanceanddisk latency is amajorconcern.

Currentoperatingsystemsdeliver poorperformancewhenanapplication's working setdoesnot �t in main

memory. As a result,programmerswho wish to solve theseout-of-coreproblemsef�ciently aretypically

facedwith theoneroustaskof rewriting their applicationto useexplicit I/O operations(e.g.,read/write).In

many cases,the endresult is that the sizeof physical memorydeterminesthe sizeof problemthat canbe

solved.

In thisdissertation,weproposeandevaluatea fully-automatictechniquewhich liberatestheprogrammer

from this task,provideshigh performance,andrequiresonly minimal changesto currentoperatingsystems.

In our scheme,the compilerprovides the crucial informationon future accesspatternswithout burdening

theprogrammer, theoperatingsystemsupportsnon-bindingprefetch andreleasehints for managingI/O in

a virtual memorysystem,andthe operatingsystemcooperateswith a run-time layer to accelerateperfor-

manceby adaptingto dynamicbehavior andminimizing prefetchoverhead.This approachmaintainsthe

abstractionof unlimitedvirtual memoryfor theprogrammer, givesthecompilerthe�e xibility to aggressively

insertprefetchesaheadof references,andgivestheoperatingsystemthe �e xibility to arbitratebetweenthe

competingresourcedemandsof multipleapplications.

We implementedour compileranalysiswithin theSUIF compiler, andusedit to target implementations
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of our run-timeandoperatingsystemsupporton both researchandcommercialsystems(HURRICANE and

IRIX 6.5, respectively). Our experimentalresultsshow large performancegains for out-of-corescienti�c

applicationson bothsystems:morethan50%of the I/O stall time hasbeeneliminatedin mostcases,thus

translatinginto overall speedupsof roughly twofold in many cases. Our initial experimentsmotivateda

new compiler schedulingalgorithm that is capableof tolerating the large and variable latenciesthat are

commonfor disk accesses,in thepresenceof multiply-nestedloopswith unknown bounds.On our current

experimentalsystems,many of ourbenchmarkapplicationsremainI/O bound,however, weshow thatthenew

schedulingalgorithmsareableto substantiallyimprove performancein somecases,reducingexecutiontime

by anadditional36%in thebestcase.Wefurthershow thatthenew algorithmsshouldenableapplicationsto

makemoreeffective useof higher-bandwidthdisksystemsthatwill beavailablein thefuture.
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Chapter 1

Intr oduction
640Kshouldbeenoughfor anyone. — Bill Gates

Out-of-coreapplicationsare hereto stay. Programswith datasetsthat exceedthe size of main memory

areeasyto �nd, despitethe exponentialgrowth in memorycapacity. Examplescanbe drawn from many

branchesof computerscienceincludingarti�cial intelligence,computationallinguistics,databases,graphics,

andscienti�c computing. For the “Grand Challenge”applicationsof scienceandengineeringthe needfor

morememoryappearsto beessentiallyunbounded.For instance,input datasetsfor scienti�c visualization

cancurrentlyexceed100gigabytes[19], while thestoragerequirementsfor computationalbiology taskslike

proteinstructurepredictioncanbemeasuredin petabytes[57]. Thesetypesof problemshave long beenthe

driving forcebehindadvancesin supercomputing,yet asfasterprocessorsandmassively parallelmachines

make it possibleto solve problemsthat were computationallyinfeasiblein the past, the demandson the

memorysystemalsoscaleatacommensuratepace.

For thesememory-intensive applications,we canexpectthatdisk driveswill continueto form theback-

boneof thememoryhierarchy, providing stable,cost-effective,massstorage.I/O will berequiredthroughout

thecomputation,both to bring the requireddatainto mainmemoryandto write intermediateresultsout to

disk. Unfortunately, althoughadvancesin magneticstoragetechnologyhave ledto dramaticincreasesin disk

drive capacityandthroughput,theaverageaccesstime hasnot improvedsigni�cantly. Giventhe large(and
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CHAPTER1. INTRODUCTION 2

increasing)gap betweenprocessorspeedsanddisk latencies,it is expectedthat out-of-coreprogramswill

spenda substantialportion of their executiontime waiting for I/O. If we hopeto leveragemorepowerful

processorsto solvethescienti�c computingproblemsof thefuture,weclearlyneedtechniquesto managethe

I/O requirementsof theseprograms.

Oneeffective techniqueto reducethetimespentwaiting for I/O is prefetching. By requestingdatabefore

it is needed,the I/O latency canbe overlappedwith othercomputation,resultingin dramaticreductionsin

the overall executiontime. Successfulprefetching,however, dependscritically on determiningwhat data

shouldbeprefetchedandwhentheprefetchshouldbe initiated. Becausemakingthesedecisionsmanually

representsa substantialburdenon the applicationprogrammer, this thesisexploresautomatedtechniques,

whicharebasedin staticcompileranalysis,for obtainingtherequiredinformation.

In additionto suffering from largeI/O latencies,out-of-coretasksarealsoextremelybadneighborsin a

multiprogrammedenvironment,yet executingthemin sucha settingis desirablefor a numberof reasons.It

is not only morecost-effective to beableto sharemachineresourcesbetweenanout-of-coreapplicationand

otherprograms,it mayalsobenecessaryfor someapplicationssuchasa visualizationtaskthat is enabling

theuserto interactively guidea physical simulationin real-time. Unfortunately, operatingon massive data

setsconsumesphysicalresources(memoryanddiskbandwidth)atarapidrate,therebypotentiallydisplacing

theworking setsof otherapplicationsandincreasingtheir pagefault servicetimes.To make mattersworse,

theperformancegainsachieved if prefetchingfor out-of-coreapplicationsis successfulwill causephysical

resourcesto beconsumedat anevenfasterrate,increasingthenegative impacton otherapplications.A key

observationis thattheexcessive resourceconsumptionby out-of-coretasksis not theresultof their inherent

resourcerequirements.It caninsteadbeattributedto resourcemanagementpoliciesin theoperatingsystem

thatarenot well suitedto this classof applications.For instance,globalpagereplacementpoliciesperform

well in thegeneralcase,but allocatetoo many pagesto anout-of-coreprogramthat is sweepingthoughits

datasetrapidly.

Good overall performancein a multiprogrammedworkload with out-of-coreapplicationsdependson

makingtheright decisionaboutwhatdatashouldbereplacedfrom memoryto makeroomfor theprefetched
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data.Thus,in this thesiswe alsoevaluatetheuseof compileranalysisto guidereplacementdecisions.For

bothprefetchingandreplacement,we show thatstaticanalysisaloneis insuf�cient in many cases,andmust

becoupledwith a run-timesystemcapableof adaptingto dynamicconditionsif performanceimprovements

areto berealized.

We begin the restof this chapterby taking a closerlook at the performanceproblemsexperiencedand

causedby out-of-coreprogramsbeforesummarizingotherapproachesfor managingI/O. We thendescribe

our researchgoals,list the major contributionsof this thesis,andendwith an overview of the remaining

chapters.

1.1 Problemswith Out-of-CoreApplications

Given thatapplicationswith extremelylargedatasetswill requireI/O throughouttheir execution,there

aretwo primaryapproachesthatcouldbeused—eithermanagetheI/O explicitly throughread andwrite

systemcalls,or rely on theoperatingsystem(via pagedvirtual memory)to fetchandreplacedataasneeded.

Thesetraditionalsolutionsforcetheprogrammerto choosebetweenperformanceandease-of-use.

1.1.1 Virtual Memory VersusExplicit I/O Interfaces

Usingvirtual memoryto handleintermediateI/O requirementshasoneenormousadvantageoverexplicit

I/O calls—it is easyto use.Programsthatwerewritten assumingthedatasetwould �t in memoryneedno

modi�cation (otherthanincreasingthe sizeof relevant parametersanddatastructures)to scalethemup to

larger(out-of-core)problemsizes.Programmerswriting new applicationscanfocuson theproblemthey are

trying to solve, without regard to the I/O requirementsof their programs.For instance,algorithmscanbe

chosenfor their numericalstability, ratherthanto minimizethenumberof disk accessesrequired.Unfortu-

nately, theabstractionof pagedvirtual memoryis not transparentwith regardto performance:it is painfully

obvious whenthe physical memoryboundaryhasbeencrossed.Worse,althoughpagingclearly degrades

performance,theprogrammercannoteasilyaddresstheseproblemsaspagingdecisionsarecontrolledby the

operatingsystem.

Thereareessentiallytwo reasonswhy pagedvirtual memorytypically haspoorperformance:thetiming
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of requests,andthesizeof requests.First,disk requestsareinitiatedin responseto a pagefault. Thatis, the

I/O is initiatedwhenthe applicationneedsthe data,forcing the applicationto stall for the full latency of a

diskreadbeforeit cancontinue.Second,eachpagefault typically bringsonly apage-sizedchunkof datainto

memoryat a time. Even if we constructanextremelyhigh-bandwidthdisk array, andstripeour dataacross

all thedisks,wecannotexploit thisextrabandwidthsinceonly asingledisk is ever active atany time.

Theseperformanceproblemscanbe addressedby explicit I/O calls asfollows. First, the non-blocking

I/O callsprovidedby asynchronousI/O interfacesallow anapplicationto hide latency by overlappingdisk

I/O with computation.Secondexplicit I/O callscanfetcha largenumberof blocksin asinglerequest,which

is importantto fully exploit theunderlyingparallelismin high-bandwidthI/O systems(e.g.,diskarrays).

Whileexplicit I/O offersthepotentialfor improvedperformanceoverpaging,it unfortunatelysuffersfrom

severaldisadvantages.Theprimarydisadvantageis thelargeburdenplacedon theprogrammerof rewriting

an applicationto insert the I/O calls—onegoal of this thesisis to avoid placingadditionalburdenson the

programmeraltogether. Anotherdisadvantageis theperformanceoverheadof theseI/O systemcalls,which

typically involvecopying overheadto transferdatabetweenthesystem's I/O buffersandthebuffersmanaged

by theapplication.

A third, lessobvious disadvantageis that with explicit I/O, the applicationis implicitly making low-

level policy decisionswith its I/O requests(e.g.,the sizeof the requests,andthe amountof memoryto be

usedfor I/O buffering). However, thebestpolicy decisionsdependnot only on applicationaccesspatterns,

but alsoon thephysical resourcesavailable. Henceanapplicationwritten assuminga particularamountof

physicalmemoryanddisk bandwidthmayperformpoorly on a machinewith a differentsetof resources,or

in a multiprogrammedenvironmentwheresomeof the resourcesarebeingusedby otherapplications.To

illustratehow the availablephysical resourcesaffect an application's performance,considerthe amountof

memoryavailablefor buffering I/O. If suf�cient physical memoryis availablesuchthat the entiredataset

can�t in memory, thenan applicationwith explicit I/O will pay the systemcall overheadwith no bene�t.

On theotherhand,if theapplicationusesmorebuffer spacefor I/O thantheavailablephysicalmemory, then

thebufferswill suffer pagefaults,possiblyresultingin worseperformancethanif theapplicationhadsimply
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(a)Performanceof BUK ona researchoperatingsystem(HURRICANE) usingvirtual memoryfor I/O
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(b) Performanceof BUK onacommercialoperatingsystem(IRIX) usingvirtual memoryfor I/O

Figure 1.1. Vir tual memor y perf ormance on two systems for in­core and out­of­core problem sizes.

reliedonpagedvirtual memoryfrom thestart.

1.1.2 PerformanceUsingVirtual Memory

Thesimplicity of thevirtual memoryprogrammingmodelmakesit anextremelyappealinginterfaceto

target, if the performancedif�culties canbe overcome.To illustratesomeof the challengeswe presentan

exampleof an out-of-coreapplicationthat usesvirtual memoryfor I/O. More detailson this benchmark

andthe experimentalsetupwill be given later in Section2.4.4,with only the mostrelevant characteristics

presentedhere.
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Figure1.1shows thetotal executiontime for a singlebenchmarkfrom theNAS Parallelsuite[6], across

arangeof datasetsizes,on two verydifferentsystems.Thebenchmarkis BUK: abucket-sortalgorithmwith

computationthatscaleslinearlywith theproblemsize.If physicalmemorywereunlimited,wewouldexpect

theperformancecurveto beastraightline. Instead,onbothsystemsalargeincreasein theexecutiontimecan

beseenwhenthephysicalmemoryis exhaustedandpagingis needed.Resultson HURRICANE, a research

operatingsystemdesignedfor large-scalemultiprocessors[56], areshown in Figure1.1(a).On this system,

everypagefaultpaysthefull costof adiskaccessandtheeffectonperformanceatout-of-coreproblemsizes

is severe.

Although it would be easyto dismissthe HURRICANE resultsas an artifact of a researchprototype,

this is not the case.Figure1.1(b)shows the samebenchmark(with differentproblemsizes)on a modern,

commercialoperatingsystem(Irix 6.5).Despitelargediskbuffers,anddiskcontrollerread-aheadpoliciesfor

sequentialdata[45], it is still easyto discernthememoryboundaryfrom theperformancecurveeventhough

over two thirdsof thereferencesin BUK aresequentialarrayaccesses!Theremainingaccessesin BUK are

essentiallyrandom,andthelargegapbetweendisklatency andprocessorperformancemakesthemextremely

costly. Furthermore,thedisk read-aheadpoliciesmaybedefeatedby a lack of controlover themappingof

pagesto disksandtheorderin which pagefaultsoccur. That is, eventhougha particulardatastructuremay

beaccessedsequentiallyin theprogramcode,thereis noguaranteethattheaccessesseenby aparticulardisk

will alsobesequential.

To successfullyprefetchpagefaultsit is necessaryto determinewhichpageswill beneededin thefuture.

Althoughautomaticallydetectingaccesspatternsat run-timeis conceptuallyappealing,in practiceit is ex-

tremelydif�cult. Indirect references(suchasthosefound in sparse-matrixcodes)leadto randomaccesses

which are not predictableby patterndetection. Even when patternsexist, as in regular stridedor stencil

matrix codes,interleaving of accessesfrom multiple datastructurescanobscurethesepatternsat run-time.

Finally, as the BUK exampleillustrates,detectingsequentialaccessesis not suf�cient. To make matters

worse,prefetchingbasedon patterndetectioncanactuallyhurt performancewhen the future accessesdo

not conformto the previously detectedpattern. Mis-predictedprefetchesarecostly becausethey displace
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Figure 1.2. Time to touc h 1MB of data for varying think timesbetween accesses.

otherpagesfrom memorywithout providing any bene�t. Smithrefersto this effect asmemorypollution and

observesthatit worsenswith increasingpagesizes[48].

This thesispresentsanalternative methodfor predictingwhich pageswill beneededin thefuturebased

on staticanalysistechniquesthathave thepotentialto automaticallydetectaccesspatternsat compile-time.

Givenknowledgeof theaccesspattern,it is alsopossibleto staticallytransformtheprogramto insertmemory

managementprimitives,suchasprefetchinstructionsfor datareferencesthatareexpectedto incurpagefaults.

Suchcompiler-basedtechniqueshavebeensuccessfullyappliedin thepastto theproblemof predictingcache

missesandprefetchingdatafrom main memoryinto the processorcache[39,41]. Sincephysical memory

canbeviewedasjust anotherlevel in thememoryhierarchy, it is naturalto considerapplyingthesemethods

to theproblemof prefetchingdatafrom disksinto memory. Section2.3presentsourdesignfor asystemthat

combinesstaticanalysiswith dynamicadaptation,while Chapter3 evaluateshow well this designimproves

theperformanceof out-of-coreapplicationsonadedicatedmachine.

1.1.3 Impact on Other Applications

As notedearlier in this chapter, out-of-coreapplicationscan hurt the performanceof other programs

by displacingtheir working setsfrom memory. The negative effect of out-of-coreapplicationson other

applicationsis mostdistressingfor interactiveprogramswhereahumanuseris ableto perceiveanincreasein
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responsetime. Ironically, theseinteractive programsarealsoparticularlysusceptiblesincethey spendmost

of theirexecutiontimewaitingfor userinput,andareunableto defendtheirmemorypages.Figure1.2shows

theresultsof asimpleexperimentthatdemonstratesthemagnitudeof theproblem.

In this experiment,we simulatethe memoryreferencebehavior of an interactive task by executinga

simpleprogramthat respondsto requestsby touchinga portion of its dataset. Requestsareseparatedby

some�x edamountof think timerepresentingdelaysbetweeninput from auser. Themeasuredresponsetime

is theamountof timerequiredto touchthedataset,andshouldbeaconstantindependentof think timeif the

pagesof thedatasetremainin memorybetweenaccesses.Thissimpleprogramis executedboth(i) aloneon

themachineand(ii) with anunmodi�edout-of-coreprogram(in thiscase,a largematrix-vectormultiply that

consumesmemoryrapidly).

As canbeseenfrom Figure1.2, whenthe interactive programexecuteson a dedicatedmachine,its re-

sponsetime is indeeduniform as think time rangesfrom 0 to 10 seconds(seethe line labeled“Alone”).

Whena non-prefetchingout-of-coreprogramis executedconcurrently, however, theresponsetime increases

dramatically, even for relatively shortthink timesof 1-5 seconds,asshown by the “With out-of-core” line.

Employing prefetchingto improve theperformanceof theout-of-coreprogramonly servesto make thesitu-

ationworsefor theinteractive task.

In this thesiswearguethattheresponsibilityfor reducingthenegative impactof theout-of-coreprogram

shouldrest with the out-of-coreprogramitself, sinceit is the sourceof the problem. By leveragingthe

samestaticanalysisthat supportsprefetchingdecisions,the compilercanidentify pagesthat may be good

candidatesfor replacement,thus reducingthe needto stealpagesfrom other applications. The effect of

explicitly releasingmemoryon theout-of-coreprogramis studiedin Chapter3, while theoverall effectsin a

multiprogrammedenvironmentarethesubjectof Chapter4.

1.2 RelatedWork

Thegeneralproblemsof hidingdisklatency throughprefetching,andimproving thememoryperformance

of data-intensive applicationshave beenwell studiedin the pastin a variety of forms. In this thesiswe
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focuson techniqueswith a strongoperatingsystemor compilercomponent;althoughthereis a largebody

of researchon algorithmsfor out-of-corecomputations,we will not discussthem heresincewe are not

modifying theprogram's algorithm.Our techniquescanbeappliedto hidetheI/O latency in anout-of-core

programafterthemostsuitablealgorithmfor theproblemhasbeenchosen.

Relatedresearchcanbeclassi�ed into � ve broadareas:(i) prefetchingof pagefaultsin virtual memory

systems;(ii) prefetchingof explicit �le accesses;(iii) combiningprefetchingandreplacementdecisions;(iv)

compilationfor out-of-coreprograms;and(v) application-controlledmemorymanagement.We will discuss

eachof theseareasin turn.

1.2.1 Prefetchingin Virtual Memory Systems

Over twentyyearsago,Trivedi presenteda strategy for automaticallyextractingapplicationaccesspat-

ternsin loopingprogramsusinga compiler[55]. Thedetectedpatternswereusedto implementprepaging,

which includeddirectives to fetch particularpagesinto physical memory, and replaceother pages. At a

high level, this work is very similar to the schemepresentedin this thesis,with two importantdifferences.

First, advancesin compilertechnologyhave greatlyexpandedtherangeof applicationsthatcanbehandled.

Trivedi's compileranalysiswasrestrictedto programsin which blockingcouldbeperformedwhereaspre-

viousstudieson prefetchingfor cacheshave shown thatmany programswhich canbeprefetchedcannotbe

blocked[41]. Second,the introductionof a run-timelayer to �lter unnecessaryhintsallows thecompilerto

actmuchmoreaggressively, furtherincreasingthesituationsin whichprefetchingandreleasingmemorycan

beappliedsuccessfully.

Otherwork in theareaof prefetchingfor pagedvirtual memorysystemsgenerallydependson theoper-

atingsystembeingableto detectpatternsto initiate prefetching.Curewitz, Krishnan,andVitter investigated

usingtechniquesdevelopedfor datacompressionto predictwhatto prefetch[20]. In theirdesignaprefetcher

examinesadatabaseclient'spreviouspagerequestsandissuesprefetchrequeststo thedatabaseserver. They

notethatpredictionaccuracy is betterwhenaseparateprefetcheris usedfor eachinstanceof aclientapplica-

tion, sinceuseraccesspatternscanvarywidely. In asimilarvein,SongandChousethefaulthistoryto detect
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patternsandinitiate prefetching[49]. Pattern-basedpredictiontechniquesall suffer from thefact thatsome

numberof faultsarerequiredto establishpatternsbeforeprefetchingcanbegin. Worse,mis-predictionsare

likely to occurwhenthepatternschange,leadingto potentiallyharmfulmemorypollution.

Muchof thework onautomatedpagefault prefetchinghasbeendonein thecontext of distributedshared

memorysystems,wherepagesarefetchedfrom remotememoriesratherthanfrom localdisks.Representative

examplesinclude[7,50,63]. Network latenciesin thesesettingsaretypically muchsmaller, andhenceeasier

to hide, thandisk latencies.The fundamentalissueis thatmis-predictionsincreasewith the latency. Tech-

niqueswhich aresuccessfulat hiding network latency arelikely to causetoo muchmemorypollution when

appliedto theproblemof hiding disk latency. In contrast,techniquesthataresuccessfulfor disk prefetching

canalsobeusedto hidesmallernetwork latenciesin adistributedsharedmemorysystem.

A �nal option for virtual memoryprefetchingmakesuseof themadvisesystemcall, providedby some

UNIX operatingsystems.Thissystemcall allowsaprogrammerto giveadvicesuchasMADV WILLNEED

or MADV DONTNEED for rangesof the virtual addressspace.While this is conceptuallysimilar to the

operatingsysteminterfacewepresent,it reliesontheprogrammerto manuallyprovide informationaboutthe

memoryusageof their program.In addition,evenwhenthe interfaceis provided,many operatingsystems

make no claimsabouthow the advicewill be handled—itmay simply be ignored. Thusthe utility of the

interface,by itself, is quitelimited.

1.2.2 Prefetchingfor Explicit File Accesses

Prefetchingin �le systemsby automaticallydetecting�le accesspatternshasbeenwell studied[3,24,25,

28,32,34]. KroegerandLong look atusingthecompressiontechniqueknown aspredictionbypartial match

to detectaccesspatternsandto decidewhatto prefetch[34]. Grif�oen andAppletonconstructa probability

graphbasedon prior �le systemaccesses[24]. Both approachesattemptto improve theperformanceof the

overall �le systemby predictingwhich �les arelikely to bereferencednext whena particular�le is opened.

In contrast,our focusis on improving performancefor out-of-coreapplicationsthat typically accessa small

numberof very large �les, and/orhave many accessesto the swap �le. Kotz andEllis studiedprefetching



CHAPTER1. INTRODUCTION 11

whenaprogram's dynamicaccesspatternsmatchedoneof eightaccesspatternscommonlyfoundin parallel

applications[32]. Onceagain,techniquesthatdependonbeingabletodetectanaccesspatterncannotprefetch

until thepatternhasbeenestablishedandmaydo thewrongthing whenthepatternchanges.In addition,the

accesspatternsmaybeextremelydif�cult to detectautomatically, or maynot matchthepre-selectedsetof

possiblepatterns.

Anothertechniqueimplementedin �le systemsis to supportprefetchingbasedon informationsupplied

explicitly by theapplication.Onesuchapproachis theTIP system,developedby Pattersonetal. [43], which

considersbothprefetchingandcaching,andwill bediscussedin thefollowing section.

1.2.3 Integrating Prefetchingand Replacement

Theimportanceof consideringbothprefetchingandreplacementdecisionsin tandemhasbeenstudiedby

severalgroupsin thecontext of I/O prefetchingandcachingfor �le systemreferences.Caoetal. [11] present

severalpropertiesthatoptimalprefetchingandcachingstrategiesmusthave,however thecompletereference

streamis requiredto satisfytheseproperties.TheTIP systemfor I/O prefetchingby Pattersonetal. [43] uses

acost-bene�tmodelto estimatewhich �le blocksshouldbereplacedfrom thebuffer cache,basedonaccess-

patternhintsdisclosedby theapplication.While thegoalof usingapplication-speci�cknowledgeto improve

overall systemperformanceis thesameasin our system,we focuson virtual memoryreferencesratherthan

�le readsandwrites. Becauseit is muchmorecostly to trackall virtual memoryreferences(versusexplicit

�le requestsonly) thetechniquesappliedby theTIP systemfor determiningwhatto ejectfrom the�le cache

arenotespeciallyapplicablefor virtual memorymanagementdecisions.

In theoriginal TIP implementation,applicationshadto bemanuallymodi�ed to generatethenecessary

accesshints. Recently, anotherapproachfor automaticallymodifying applications(usinga binarymodi�ca-

tion tool ontheprogramexecutable)to providehintsabouttheir futureaccesseshasbeenpresentedby Chang

andGibson[12]. Applicationsarealteredto speculatively executetheir codefor thepurposeof discovering

futurereadrequests,whichcanbepassedashintsto theTIP system.

Vellanki andChervenakusedcost-bene�tanalysissimilar to TIP, however prefetchdecisionsweremade
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usinga markov-basedpredictorbuilt from pastdisk accesshistory[58]. Their schemesuffersfrom thesame

limitations asotherapproachesthat usepastaccesspatternsto derive future predictions. Finally, Voelker

et al. presenta hybrid approachthat usesboth disk andnetwork memoryprefetching[59]. They assume

that futureaccessesarefully known (eitherthroughTIP-styleapplicationhints,or someothermethod)and

adapttheForestallalgorithmof Kimbrel et al. to considerbothtypesof prefetching.Althoughtheir results

demonstratethatprefetchingcanbesuccessfullyappliedto hidemultiple kindsof latency at thesametime,

they do not addressthequestionof decidingwhat to prefetchwhenfull knowledgeof futureaccessesis not

available.

1.2.4 Compiling Out­of­Core Programs

Compilingfor out-of-corecodestendsto focuson threeareas.The�rst areais reorderingcomputationto

improve datareuseandreducethetotal I/O required[9]. Thesecondareais insertingexplicit I/O calls into

arraycodes[16,31,42,54]. In general,thecompilersareaidedby extensionsto thesourcecodethatindicate

particularstructuresareout-of-core.In addition,someof thework speci�cally targetsI/O performancefor

parallelapplications[9], while weaimto improve theperformanceof evensingle-threadedapplications.The

third compilationapproachis to takeprogramsthatalreadycontainexplicit I/O calls,movethemto anearlier

programpoint,andchangethemto asynchronousI/O callsinstead.However, asynchronousI/O callscannot

be issuedunlessit is known that the databeingreadwill not be modi�ed betweenthe asynchronouscall,

andthepoint of theoriginal read.Aliasing cancomplicatethecompiler's ability to determinethesafetyof

changingsynchronousreadsinto asynchronousonesat anearliertime,andlimits theopportunitiesavailable

for applyingthis transformation.In contrast,prefetchingbasedon a virtual memoryinterfacecanbeapplied

atany time,evenif all aliasescannotberesolved.

1.2.5 Application­controlled Memory Management

Many researchershave suggestedthat betterperformancecanbe obtainedif sophisticatedapplications

aregiven control over their own memorymanagementdecisions.Most previous work in this areahasfo-

cusedon how theoperatingsystemcanprovide this functionalityto theapplications.For instance,theMach
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operatingsystemsupportsexternalpagersto allow applicationsto controlthebackingstorageof their mem-

ory objects[44]. Extensionsto the externalpagerinterfacehave beenusedto implementuser-level page

replacementpolicies[38] andto supportdiscardablepages(i.e.,dirty pagesthatdo not have to bewritten to

backingstore)[51]. More aggressive applicationcontrolof physicalmemorywasimplementedin theV++

kernelby Harty andCheriton[27]. In their scheme,theapplicationwasgivencompletecontrolover a cache

of physicalpages,enablingtheimplementationof application-speci�cmemorymanagementpolicies.Giving

applicationsmorecontrolover physical resources(not just memory)is alsoa partof themotivationbehind

extensibleoperatingsystemssuchasExokernel[30], SPIN[8], andVino [47].

Providing supportfor application-speci�ccontrolis only half of thepicture,however. If themechanisms

providedrequireprogrammersto re-writetheirapplicationsmanually, thefull powerof theschemeis unlikely

to berealizedin therealworld. In contrast,our approachprovidesnot only themechanismsfor application-

controlledmemorymanagement,but alsoa meansto leveragethesemechanismsautomaticallythroughthe

useof thecompiler.

1.3 Research Goals

At thehighestlevel, thegoalof this thesisis to demonstratethefollowing statement:

A combination of I/O prefetching and pagereplacementhints inserted by automatic
compiler analysisand transformation cansuccessfullyhide the latencyof pagefaults in out-
of-core programs while simultaneouslyreducing the negative impact on the performance
of other programsin a multipr ogrammedenvir onment. Adaptation to run-time conditions
can be achieved by a user-level software layer which synthesizesinformation provided by
the compiler and the operating systemto perform memory managementoperations (i.e.
issuingprefetchand replacementhints) only when they areactually needed.

Weaim to demonstratetheprecedingstatementby providing aconcreteimplementationof thetechnique

presentedby this thesis,usinga full-featuredoptimizingcompileranda moderncommercialoperatingsys-

tem.

1.4 Contrib utions

This thesismakesthefollowing contributions:
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� The proposalof a new strategy for copingwith I/O latency in out-of-coreprogramsthat introduces

a run-time layer to integrateinformation obtainedfrom compiler analysiswith information readily

availableto theoperatingsystemduringprogramexecution.Key featuresof this strategy arethat it is

fully-automatic,capableof improving overall performancein a multi-programmedsetting,andableto

adaptto dynamicconditions.

� A detailedevaluationof the proposedstrategy, basedon a full implementationof eachof the three

key components.Theprefetchingalgorithmis implementedin theSUIFoptimizingcompiler[26,61].

The operatingsystemsupporthasbeenimplementedin two distinct operatingsystems—aresearch

prototypedesignedfor large-scalemultiprocessors(HURRICANE) anda commercialoperatingsystem

(Irix 6.5).By comparingtheresultsonthetwo systems,weareableto gain insightinto thekey features

that theoperatingsystemsupportshouldprovide, andtheeffect thatotherarchitecturalandsoftware

designdecisionsmayhave onourability to supportout-of-coreprogramssuccessfully.

� An investigation into the feasibility of having out-of-coreapplicationsvoluntarily releasepagesto

improveoverall performancein amultiprogrammedenvironment.Typically replacementdecisionsare

thesoleresponsibilityof theoperatingsystem,which hastheonly globalview of competingdemands

for memory. This thesisevaluateswhetherit is possiblefor applicationsto make local decisionsthat

improve globalperformance,basedon minimal informationaboutmemoryusagefrom theoperating

system.

� Thedevelopment,implementation,andevaluationof anew compileralgorithmfor softwarepipelining

which is able to handleunknown or variablelatencies,multi-dimensionalloops,andunknown loop

bounds(all of whichpresentproblemsfor existingsoftwarepipeliningalgorithms).

Althoughthis thesispresentsandevaluatesa solutionto a particularresourcemanagementproblem(that

of managingphysicalmemoryfor anout-of-coreprogram),webelievethattheapproachtakenhere,bringing

togetherthe strengthsof the compilerand the operatingsystemwith a run-timeadaptationlayer, will be

applicableto many otherresourcemanagementproblemsaswell.
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1.5 Overview of Dissertation

Chapter2 laysout theoveralldesignof thesystemanddescribeshow thecompiler, operatingsystem,and

run-timelayerrelateto eachother. It alsodescribesthebenchmarksandhardwareplatformsusedto evaluate

thesystem.Chapter3 studiestheeffectof ourapproachon theperformanceof out-of-coreprogramsrunning

on a dedicatedcomputersystem.Both the initial researchprototypeoperatingsystem,andthecommercial

systemarestudied. Chapter4 studiesthe performanceof both out-of-coreand interactive applicationsin

a multiprogrammedsetting. Basedon theseresults,a numberof limitations of the compiler scheduling

algorithmareidenti�ed, leadingto a new algorithmwhich is describedandevaluatedin Chapter5. Finally,

Chapter6 summarizesthe importantresultsin this dissertation,highlightstheir implications,andsuggests

directionsfor futurework in thisarea.
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Chapter 2

SystemDesignAlter nativesand

Evaluation Framework
Recognizingtheneedis theprimaryconditionfor design.— CharlesEames

In this chapterwe presentthebasicdesignof our systemfor automaticallymanagingthe I/O requirements

of out-of-coreprograms.In this thesis,we focusonscienti�c computingapplications,wherelargearraysare

theprimarydatastructure,andmostdataaccessesoccurin loops.Our goal is to fully hideI/O latency, thus

eliminatingits impactonoverallexecutiontimefor thisimportantclassof applications.Conceptually, onecan

view our approachasenhancingtheperformanceof virtual memory, sincethat is theabstractionwe present

to theprogrammer. Our designspace,however, is not limited to theoperatingsystemwherevirtual memory

supportis traditionallyimplemented.Weview theproblemasoneof collectingenoughinformationaboutan

application's memoryrequirementsto enableusto make goodmanagementdecisions.Relevantinformation

maybemostreadilyavailableat differenttimesin a program's life cycle,andto differententities.Similarly,

someactionsor transformationsmaybeeasierto performatcertainprogramstagesthanatothers.

In thischapter, weexplorealternativesfor collectingandactingon theinformationneededto makegood

memorymanagementdecisions.We begin in Section2.1by consideringthefeaturesandactionsour system

17
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needsto support.Wethenpresentanumberof optionsfor providing thesefeatures,identifyingstrengthsand

limitationsof eachin Section2.2. Theactualdesignof thesystempresentedin this thesisis thenoutlinedin

Section2.3.Thechapterconcludesin Section2.4with anoverview of theframework wewill useto evaluate

ouroverall design.

2.1 KeyRequirements

In Section1.1.1we identi�ed two performanceproblemswith virtual memory, namelythe timing and

sizeof I/O requests.A third problemis that the operatingsystemmustevict datafrom memorywithout

knowing whenor if the applicationwill needit again. Any designthat aimsto preserve the abstractionof

virtual memoryfor theapplicationprogrammermustaddressthesethreeproblems.

Under pagedvirtual memory, the operatingsystemperformstwo typesof disk accesseson behalf of

applications: (i) pagesare readfrom disk to satisfy a referenceto datathat was not presentin memory,

and(ii) modi�ed (or dirty) pagesarewritten out to disk to createfree pageframesfor thesereads. In the

earliestimplementationsof virtual memorysystems,victim pageframeswereselectedandwritten out to

disk (if dirty) in responseto a pagefault, creatinga freepageframethatwasimmediately�lled by reading

therequireddatafrom disk [22]. With this model,theperformancecostof a pagefault couldbethelatency

of two disk accesses,aswell astheprocessingcostof selectinga victim frame. Figure2.1(a)illustratesthe

situation.

In general,hiding write latency is straightforward sincewrites canbe bufferedandpipelined,however

whencleaningdirty pages,thewrite mustcompletebeforewe canreusethepageframe. Fortunately, since

thewritesaretransparentto theapplication,thereis no restrictionon whenthe requestcanbegin. Modern

Unix systemshide write latency usingthe page daemonapproachintroducedby 3BSD UNIX [4]. Rather

thanwaiting for a freepageto beneededbefore�nding one,theoperatingsystemmaintainsapoolof (clean)

free pageswhich canimmediatelybe allocatedin responseto a pagefault. A backgroundsystemprocess

(calledthepagedaemon)monitorsmemoryusage,identi�es victim pages,andscheduleswritesfor thosethat

aredirty beforethey aremovedto thefreelist. Figure2.1(b)shows how theuseof a pagedaemonimproves
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performance.

The pagedaemonillustratesa key principle that we needto exploit to further improve virtual memory

performance:theoperation(a write) is scheduledearlyenoughthattheresult(a cleanfreepage)is available

beforeit is needed,andfurthermoretheoperationoccursin parallelwith normalexecutionof theapplication.

In otherwords,theintroductionof thepagedaemonsolvesthetiming problemfor virtual memorywritesby

decouplingtheI/O activity from theapplication's needfor pageframes.

Thepagedaemonis alsoableto addresstherequestsizeproblemfor virtual memorywrites.Becausefree

pageframesareno longergeneratedin responseto a particularpagefault, the daemoncancollect a larger

setof dirty pagesandwrite themto disk asa single large request,thusmakingmoreeffective useof the

availabledisk bandwidth.Thereis, of course,a costassociatedwith producingfreepageframesbeforethey
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areneeded—thenumberof “soft” pagefaultscouldincrease,andfrequently-modi�edpagescouldbewritten

to disk repeatedlythey arecleanedandfreedtooearly.

In contrastto writes,hiding readlatency is dif�cult becausetheapplicationcannotproceedwithout the

missingdataandthusmuststall waiting for the I/O to complete.As with writes,we needto �nd a way to

schedulethereadoperationearlyenoughthat thedataarrivesin memorybeforeit is needed.Thus,thekey

to toleratingreadlatency is to split aparttherequestfor dataandtheuseof thatdata,while �nding enough

usefulwork to keeptheapplicationbusyin between.This is anespeciallydif�cult taskfor a virtual memory

systemsincetheactualreadrequestoccursasa sideeffect of attemptingto usea particulardataitem. Our

systemneedsto provide a mechanismfor predictingwhenthe applicationis likely to accessa pagethat is

missingfrom memoryso that an asynchronousprefetch requestcanbring the requireddatainto memory

beforeit is needed.Our predictionmechanismshouldattemptto bring pagesinto memory“just-in-time” to

minimizetheaddedmemorypressureasmuchaspossible.Figure2.1(c)illustratestheeffectonperformance

of anidealpredictorwhich bringspagesinto memorybeforethey areneeded,eliminatingpagefaultsin the

application.We will refer to thecombinationof predictingpagesthatshouldbebroughtinto memory, and

decidingwhento initiate theI/O requestsfor thesepagesasprefetching.

Prefetchingdoesnotreducethenumberof diskaccesses;it simplyattemptsto performthemoverashorter

periodof time by overlappingI/O with normalprogramexecution. Thus,it cannotsigni�cantly reducethe

executiontime of an applicationwhoseI/O bandwidthdemandsalreadyoutstrip the bandwidthprovided

by the hardware. Fortunately, we canconstructcost-effective, high-bandwidthI/O systemsby harnessing

theaggregatebandwidthof multiple disks[13,33,53]. Roughlyspeaking,onecanalwaysincreasethe I/O

bandwidthby purchasingadditionaldisks.It is important,therefore,thatour prefetchingmechanismbeable

to supportmultiple simultaneousrequeststo allow us to exploit the availablebandwidthin a multiple-disk

system. By overlappingI/O requestswith eachother, as well as with programexecution,we createthe

potentialfor speedupfactorsgreaterthantwo.

In additionto hidingreadlatency andleveragingtheavailableI/O bandwidth,a third challengein achiev-

ing highperformanceis effectively managingmainmemory, whichcanbeviewedasalarge,fully-associative
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cacheof datathatactuallyresidesondisk. Therearetwo issueshere.First,to minimizepagefaults,wewould

like to choosethe optimal pageto evict from memorywhenwe needto make room for a new pagethat is

beingfaultedin. Towardthis goal,mostcommercialoperatingsystemsuseanapproximationof LRU (least-

recently-used)replacementto selectvictim pages. While LRU replacementmay be a good choicefor a

default policy, therearecaseswhereit performsquite poorly, and in suchcaseswe would like to exploit

application-speci�cknowledgeto choosevictim pagesmoreeffectively. Thesecondissueis thatwe would

like to minimizememoryconsumption,particularlywhendoingsodoesnot degradeperformance.For ex-

ample,ratherthan�lling up all of main memorywith datathat we arestreamingthrough,we may be able

to achieve thesameperformanceby usingonly a smallamountof memoryasbuffer space.By minimizing

memoryconsumption,morephysicalmemorywill beavailableto therestof thesystem,whichis particularly

importantin a multiprogrammedenvironment.To accomplishbothof thesegoals,we needa mechanismto

predictwhich pagesarerelatively lessimportantto a particularapplication,andto causethesepagesto be

freed�rst. Conceptually, we would like thepredictorof Figure2.1(c)to beresponsiblefor replenishingthe

freepagepool,basedonits oracularknowledgeof programaccesses.In essence,wewouldlikethe�e xibility

to de�ne an application-speci�creplacementpolicy, ratherthanbeingforcedto choosefrom a �x ed setof

pre-de�nedpolicies.

In summary, thedesignof a systemto improve virtual memoryperformancemustprovide thefollowing

features:

� supportfor prefetching, thatis, asynchronouslyrequestingdatabeforeit is needed,thusallowing usto

toleratedisk readlatency

� supportfor multipleoutstandingrequeststo exploit thestrengthsof high-bandwidthmultiple-diskI/O

systems

� a meansto explicitly identify pagesthat can be replaced,allowing us to build application-speci�c

replacementpolicies.
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Entity Time Information Limitations

Programmer applicationdevelopment purposeof program notsystemexpert
Compiler compile-time datastructures,control �o w,

targetsystem
nodynamicinformation

Operating
System

run-time global resourceusage, dy-
namicbehavior

noknowledgeof program

Table 2.1. Availab le Information Sour ces

2.2 DesignAlter natives

Having identi�ed thefeaturesour systemneeds,we now discussvariousalternativesfor providing them.

Ourmostdif�cult challengeis topredictpagereferencesaccurately, allowingmissingpagestobebroughtinto

memorybeforethey areneeded,andnon-essentialpagesto bereplaced�rst. In Section2.2.1,we consider

threepossiblesourcesof informationto drive our predictions:theapplicationprogrammer, thecompilerand

theoperatingsystem.We alsoconsidertheopportunitiesfor makingprefetchingandreplacementdecisions

in eachof thesecomponents.To make the bestdecisions,we would like to combinethe informationthat

is readily available to eachcomponentin a singleplace;optionsfor sharinginformationarepresentedin

Section2.2.2.We next considerhow our predictormight communicateits decisionsto theoperatingsystem,

whichhasultimateresponsibilityfor managingphysicalmemorypages,in Section2.2.3.

2.2.1 Potential Sourcesof Inf ormation

Table 2.1 summarizesthe entitiesthat could be involved in collecting information abouta program's

memoryaccessesandimplementingprefetchingandreplacementdecisions.

The Programmer

Theapplicationprogrammerhassoleresponsibilityfor high-level decisionssuchasthechoiceof algo-

rithm to solve theproblem,thedatastructures,andtheoverallprogramstructure.Givensuitableinterfacesto

theoperatingsystem,theprogrammercouldmake memorymanagementdecisionsmanuallyastheprogram

is beingdesignedandwritten. Explicit I/O callsareatypicalexampleof thisapproach,whichhasthreemajor

drawbacks.First, theprogrammeris likely to beanexpertin theapplicationarea,not thedetailsof thetarget

systemwheretheprogramwill run. Second,thedecisionsof theprogrammerarebuilt into thesourcecode
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andmayseriouslyrestricttheportabilityof theprogram;operationsthatimproveperformanceononesystem

may be unsupportedor may degradeperformanceon another. Third, programsthat were initially written

withoutconcernfor I/O cannotbeimprovedwithoutsubstantialprogrammereffort.

We believe thatproducingcorrect,readable,andmaintainableprogramsis alreadydif�cult enough,and

thatlimited humanattentionis bestspenton thesehigh-level details,ratherthanoncontortingtheprogram's

sourcecodeto optimizeperformanceon a speci�c executionplatform. Our goal in this thesisis to allow the

programmerto usethe abstractionof virtual memory, without concernfor performance.Therefore,we do

notconsidertheprogrammerasaviablesourceof informationaboutmemoryaccesspatterns.

The Compiler

Thecompileris responsiblefor translatingtheapplicationfrom its high-level representationinto abinary

executablefor atargetsystem.It thushasnaturalaccessto informationaboutdatastructuresandcontrol�o w,

suchasthe arraysandloopsthat arecommonin scienti�c computingapplications.The compileralsohas

knowledgeof low-level detailsof the target architecture.Although thesearchitecturaldetailsaretypically

only usedby theback-endto selectmachineinstructionsandallocateregisters,it is reasonableto consider

augmentingthecompilerwith system-level informationsuchasthepagesize. Given this information,it is

straightforwardfor thecompilerto detectarrayaccessesin loops,to determinewhich of theseaccesseswill

fall on separatepages,andto detectwhenpagesarebeingreused.To predictwhetheror not theseaccesses

will causepagefaults,however, the compileralsoneedsto know how muchdatais beingaccessedin the

loop, andhow muchmemoryis availableon the targetsystem.Accuratelydeterminingtheseparametersat

compile-timeis not alwayspossible,even for numericalapplications,sinceloop boundsmay be symbolic

variablesat compile-timeandavailablememorydependson dynamicdemandfrom otherprogramsat run-

time. General-purposeapplicationsareeven harderto analyzestatically, andarebeyond the scopeof this

thesis.

Assumingpredictionsaboutpagefaults can be madeat compile-time,the compiler could insert new

instructionsto prefetchthesepages.To hide the latency of a disk accesson modernprocessors,however,
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theprefetchinstructionneedsto occurmillions of instructionsbeforetheactualdatareference.For general-

purposecodeswith arbitrarycontrol �o w, it is impossibleto �nd a single,staticpoint in thecodeto insert

theprefetchsofar aheadof theuseof thedata.Theloop structurecommonin numericalcodes,on theother

hand,givesus somechancefor success.Even for numericalapplications,however, decidingwherein the

programto placetheprefetchinstructionsrequiresthecompilerto know how longit will takefor theprefetch

to completeon thetargetsystem(andhow long it will take to executethecodebetweenthepoint wherethe

prefetchis insertedandthepoint wheretheaccessoccurs).While it is possibleto provide thecompilerwith

anestimateof thetimeto readapageof datafrom disk into memory, theactualtimewill dependondynamic

conditionssuchasotherrequestsat thedisk.

In spiteof being limited by a lack of dynamicinformation,the compilerhasconsiderableadvantages.

First, it doeshave accessto somehigh-level programinformation(lessthanthe programmer, but certainly

muchmorethantheoperatingsystem).Second,the time spentanalyzingtheprogramandcollectinginfor-

mationaboutaccessesonly occursonce,while thepayoffs in improvedprogramperformancewill berealized

eachtimetheprogramis run. Third, thetransformationsperformedby thecompilerarefully-automatic,mak-

ing it easierto port theapplicationto a differentsystem.We want to leveragethestrengthsof thecompiler

by makingdecisionsstatically whenever possible,but we needto retainthe ability to improve uponthese

decisionsdynamicallyasbetterinformationbecomesavailableduringexecution.

The Operating System

Theoperatingsystemis responsiblefor allocatingsystemresourcesto competingapplications,andis the

only entity with a global view of dynamicconditions. Thesecharacteristicsmake it the naturalchoicefor

decidingwhento allocatemorememoryto anapplicationfor prefetching,andwhento reclaimmemoryfrom

anapplication.Unfortunately, theoperatingsystemhasnohigher-level informationaboutthedatastructures

or control �o w of a program. It mustbaseits decisionson observationsof pastbehavior, with the typical

assumptionthattherecentpastis agoodpredictorof thenearfuture.

To make betterdecisions,we would like to combinethedynamicinformationavailableto theoperating
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systemwith theapplication-speci�cinformationavailableto thecompiler.

2.2.2 Options for Sharing Inf ormation

Ratherthantrying to make any memorymanagementdecisionswith incompleteinformation,we could

have the compiler insert codeto periodically notify the operatingsystemof future pageaccessesby the

application.For instance,acall couldbeaddedat thestartof asetof loopsto passdown alist of virtual pages

thatwould beaccessedin theloop. Theoperatingsystemwould thendecidewhich of thesepagesneededto

beprefetchedandschedulethedisk readsappropriately. Similarly, the list couldbeusedto selectpagesfor

replacement(eitherpagesthatarenot in the list, or pageswhoseaccessoccursfurthestin the future)1. The

problemis thattheoperatingsystemdoesnotknow how muchcomputationtimewill occurbetweenaccesses

to pagesin thelist, andthusit doesn't know whento schedulethedisk reads.Thecompilercould includea

timeestimatefor eachpage,but for complex accesspatterns,theamountof informationbeingcommunicated

and the work requiredby the operatingsystemto act on this information easily becomesexcessive. For

example,in thebucket sortapplication(BUK), many of the importantdataaccessesareindirect references

basedon thecontentsof a very largearray. Thevaluesin this arrayareunknown at compile-time,hencethe

list of pageaddresseswould needto begenerateddynamicallyandthe informationpassedto theoperating

systemwouldbeat leasttwice thesizeof thearrayitself.

An alternative is to have the compiler make the bestdecisionsit can basedon available information.

Thosedecisions(i.e.,requeststo prefetchor freepages)arere-examinedat run-timewhenbetterinformation

becomesavailable. For instance,a requestto prefetcha pagecan be discardedif the pageis alreadyin

memory, or if thereis notenoughmemoryavailablefor therequest.A requestto freeapagemaybedelayed

or discardedif memoryis amplewhentherequestoccurs.Althoughthis informationbelongsto theoperating

system,crossingtheuser-level/systemboundaryis anexpensive operation.Theoverheadof consultingthe

operatingsystemfor a decisionon eachrequestcouldbecomesigni�cant if thecompilerfrequentlyinserts

requestswhich arediscardedat run-time.We couldforcethecompilerto only insertrequeststhatarehighly
1This is essentiallythe approachtaken by the TIP [43] systemfor prefetchingexplicit read requests.The original read system

callsareusedto tracktheapplication's progressandscheduletheprefetches;with virtual memoryaccesseswe do not have anoriginal
systemcall to usefor thispurpose.
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Figure 2.2. Information �o w between components of our system.

likely to be needed,but given the limited informationavailableat compile-time,this approachwould lead

to many missedopportunitiesfor prefetching,limiting our ability to hideI/O latency. Instead,we introduce

a new player to our system: a user-level run-time library (we refer to this library as the run-time layer).

Figure2.2 illustratesthebasic�o w of informationbetweenthecomponentsin oursystem.

The Run­Time Layer

Thepurposeof therun-timelayeris to intercepttherequestsinsertedby thecompileranddecidewhether

or not they shouldbe passedto the operatingsystem.To make thesedecisions,it needssomeinformation

from the operatingsystemitself. Speci�cally, the run-timelayer needsto know which virtual pagesof the

application's addressspaceare in physical memoryandhow muchmemoryis currentlyavailable. Using

traditionalapproaches,therun-timelayercouldobtainthisinformationby makingasystemcall whenit needs

updateddata,or having theoperatingsystemmakeanupcallinto theapplicationwhenever theinformationof

interestchanges.Sincetheinformationon memoryusageis expectedto changefrequently, andtheprimary

purposeof the run-timelayer is to avoid frequentuser/systemboundarycrossings,neitherof theseoptions

aresuitable.Our solutionis to createa shareddatastructurethat is maintainedby theoperatingsystemand

readby the run-timelayer. This datastructureis similar in spirit to the /dev/kmem special�le, however

it is read-only, availableto any userandspecializedfor our purposes.The basicideais to createa mapof

the virtual addressspaceso that the run-time layer candeterminewhethera particularpageis presentin

physicalmemoryor not. This binarydecisionrequiresonly onebit of informationpervirtual page,thus,we

canlogically representthe sharedvirtual addressspacemapasa bitvector in which bits areturnedon (or

set to “1”) whenpagesare in memoryandturnedoff (or set to “0”) whenpagesarenot in memory. The
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shareddatastructureis alsousedto hold informationaboutthe numberof free pagesand the sizeof the

application's residentset.Wediscusstheimplementationof theshareddatastructure,includingdetailsof the

virtual addressspacemap,for bothof ourexperimentalsystemsin Sections3.2and3.3.

A secondarybene�t of the run-timelayer is that it providesuswith considerable�e xibility in choosing

andmodifying the interfaceusedby thecompiler-insertedrequests,while allowing us to keepthe interface

with theoperatingsystemascleanandsimpleaspossible.We now considerseveraloptionsfor therun-time

layerto communicatetheresultsof its decisionsto theoperatingsystem.

2.2.3 Options for Communicating Decisions

The run-time layer needsa way to ask the operatingsystemto initiate readsfor pagesthat shouldbe

prefetched,andto identify pagesthatcouldbereclaimed.We begin by studyingwhetherany of theexisting

interfacesto theoperatingsystemwould besuitablefor this purpose.If we cantargetanexisting interface,

wecanavoid bothbroadeningthesystemcall interfaceandaddingnew functionalityto theoperatingsystem.

AsynchronousI/O Interfaces

The asynchronousI/O model is attractive becauseit appearsto matchwhat we needfor a prefetch: a

mechanismfor requestingdatato bebroughtinto memoryandallowing theapplicationto proceedwithout

waiting for the readto complete.Unfortunately, it is not a goodmatchfor the virtual memorymodelthat

we want to provide to the applicationprogrammer. Asynchronousreadcalls requirea �le from which the

datais beingread,anda buffer into which to readthedata.Virtual memoryaccessesdo not generallyhave

a regular�le to which a readcall couldbedirected(memorymapped�les areanexception).We couldhave

the compiler insertcodeto createnew �les andmapthemto regionsof virtual memorywe are interested

in. Prefetchrequestscouldthenbetranslatedinto asynchronousreadsfrom the�le into theappropriateuser

virtual addressesandreleaserequestswouldbecomeawrite backto the�le. This ideacreatesmoreproblems

thanit solves,however.

Thereareat leastthreereasonswhy existing read/writeI/O interfacesareunacceptablefor our purposes.

First,weneedto dealwith issuesof aliasingandprogramcorrectnesswheninsertingtherequestsatcompile-
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(a)OriginalCode

foo(double *a, double *b) f
/* Assume that a & b reside */
/* on disk at this point. */
...
for (i = 0; i < 100; i++) f

a[i+1] = a[i] + b[i];
g

g

(b) Read/WriteInterface (c) Prefetch/ReleaseInterface

foo(double *a, double *b) f
double a buf[101], b buf[100];
/* Read a & b from disk into buffers.*/
read (a,&a buf[0],101*sizeof(double));
read (b,&b buf[0],100*sizeof(double));
...
for (i = 0; i < 100; i++) f

a buf[i+1] = a buf[i] + b buf[i];
g
/* Write a buf back out to disk. */
write (a,&a buf[0],101*sizeof(double));

g

foo(double *a, double *b) f
/* Prefetch a & b into memory.*/
prefetch (a,101*sizeof(double));
prefetch (b,100*sizeof(double));
...
for (i = 0; i < 100; i++) f

a[i+1] = a[i] + b[i];
g
/* Finished with a & b. */
release (a,101*sizeof(double));
release (b,100*sizeof(double));

g

Figure 2.3. Example illustrating the impor tance of non­binding pref etches .

time. For the compilerto successfullyinsertprefetchesearly enoughto hide the large latency of I/O, it is

essentialthatprefetchesbenon-binding[39]. Thenon-bindingpropertymeansthatwhena givenreference

is prefetched,the datavalueseenby that referenceis boundat referencetime; in contrast,with a binding

prefetch,thevalueis boundat prefetch time. Theproblemwith a bindingprefetchis that if anotherstoreto

thesamelocationoccursduringtheinterval betweenaprefetchandthecorrespondingload,thevalueseenby

theloadwill bestale.Hencewecannotinsertabindingprefetchbeforeastoreunlesswearecertainthatthey

areto differentaddresses.Unfortunately, this is oneof themostdif�cult problemsfor thecompilerto resolve

in practice(i.e. the problemof “alias analysis”,alsoknown as“memory disambiguation”or “dependence

analysis”[2]). Sincean asynchronousreadcall implicitly renamesdataby copying it into a buffer, it is a

bindingprefetch.ExistingasynchronousI/O systemsdo not supportotheraccessesto thebuffer being�lled

until the I/O hascompleted(both SUN and SGI's implementationssay the behavior is unde�ned in this

event[46,52]). To illustratethisproblem,considerthecodein Figure2.3(a).If weusetheasynchronousI/O

interface,we might generatecodesimilar to Figure2.3(b). Unfortunately, this codeproducesanunde�ned
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result if the parametersa and b are aliased(e.g., foo(&X[0],&X[0]) ) or even partially overlap (e.g,

foo(&X[10],&X[0]) ).

A secondproblemis that thereis no real integration betweenthe operatingsystem's virtual memory

pagingandtherequestsinsertedby thecompiler. For instance,thesystemcoulddecideto reclaimaparticular

page(writing it out to the mapped�le) beforethe explicit releaserequest.The releaserequestwould then

causethedatato bepagedbackinto memorysothatit couldbewrittenoutagain! Evenif thereleaserequest

cansuccessfullywrite out thepagewithoutcausingextra I/O, wehavenowayof telling theoperatingsystem

thatthepageis no longerneeded.This problemhintsat thethird major limitation of usinganasynchronous

I/O interface: it compelstheoperatingsystemto performthe I/O request.Instead,we would preferto give

theoperatingsystemthe�e xibility to droprequestsif doingsomight achieve betterperformance,giventhe

dynamicdemandsfor, andavailability of, physicalresources.

Weneedanon-bindingprefetchmechanismthatis moretightly-coupledwith thevirtual memoryabstrac-

tion usedby theapplicationprogrammer.

Slave Thr eads

If the operatingsystemallows multi-threadedapplicationsto usemultiple kernel threadcontexts, we

could achieve a prefetchby simply passingthe pageaddressto a slave threadin the sameaddressspace

andhaving it attemptto readfrom thataddress.If thepageis not in memory, theslave threadwill suffer a

pagefault, effectively causingthedatato beprefetched.This solutionis simple,non-binding,andperfectly

integratedwith thevirtual memoryabstraction.Problemsremain,however. As with asynchronousreadcalls,

theoperatingsystemhasno controlover whetherto serviceprefetchrequestsor ignorethem—itcannottell

the differencebetweena pagefault causedby a slave threadto force a prefetchand a pagefault caused

becausetheapplicationneedsthedata.We couldusea specialinstructionin theslave thread(suchasa load

to registerR0 on MIPS processors)andhave the pagefault handlingcodecheckfor this caseto detecta

prefetch.Unfortunately, this ideawould requireeverypagefault to paythepriceof checkingfor a prefetch.

A secondproblemis thattheprefetchedpagetranslationswould consumescarceTLB resourceswell before
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they areneeded.Finally, wewouldstill have nowayof specifyingpagesto bereleased.

SharedData Structur e

Having introducedashareddatastructureto solvetheproblemof ef�ciently passinginformationfrom the

operatingsystemto therun-timelayer, we couldconsiderusingthesamedatastructurefor communicating

prefetchandreleaserequeststo theoperatingsystem.Thissavesusfrom addingany new systemcalls,but we

still have to augmenttheoperatingsystemto readfrom thedatastructureandprocesstherequests.We also

needto give the user-level write permissionon the structure,which opensa new setof safetyandsecurity

issues,aswell ascoordinatingupdatesby theoperatingsystemandtherun-timelayer.

UNIX madvise SystemCall

Many UNIX systemsprovide a madvise systemcall, �rst introducedby 4.4BSDUNIX. This system

call provideshintssuchas“MADVWILLNEED” and“MADVDONTNEED” to tell theoperatingsystemabout

rangesof the virtual addressspacethat the applicationwill or won't needin the future. Conceptually, this

systemcall providesthe interfacewe want: it is advisory, non-binding,integratedwith thevirtual memory

abstraction,and can specify both prefetchand releaseactions. The only problemis that different UNIX

variantstreatthis advisorycall very differently(rangingfrom treatingtheadviceasa command,to ignoring

it entirely). To avoid confusionwith existing programs,andto experimentwith how the operatingsystem

shouldhandlethesecalls,wepreferto introduceanew pairof systemcalls: prefetch andrelease .

2.3 Actual SystemDesign

Having the discussedthe variousoptionsavailable,we now presentthe actualsystemdesignevaluated

in this thesisanddiscusstherolesof thethreemajorcomponents—thecompiler, therun-timelayerandthe

operatingsystem—inmoredetail. Theconnectionsbetweenthesecomponentsareillustratedin Figure2.4,

whichshows how anordinaryapplicationis automaticallytransformedandmanagedin oursystem.
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Original Source Code

- page fault latency
- page size
- memory size

(FORTRAN or C)

System Parameters

Prefetching Transformed

Application code

Run-time layer

Compiler Source Code

Run-time library

Target System
Compiler

Static Dynamic

Specialized Executable

Modified
Operating System

Figure 2.4. Steps in the automatic transf ormation of original application into pref etching/releasing
executab le.

2.3.1 The Compiler

The bulk of our compiler algorithm is a straightforward extensionof one that was developedearlier

for prefetchingcache-to-memorymissesin dense-matrixandsparse-matrixcodes[39,41]. Conceptually,

prefetchingfrom disksinto main memoryentailsmoving down onelevel in the memoryhierarchy. To ac-

commodatethis transition,we changedtheinput parametersthatdescribethecachesize,line size,andmiss

latency to correspondto mainmemorysize,thepagesize,andthepagefault latency, respectively. Basedon

this memorymodel,the compileruseslocality analysisto predictwhenmisses(i.e. pagefaults)arelikely

to occur, it isolatesthesefaultinginstancesthroughloop splitting techniques,andschedulesprefetchesearly

enoughusingsoftware pipelining. More detailson our implementationof eachof thesestepsin the SUIF

compiler, andthechangesneededto properlysupportI/O prefetchingaredescribedin Section3.1.

The staticprefetchingdecisionsmadeby the compilermay be inappropriateif the amountof available

memoryor thetimeto serviceapagefaultarevastlydifferentfrom theparametersusedatcompile-time(i.e.,

prefetchesmaynotoccuroftenenoughif thereis lessavailablememory, or they maynotoccurearlyenough

if the I/O latency is greaterthanexpected).Due to the high costof a non-prefetchedpagefault, we try to

err on thesideof insertingtoo many prefetchesratherthantoo few. We cannotafford to ignorethecostof

unnecessaryprefetches,however.
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Earlierstudiesoncompiler-basedprefetchingto hidecache-to-memorylatency havedemonstratedtheim-

portanceof avoidingtheoverheadof unnecessarilyprefetchingdatathatalreadyresidesin thecache[39,41].

To addressthis problem,compileralgorithmshave beendevelopedfor insertingprefetchesonly for those

referencesthat arelikely to suffer misses.An analogoussituationexists with I/O prefetching,sincewe do

not want to prefetchdatathat alreadyresidesin main memory—hence,we performsimilar analysisin our

compiler(aswe discusslaterin Section3.1). Unfortunately, it is considerablymoredif�cult to avoid unnec-

essaryprefetcheswith I/O prefetchingfor two reasons.First,wedeliberatelymakeconservativeassumptions

abouttheamountof memorythatwill beavailableat run-time.This decisionleadsto fewer non-prefetched

pages,but hasthepotentialto alsoincreasethenumberof pagesthatareprefetchedunnecessarily. Second,

our compileranalysisconsiderseachsetof nestedloopsindependently. This strategy is usuallysuf�cient to

capturethelocality in caches.Main memoryis muchlargerthanacache,however, andcanretaindataacross

multiple setsof loops.As a resultof thesefactors,unnecessaryprefetchesdo occur, andwe mustbecareful

to minimizetheiroverhead.

Comparedwith cache-to-memoryprefetching,wheretheoverheadof anunnecessaryprefetchis simplya

wastedinstructionor two (sinceunnecessaryprefetchesaredroppedassoonasthecachetagcheckindicates

that the datais alreadyin the cache),the overheadof an unnecessaryI/O prefetchis considerablylarger.

Without any additionalsupport,our prefetchrequestsmustmake a systemcall andcheckthe statusof the

pagetablebeforediscovering that the prefetchcanbe dropped. The introductionof the run-time layer in

our systemallows usto greatlyreducethis overheadby keepingtrackat theuserlevel of whetherpagesare

believedto bein memoryor not. Thereforewecantypically dropunnecessaryprefetcheswithoutperforming

a systemcall, and we have found this to be essentialin achieving high performanceas we will show in

Section3.2.2.

Generatingcodethat is fully adaptableto the rangeof conditionsthat could occurduring executionis

beyond the scopeof this thesis,however Chapter5 discussestechniquesto increasethe adaptabilityof the

compilersupport.



CHAPTER2. SYSTEMDESIGNALTERNATIVES AND EVALUATION FRAMEWORK 33

2.3.2 The Run­Time Layer

Therun-timelayer interceptsthe requestsinsertedby thecompileranddecideswhetherthey shouldbe

passedonto theoperatingsystem.Therun-timelayertrackspagesthatareexpectedto bein memoryby using

a bit vectorto constructa mapof the application's virtual memoryspace.Logically, eachbit in the vector

representsonevirtual memorypage.Bits areturnedon (i.e., setto “1”) by theoperatingsystemto indicate

thatthecorrespondingpageis in physicalmemory;bitsareturnedoff (i.e.,setto “0”) by theoperatingsystem

to indicatethat the pagehasbeenreclaimed.The run-timelayer usesthe bit vectorto �lter the prefetches

insertedby thecompilerby checkingto seeif therequestedpageis alreadyin memory. Essentially, therun-

time layerusesthestateof memoryat the time of theprefetchrequest(asrepresentedby thebit vector)as

a simplepredictorof thefuturestateof memorywhenthedatareferencewill occur. That is, we predictthat

pagesalreadyin memoryat thetimeof theprefetchwill remainin memoryuntil thedatareference.In many

casesthissimpletestcaneliminatethecostof asystemcall, thussubstantiallyreducingoverhead.

The run-time layer also usesthe bit vector to �lter releaserequestsfor pagesthat are not presentin

memory. In Chapter4 we examinehow therun-timelayercanalsouseinformationaboutavailablememory

to delayandprioritize releaserequestsinsertedby thecompiler.

Although it would bepossiblefor the run-timelayer to approximatethestateof main memoryentirely

at theuserlevel by turningbits on for prefetchedpagesandturningbits off for releasedpages,therun-time

layer would be unawareof pagesbroughtinto memoryby non-prefetchedpagefaults,or reclaimedby the

operatingsystem.To give therun-timelayera moreaccurateview, we insteadsharethebit vectorwith the

operatingsystemwhich is responsiblefor turningbitsonor off aspagesaretransferredin or outof memory.

Our actualimplementationof the run-timelayerandtheshareddatastructurevariesslightly in eachof our

experimentalsystems;wediscusstheseimplementationdetailsin Chapter3.

2.3.3 The Operating System

To supportcompilerdirectedprefetching,theoperatingsystemneedsto beableto respondto theprefetch

andreleaserequestsissuedby theapplication.We aim to make this supportassimpleaspossibleto avoid
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addingunnecessarycomplexity to theoperatingsystem.

For a prefetchrequest,the operatingsystemmustperformactionssimilar to thoserequiredto handle

a pagefault. It allocatesa free memorypageto hold the requesteddataandissuesan asynchronousread

requestto the �le systembeforereturningcontrol to theapplication.Whenthedatabecomesavailablethe

pageis mappedinto the application's pagetable. In the event that thereis no free memoryavailable, the

operatingsystemis permittedto drop the prefetchrequest,ratherthanforcing pagesto be evicted to make

roomfor theprefetcheddata. This choiceis reasonablebecausewe have alsoaddeda mechanismto allow

applicationsto limit their memoryconsumptionby explicitly releasingpagesthat arenot currentlyneeded

(althoughwe do not dependon the useof this mechanismfor correctness).If all pagesarein useat some

time,choosingto evict oneto satisfya prefetchrequestcouldhurt performance.Theothermajordifference

betweenhandlinga prefetchrequestanda normalpagefault is thatprefetchesshouldnot causeany memory

accessexceptions. If a prefetchattemptsto readan addressthat the applicationis not permittedto access

it shouldsimply be discarded.This differenceguaranteesthat the programwill not terminateabnormally

earlier than it would have without prefetching,andallows the compiler to occasionallygenerateincorrect

prefetchaddresseswithout causingany harm. This �e xibility is extremelyusefulfor the implementationof

thecompileralgorithm,sincewedonotneedto beascarefulwhengeneratingcodeat thelimits of thearrays.

For a releaserequest,the operatingsystemperformsactionssimilar to thoseof the pagingdaemon.It

unmapsthespeci�edpageandplacesit on thefree list, schedulinga write if necessary. Implementingboth

prefetch andreleasecallsis relatively easysincethey aresimilar to functionsthattheoperatingsystemmust

alreadyprovide for virtual memorymanagement.

A moreinterestingissueis having theoperatingsystemactively sharea datastructure(i.e. thebit vector

andmemoryusagesummaries)with theuserlevel. Theoperatingsystemagreesto provide a user-level pro-

cesswith a rangeof memorythatcanbeusedasamapof theprocess'svirtual memoryusage.Theoperating

systemis responsiblefor allocatingmemoryfor theshareddata,makingit readableby theapplication,and

mappingit into a speci�ed location in the application's virtual addressspace. A new systemcall is thus

neededto allow theapplicationto requesttheshareddatastructureandprovide theaddressthattheapplica-
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tion will useto accessit. Theoperatingsystemmust,of course,recordtheaddressof this structurefor each

prefetchingapplication.Addinga �eld to theprocessstructurewouldbea reasonableoption.

As with the run-time layer, the actualimplementationof the operatingsystemsupportdescribedhere

variesin eachof ourexperimentalsystems,andthedetailsarediscussedin Chapter3.

2.4 Evaluation Framework

Theremainingchaptersof this thesispresentanevaluationof thebasicdesigndescribedin this chapter

by examiningtheperformanceof a setof benchmarkapplicationson two distinctimplementations.Through

this examination,limitationsareidenti�ed andre�nementsto thebasicdesignareintroducedandevaluated.

Wethereforeconcludethischapterwith apresentationof thehardwareplatformsandtheirexistingoperating

systems,andthebenchmarksthatwill beused.

2.4.1 HardwarePlatforms

Both of our hardwareplatformsareNUMA (non-uniformmemoryaccess)shared-memorymultiproces-

sors;however, thespeci�c memorymodelis unimportantto theseexperiments(all we requireis supportfor

virtual memory). Our choiceof systemswasmotivatedby supportfor high-bandwidthI/O subsystemsand

theavailability of operatingsystemsourcecodeandsupportfrom theauthorsof theoperatingsystems.De-

spitetheavailability of sourcecode,x86-basedLinux systemswereeliminateddueto thelackof suitableI/O

systemsupportat thetime thesystemswerechosen.

2.4.2 Research SystemInfrastructur e

The�rst experimentalplatformusedto evaluateourschemeis theHurricaneFile System(HFS)[33] and

HURRICANE operatingsystem[56] runningon the HECTOR NUMA shared-memorymultiprocessor[60].

HURRICANE is a hierarchicallyclustered,micro-kernelbasedoperatingsystemthat is mostlyPOSIXcom-

pliant. TheHURRICANE micro-kernelprovidesbasicinterprocesscommunicationandmemorymanagement

facilities,includingsupportfor mapped�le I/O. Most of HFSis implementedoutsideof themicro-kernelas

auser-level server. HFSimplements�les usingbuilding blocksto specifythestructureof the�le andthe�le
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Hardware Characteristics

Processor
Processortype: Motorola88100
Clock rate: 16.67MHz
Datacachesize: 16KBytes
Instructioncachesize: 16KBytes

PhysicalMemory
Total size: 64MBytes
Availableto application: 48MBytes
Pagesize: 4 KBytes

Disks
Numberof disks: 7
Maximumtransferrate: 640KB/sec
Averagerotationallatency: 8.61msec
Track-to-trackseektime: 5 msec

SoftwareCharacteristics

Kernel Operation Overhead
IPCrequest: 70 � sec
In-corefault: 200� sec
Out-of-corefault: 800� sec
Baseprefetch: 60 � sec
+ perout-of-corepage: 200� sec
+ perin-corepage: 30 � sec
+ perin-pagetablepage: 10 � sec
File SystemOperation Overhead

Prefetch(per-page): 70 � sec
Read/Write(per-page): 70 � sec

Table 2.2. HECTOR/HURRICANE characteristics

systempoliciesappliedto a�le [33]. Applicationsareallowedto specifythestructureof the�le (for instance,

thelayoutof dataacrossthedisks)atcreationtime,andto dynamicallychangethepoliciesappliedwhenus-

ing a �le (for example,for replicated�les, the applicationcanspecifywhich replicashouldbe used).The

basiccharacteristicsof ourexperimentalplatform(with theinstrumentationdisabled)areshown in Table2.2,

andmoredetaileddescriptionsof theplatformcanbefoundin earlierpublications[33,56,60]

Our experimentsareperformedon a 16-processorHECTOR prototypewith sevenConnerCP3200disks

attachedto it. Eachdisk is directly attachedto a differentprocessorandthe local processoris responsible

for initiating all requeststo its disk andservicingall interruptsfrom its disk. For all experimentsshown in

subsequentchapters,thepagesof theapplications'dataarestripedby the�le systemround-robinacrossall

seven disks. An extent-basedpolicy is usedto storethe �les on eachof the disks,wherecontiguous�le

blocksarestoredto contiguousblockson thedisk to avoid seekoperationsfor sequential�le accesses.

The fact that the hardwareplatform is a multiprocessoris largely irrelevant, the key featureis the disk

arraythatprovidesourapplicationswith thebandwidththatthey require.

2.4.3 Commercial SystemInfrastructur e

To furthervalidateour schemefor toleratingpagefault latency in out-of-coreapplications,we alsoim-

plementedour operatingsystemsupportand run-time layer on a currentcommercialsystem. We useda
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Processor
Processortype: MIPSR10000
Numberof Processors: 4
Clock rate: 180MHz

PhysicalMemory
Total size: 128MBytes
Availableto application: 75MBytes
Pagesize: 16KBytes

Disks
Manufacturer: Seagate
Model: Cheetah4LP
Numberof disksusedfor swap: 10
Maximumexternal(I/O) transferrate: 40Mbytes/sec/disk
Averagerotationallatency: 2.99msec
Seek,read(min/max/avg): 0.98/ 18.2/ 7.7msec(typical)
Seek,write (min/max/avg): 1.24/ 19.2/ 8.7msec(typical)
Numberof SCSIcontrollers: 5
Diskspercontroller: 2

Table 2.3. SGI Origin 200 characteristics.

Name Description

BUK integerbucket sortalgorithm
CGM solvesanunstructuredsparselinearsystemusingtheconjugategradientmethod

EMBAR monte-carlosimulation
FFT 3-D FFTPDE,performsforwardandinverseFFT's

MGRID computes3-D scalarpotential�eld onauniformcubicalgrid usingamultigrid solver
APPLU solvesfour coupledparabolicelliptic PDE's usingSSORmethodto invert

jacobianmatrix
APPSP solves� ve coupledparabolicelliptic PDE's usingdiagonalizedapproximate

factorizationmethod
APPBT solvesthreecoupledparabolicelliptic PDE's usingb lock approximate

factorizationmethod

Table 2.4. Description of applications.

4-processorSGI Origin 200 [36], runningour modi�ed versionof the IRIX 6.5 operatingsystemto obtain

our commercialsystemresults.Thesystemwascon�gured so thatapproximately75MB of physicalmem-

ory wasavailableto userprograms,andthesystemswapspacewasstripedacrosstenSeagateCheetah4LP

disksusingraw swappartitions.Five SCSIadapterseachcontrol two of thesetendisks;theSCSIadapters

arein turn connectedto thePCI busseson theOrigin. Thebasichardwarecharacteristicsof our systemare

summarizedin Table2.3.
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2.4.4 Benchmarks

To evaluatetheeffectivenessof our approach,we measuredits impacton theperformanceof theentire

NAS Parallelbenchmarksuite[6]. We chosetheseapplicationsbecausethey representa varietyof different

scienti�c workloads,theirdatasetscaneasilybescaledupto out-of-coresizes,andthey havenotbeenwritten

to manageI/O explicitly. Our goalis to show thatthesescienti�c benchmarkscanachieve high performance

with out-of-coredatasetswithout requiringany extraeffort to rewrite theprogram.

A brief descriptionof eachof thebenchmarksis given in Table2.4. BUK sortsa largearrayof integers

usingthebucket sort algorithmandcontainsbothdirectandindirect references.This programillustratesa

numberof featuresof I/O prefetching,yet is easyto understand,andis thusthesubjectof thecasestudyin

Section3.2.2. CGM is anexampleof a sparse-matrixcomputation;it alsocontainsbothdirectandindirect

references.EMBAR hasanextremelysimpledataaccesspattern—itrepeatedlyreferencesasinglelargearray

to performa monte-carlosimulation. MGRID, in contrast,hasa very interestingaccesspattern,despiteall

thereferencesbeingdirect. In this application,a wavefrontmovesthrougha uniform three-dimensionalgrid

representinga potential�eld. At eachpoint, a computationis performedusingthe centerof the wavefront

andthe27 nearestneighboringpoints(i.e. 6 pointsthatdiffer by onein only oneindex, 12 pointsthatdiffer

by onein exactly two of the indices,and8 pointsthat differ by onein all threeindices)[6]. Although the

referencesareall regular, and the patternis detectableby the compiler, it would be extremelydif�cult to

identify the patterndynamicallyin the operatingsystem. FFT solvesthree-dimensionalpartial differential

equationsusing both forward and inversefast-Fourier transforms. The dataset is accessedin a different

orderas this applicationswitchesbetweenforward and inverseFFT phases.Finally, APPLU, APPSP and

APPBT all solve systemsof coupledpartial differentialequations,usingdifferentmethods. The structure

of thesethreeapplicationsis similar, althoughthey managetheir datain different fashions.The common

characteristicthat is importantin our experimentsis that they all usemulti-dimensionalloopsin which the

innermostdimensionsareverysmall.



Chapter 3

Impact on Out-of-coreApplications
Howeverbeautifulthestrategy, youshouldoccasionallylookat theresults.— WinstonChurchill

In this chapterwe presentandevaluateour implementationof thedesignoutlinedin Chapter2. Our focusis

on how effectively we areableto hide the latency of pagefaultsto improve theperformanceof out-of-core

applications.We thereforeconcentrateon theprefetch operation,andrun all experimentswith themachine

dedicatedto asinglebenchmark.Chapter4 examinestheeffectivenessof thereleaseoperationfor improving

performancein multiprogrammedworkloads.

We begin by describingour compileralgorithmin detail in Section3.1, highlighting its evolution from

a techniquefor prefetchingdata cachemisses. This algorithm has beenimplementedas a passin the

SUIF (StanfordUniversity IntermediateFormat)compiler[26,61]. The remainingtwo componentsof our

system—theoperatingsystemsupportandtherun-timelayer—aretailoredto matchtheexisting infrastruc-

tureprovidedby thetwo systemsdescribedin Sections2.4.2and2.4.3.We evaluatethebasicsystemdesign

in depthusingtheHURRICANE researchplatform in Section3.2, thenvalidatetheseresultsusingthe IRIX

platformin Section3.3.Weconcludethechapterby discussingthelimitationsof our implementationandthe

lessonslearnedfrom ourexperimentalevaluation.

39
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CachePrefetching I/O Prefetching
“Cache”Size 32kB > 100MB
“Line” Size 32bytes 4 kB - 16kB
“Miss” Latency 100cycles > 100,000cycles

Table 3.1. Comparing compiler input parameter s for cache pref etching vs. I/O pref etching.

3.1 Compiler Algorithm

In this sectionwe provide a moredetaileddescriptionof our compileralgorithmfor generatingprefetch

andreleaserequests.The bulk of this algorithmis a straightforward extensionof onethat wasdeveloped

earlierfor prefetchingcache-to-memorymissesin dense-matrixandsparse-matrixcodes[39,41]. Essentially,

wesimplymovedownonelevel in thememoryhierarchy toprefetchdatafromdisksintomainmemory. Thus,

thebasicinput parametersthatdescribethecachesize,line size,andmisslatency in theoriginal algorithm

arechangedto re�ect memorycapacity, pagesize,andpagefault latency, respectively, asshown in Table3.1.

Additionalmodi�cationsto theoriginalalgorithmareneededfor thefollowing reasons:

1. Thecostof issuingaprefetchrequestis muchgreaterfor I/O prefetchingsinceoperatingsysteminter-

actionis required.We seekto amortizethesystemcall overheadby requestingmultiple pageswith a

singleblock prefetch requestwhenever possible.

2. A memorypagecontainsmany moredataitemsthana cacheline. While this mayseemobvious,the

implicationsfor how thecompilerschedulesprefetchesneedto becarefullyconsidered.In particular,

differenttechniquesfor splitting loopsandpipeliningprefetchesmustbeapplied.

3. Weneedto generatereleaserequeststo identify pagesthatareno longerneededby theapplication.

We considera referenceto bean instructionthat readsor writesa memorylocation. Speci�cally, since

thecompileranalysisis only appliedto arrayaccesses(i.e. A[i] ), we will usethe termreferenceto mean

memoryaccessesthrougharrays.

Mostof therequiredchangesto thealgorithmrelatetohow prefetchesarescheduled,howeverit isdif�cult

to understandwhy certainreferencesneedto behandledin a particularmannerwithout �rst seeinghow the

compilerdetermineswhat needsto be prefetched.Hence,we begin in Section3.1.1with a descriptionof
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how the compileruseslocality analysisto predictwhenmisses(i.e. pagefaults)arelikely to occur. Most

of thework in this sectionhasbeenpresentedpreviously in Mowry's thesison cacheprefetching[39] andis

only reproducedherefor completenessandeaseof reference.Next, Section3.1.2discusseshow thecompiler

�rst isolatesthesefaulting instancesthroughloop splitting techniques,andthenschedulesprefetchesearly

enoughusingsoftwarepipelining.

3.1.1 Locality Analysis

The goal of the locality analysisstepof the prefetchingalgorithm is to identify which referencesare

likely to incur pagefaults. To accomplishthis, it is necessaryto determineboth whendatais reused,and

whetherthatdatais expectedto remainin memorybetweenuses.Thelocality analysisstepis fundamentally

unchangedfrom thatdevelopedfor cacheprefetching,howeverit is importantto understandhow thecompiler

decideswhatto prefetchto understandwhy somereferencesare“missed”.

It shouldbenotedthat locality analysisis only appliedto “direct” arrayreferences(i.e. A[i] ) andnot

to “indirect” references(i.e. A[B[i]] ), becauseit is impossibleto determinethe index values,B[i] , at

compile-time.In thebestcase,all of thevaluesmaybe thesame,andthereferencewould only needto be

prefetchedon the �rst access.At the otherendof the spectrum,eachindex may point to a differentpage

andthereferencewouldneedto beprefetchedall thetime. In general,wechooseto alwaysprefetchindirect

references(sincethebene�t of potentiallyeliminatingI/O stallsis sogreat)andrely on run-timetechniques

to reducetheoverheadwhenthey areunnecessary.

Thekey ideasneededfor locality analysisareintroduced�rst, followedby anillustrativeexampleto show

how theseideascanbe expressedin termsof loop iterations. With this framework, we thendescribeeach

stepof thelocality analysisalgorithmin detail.

FundamentalConcepts

A dataitemhasreuseif it is referencedmultiple times.Reuseis thusanintrinsicpropertyof agivendata

accesspattern.In contrast,locality only resultswhensubsequentreferences�nd thedataitemstill in memory.

Hence,it is a function of the sizeof memory, the volumeof dataaccessedbetweenreuses,and the page



CHAPTER3. IMPACT ON OUT-OF-COREAPPLICATIONS 42

replacementpolicy usedby theoperatingsystem.AlthoughmostUnix-basedoperatingsystemsemploy some

variantof a global least-recently-used(LRU) approximationfor pagereplacement,many dynamicfactors

affect the choiceof which pageswill actually be evicted for a particularapplication. Thesefactorsmay

includetheinteractionwith otherapplications,therelative sizeof eachapplication's residentset,thesizeof

thefreepagepool thatthesystemtriesto maintain,andthefrequency with whichpagesarereclaimed.Since

the actualreplacementof pagesat run-timeis well beyond the compiler's ability to analyzestatically, we

simply assumethata pageis likely to be replacedif theamountof dataaccessedbetweenreusesis greater

thanthesizeof physicalmemory. This assumptionwould be true for a strict LRU replacementpolicy, and

providesthemostreasonablestaticapproximation.If memorywereunlimited,thenreuseandlocality would

beidentical;in reality, thereferenceswith datalocality areasubsetof thosewith datareuse.

To properlyidentify whatneedsto beprefetched,wemustdistinguishthreetypesof datareuse(andthree

correspondingtypesof locality), eachof which needsto behandledin a differentmanner. Temporal reuse

occurswhena particularreferenceaccessesexactly the samedatalocation in different iterations. Spatial

reuseoccurswhena particularreferenceaccessesdifferentdatalocationsfound on the samepage. Group

reuseoccurswhendifferentreferencesaccessdatalocationsfoundon thesamepage.

Given the relationshipbetweenreuseandlocality, the locality analysisalgorithmis comprisedof three

steps:

1. Discover theintrinsic datareuseswithin a loop nestthroughreuseanalysis. This would beequivalent

to solvingthelocality analysisproblemif memorywereunlimited.

2. Giventhatwe have a �nite memory, determinethesetof reusesthatactuallyresultin locality. This is

accomplishedby computingthe localizediteration space, which is thesetof nestedloopsthataccess

lessdatathanthespeci�edmemorycapacity. Datalocality is thencomputedby intersectingtheintrinsic

datareuseswith thelocalizediterationspace.i.e.

DataReuse\ LocalizedIterationSpace) DataLocality
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(a) ExampleCode

for (i = 0; i < 3; i++)
for (j = 0; j < 8; j++)

A[i][j] = B[j][0] + B[j+1][0];

(b) Data Reuse

i

j

B[j+1][0]

i

j

i

j

A[i][j]

B[j][0]

Data Reuse

First Access

Figure 3.1. Data reuse example .

3. Expressthedatalocality for eachreferencein termsof aprefetch predicate, whichis alogicalpredicate

that is trueduringeachdynamiciterationwhenthereferenceis expectedto incur a pagefault. These

predicatesareusedduringschedulingto split loops,staticallyisolatingthefaultingreferences.

The �rst two stepsproducea mathematicaldescriptionof locality in a vectorspacerepresentation.The

third steptranslatesthis descriptioninto a representationwhich is moredirectlyapplicableto theproblemof

schedulingtherequiredprefetches.To gainanintuition for theconceptscapturedby thevectorspacenotation

andthereuseanalysisstep,wenow presentasimpleexample.

An Exampleof the ReuseVector Space

Thetypesof reusethatcanbeidenti�ed usingreuseanalysisareshown in Figure3.1(a).For thisexample,

assumethedataarestoredin row-majororderandthateachmemorypageholdstwo arrayelements.These

parametersarechosenfor illustrative purposesonly, andareunrealisticallysmall. The iterationsthat �rst
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toucha new page,andthosethatreusethesamepageareshown graphicallyin Figure3.1(b)usingiteration

spaceplots. In theseplots,thehorizontalaxisrepresentsthej loop, while theverticalaxisrepresentsthei

loop. In otherwords,eachrow of theplotscorrespondsto a singleiterationof the i loop, while eachnode

within a row correspondsto a singleiterationof the j loop. Hence,eachnoderepresentsthe resultof the

dataaccessin a particulariteration.During theexecutionof thecorrespondingcode,thenodeswithin a row

wouldbevisitedfrom left to right, andtherowswouldbevisitedfrom bottomto top.

The A[i][j] referencein Figure3.1 accesseseachdataelementexactly once,traversingthe rows of

thematrixalongtheinnerloop. Sinceeachpagecontainstwo arrayelements,anew pageis touchedonevery

otheriterationof theinnerloop aspageboundariesarecrossed.Theiterationsthat�rst touchnew pagesare

illustratedin the�rst plot of Figure3.1(b).This referenceexhibits spatialreuse.

TheB[j+1][0] referencetraversesthecolumnsof thematrixalongtheinnerloop,causingeachrefer-

enceto touchadifferentpageduringthe�rst iterationof thej loop. However, exactly thesamelocationsare

usedagain on subsequentiterationsof the i loop, resultingin temporal reusefor this reference.This effect

is illustratedin thesecondplot of Figure3.1(b).

TheB[j][0] andB[j+1][0] referencesprovideanexampleof groupreuse. In thiscase,theB[j][0]

referenceusesthesamedatalocations�rst accessedby theB[j+1][0] referenceduringthepreviousiter-

ationof thej loop. Thus,theB[j][0] referenceonly touchesa new pageduringthe�rst j loop iteration.

The third plot of Figure3.1 shows this effect. For referenceswith grouplocality, we needto identify the

leadingreference, which is the referencethat accessesnew data�rst andthuswill incur mostof the page

faults.We alsoneedto identify thetrailing reference, which is thelastreferenceto touchthedata.Only the

leadingreferenceis consideredwhenschedulingprefetches,while thetrailing referenceis usedfor releases.

In thisexample,B[j+1][0] is theleadingreferenceandB[j][0] is thetrailing reference.

For loopsassmall asthe onesshown in this example,it is probablethat the reusewould alsoresult in

locality. Wenow describehow thecompilerdetermineswhenreuseleadsto locality, usingtheconceptof the

localizediterationspace.
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(a) Few Iterations in Inner Loop

for (i = 0; i < 3; i++)
for (j = 0; j < 8; j++)

A[i][j] = B[j][0] + B[j+1][0];

Page in Memory

Page Fault

B[j+1][0]

i

j

(b) Many Iterations in Inner Loop

for (i = 0; i < 3; i++)
for (j = 0; j < 10000; j++)

A[i][j] = B[j][0] + B[j+1][0];

Page in Memory

Page Fault

B[j+1][0]

i

j

Figure 3.2. Example of how loop iteration counts affect locality .

Localized Iteration Space

The localizediteration spaceis de�ned as the setof innermostloops that accesslessdatain a single

iterationthantheavailablememorycapacity. Thisde�nition impliesthatthelocalizediterationspaceincludes

only thoseloopsfor whichreusecanresultin locality, sinceif thevolumeof dataaccessedin asingleiteration

is greaterthanthesizeof memory, thenreusethatoccursin subsequentiterationsis unlikely to �nd thedata

in memory. The total aggregatedatatraf�c acrossa particularloop nestis computedby taking theamount

of dataaccessedby eachreferenceandmultiplying it by thenumberof timesthat referenceis seen(i.e. the

numberof loop iterations),subjectto thetypeof reusethatthereferencemayhave.

Thelocalizediterationspaceis representedasa vectorspacesothatit canbedirectly comparedwith the

vectorspacerepresentationof datareuse,facilitatingthecomputationof datalocality.

To illustrate theseconcepts,we considerthe exampleshown in Figure3.2. For this example,we will

assumethatwehave500memorypages,thateachpagecontainstwo arrayelements,andthatthedataarelaid

out in row-majororder. Thecodefor Figure3.2(a)is identicalto thatin Figure3.1,however in Figure3.2(b)

the numberof j loop iterationshasbeenincreasedfrom eight to 10,000. Iterationspaceplots areshown

only for theB[j+1][0] reference,which hastemporalreusealongtheouterloop. Thelocalizediteration

spacefor thisexampleis computedby comparingthenumberof pagesaccessedby all referencesagainstthe
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numberof pagesin memory.

Consider�rst the A[i][j] reference,which hasspatialreusealong the inner loop (sinceeachpage

containstwo arrayelements)andno reusealongtheouterloop (sincedifferentcolumnsarebeingaccessed).

A single iterationof the j loop will bring onepageinto memory. To �nd the numberof pagesaccessed

in a single iterationof the outer loop, we simply multiply the numberof pagesaccessedin an inner loop

iterationanddivide by thespatialreusefactor. Thus,for a singleiterationof theouterloop in Figure3.2(a)

theA[i][j] referencebrings 8� 1
2 = 4 pagesinto memory, whereasin Figure3.2(b) 10000� 1

2 = 5000pages

arebroughtinto memory. To �nd thenumberof pagesaccessedin theentireloop nestby this reference,we

simply multiply thepagesaccessedin a singleiterationby thenumberof iterations(sinceA[i][j] hasno

reusealongtheouterloop).

For theB[j][0] reference,which hasgroupreusewith theB[j+1][0] reference,only the�rst itera-

tion of theinnerloop(whenj = 0) causesanew pageto bebroughtinto memory. Hence,for bothexamples

in Figure3.2, this referencecontributesa singlepageto the total datatraf�c acrosstheentireloop nest. In

practice,becausethis referencehasgroupreuseits contributionto thetotaldatatraf�c is expectedto besmall

andthereferenceis ignored.

Finally, theB[j+1][0] reference,whichhastemporalreusealongtheouterloop,touchesadistinctpage

duringeachiterationof the inner loop with no savingsdueto spatialreuse.Thenumberof pagesaccessed

in a singleiterationof theouterloop is thusthesameasthenumberof timestheinner loop is executed(i.e.

8 for thecodein Figure3.2(a)and10,000for thecodein Figure3.2(b)). Sincethis referencehastemporal

reusealongtheouterloop, the total numberof pagesaccessedin theentireloop nestdoesnot increaseany

further.

By summingeachreference's contribution to the total datatraf�c, we cannow determinewhethereach

loop lies within the localizediterationspaceor not. For the codein Figure3.2(a),a singleiterationof the

j loop brings at most threepagesinto memory(one for the A[i][j] reference,one for the B[j][0]

reference,andonefor the B[j+1][0] reference).Sincethis is much lessthanour memorycapacityof

500 pages,we canconcludethat the j loop is within the localizediterationspace.Similarly, a singleiter-
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ationof the i loop bringsonly 13 pagesinto memory(four for A[i][j] , eight for B[j+1][0] andone

for B[j][0] ). For this example,both loopsarewithin the localizediterationspace. In contrast,for the

codein Figure3.2(b),a singleiterationof the inner loop bringsonly threepagesinto memory(asbefore),

while a singleiterationof theouterloop brings15,001pagesinto memory(5,000for A[i][j] , 10,000for

B[j+1][0] andonefor B[j][0] ). In thiscase,only theinnerloop is within thelocalizediterationspace.

Oncethe localizediterationspacehasbeencomputedandexpressedusingvectorspacenotation,com-

puting locality is simply a matterof intersectingthe reusevectorspacewith the localizediterationspace,

i.e.:

ReuseVectorSpace\ LocalizedIterationSpace) Locality VectorSpace.

In practice,a numberof considerationscomplicatethecomputationof datalocality. First,symbolicloop

boundsmake it dif�cult to determinetheexactamountof dataaccessedin a loop nest.Aggressive constant

propagationcanresolvesomeof thesecases,but in otherinstancesthecompilermustsimplyassumeunknown

loop boundsto be eithersmall (alwayslocalized)or large (never localized). Second,the actualamountof

memoryavailableat run-timemaybequitedifferentfrom thatspeci�edat compile-time,dueto theresource

demandsof other applications. In our implementation,we addressthis problemby under-estimatingthe

amountof availablememoryat compile-timeandrelying on the run-time layer to reducethe overheadof

unnecessaryprefetchesgeneratedby thisapproach.

We turn now to the�nal stepin thelocality analysisalgorithm—convertingthevectorspacerepresenta-

tionsof datalocality into prefetchpredicatesthatcanbeusedfor schedulingtheprefetches.

The PrefetchPredicate

The purposeof constructingprefetchpredicatesis to associatea logical predicatewhich evaluatesto

“True” whenever a referenceis expectedto incur a pagefault. Thesepredicatescanthenbe usedto split

loopssuchthatiterationswherethepredicatehasthesamevaluearegroupedtogether, andfaultingiterations

areisolated.Differentpredicatesareconstructedcorrespondingto eachtypeof locality thata referencemay

have. For instance,if a referencehasno locality, it is expectedto pagefault on every iteration and the
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(a)
for (i = 0; i < 3; i++)

for (j = 0; j < 100; j++)
A[i][j] = B[j][0] + B[j+1][0];

(b)

Reference Locality PrefetchPredicate

A[i][j]

"
i
j

#

=

"
none

spatial

#

(j mod2) = 0

B[j+1][0]

"
i
j

#

=

"
temporal

none

#

i = 0

B[j][0]

 
Groupwith

B[j+1][0]

!

False

Figure 3.3. Example of how pref etch predicates are constructed.

associatedprefetchpredicateis simply“True”. A referencewith temporallocality with respectto aparticular

loopwill only pagefaultduringthe�rst iterationof thatloop,thustheassociatedpredicateis “ loop index

= initial value ”. A referencethathasspatiallocality with respectto a givenloop will only pagefault

whenpageboundariesarecrossed.If thenumberof dataelementsin a pageis l , this will occurwhenever

“ loop index modl = 0”, which is theprefetchpredicatefor spatiallocality. Finally, referenceswith group

locality thatarenot theleadingreferencearerarelyexpectedto incur pagefaults,thustheprefetchpredicate

is setto “False” indicatingthatthesereferencesshouldnever beprefetched.

To calculatethe overall prefetchpredicatefor a referencewithin a multi-level loop, we �rst construct

the predicatewith respectto eachsurroundingloop and then take the conjunctionof all thesepredicates.

Figure3.3(b)shows anexampleof how prefetchpredicatesareconstructedfor thegivencode.For instance,

the A[i][j] referencehasspatiallocality with respectto the j loop, andeachpagecontainstwo array

elements,yielding a predicateof “ j mod2 = 0”. This referencehasno locality with respectto the i loop,

giving a predicateof “True”. Taking theconjunctionof thesetwo predicates,theoverall prefetchpredicate

for A[i][j] is simply “ j mod2 = 0”. Theothertwo referencesarehandledin a similar fashionandthe

resultsareshown in Figure3.3.
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Thereasoningappliedto thelocality vectorspacerepresentationto constructprefetchpredicatescanalso

be appliedto determinewhendatais no longerneededandcanthusbe released.In general,the instances

whenwewantto releasepagesarecloselyrelatedto whenweneedto prefetchthem.For example,areference

with no locality needsto beprefetchedbefore every use,andcanbereleasedafter eachuse(sinceit will not

beusedagain). A referencewith temporallocality needsto beprefetchedbeforethe�r st loop iteration,and

canonly bereleasedafterthelast iteration.For spatiallocality, weprefetchbeforethe�rst referenceto anew

page,andreleaseafterthelastreferenceto thatpage.For referenceswith grouplocality, weneedto prefetch

aheadof theleadingreferenceandreleaseafterthetrailing reference.

After constructingthe prefetchpredicates,the compilerneedsto scheduleprefetchesfor the references

that areexpectedto incur pagefaults(i.e. thosefor which the predicateevaluatesto true),andreleasesfor

datathat is no longerbeingused. The next sectiondescribeshow loop splitting techniquesareappliedto

transformloopsandisolatefaulting references,andhow softwarepipelining is usedto scheduleprefetches

the right amountof time beforethe expectedreference.Thereare someadditionalconsiderationswhich

complicatetheproblemof schedulingreleasesat theright time,whichwediscussin detail in Chapter4.

3.1.2 SchedulingPrefetches

Mostof thechangesmadeto theoriginalcompileralgorithmfor prefetching[39] arerelatedto how loops

aresplit andhow prefetchandreleaseoperationsarescheduled.Theobjectivesof theschedulingphaseare

twofold: �rst, we want to issueprefetchesearlyenoughthat the requesteddataarefound in memorywhen

they are needed;second,we want to minimize the overheadassociatedwith issuingprefetchand release

requests.To minimizeoverhead,we apply two techniques.First, we isolatefaultingreferencesby splitting

loopsto avoid introducingconditionalstatementsin inner loops. This techniquewasdevelopedfor cache

prefetchingandremainsan importantoptimization. Second,we attemptto minimize the numberof times

theapplication/systemboundaryis crossed,sincethecostof makinga systemcall contributesgreatlyto the

softwareoverheadof issuingprefetches.

In thefollowing subsections,we discusshow prefetchandreleaseoperationsarescheduled,andempha-
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(a) CodeBefore Peeling (b) CodeAfter Peeling
for (i = 0; i < n; i++) f

if (i == 0)
f(i);

g(i);
if (i == n-1)

h(i);
g

f(0);
g(0);
for (i = 1; i < n-1; i++) f

g(i);
g
g(n-1);
h(n-1);

Figure 3.4. Example of peeling the �r st and last iterations of a loop
(a) Original Code
for (i = 0; i < n; i++) f

if ((i mod 64) == 0)
f(i);

g(i);
if ((i mod 64) == 0)

h(i);
g

(b) CodeAfter Unrolling (c) CodeAfter Strip-Mining
for (i = 0; i < n; i+=64) f

f(i);
g(i);
g(i+1);
g(i+2);
...
g(i+63);
h(i);

g

for (j = 0; j < n; j+=64) f
f(j);
for (i = j; i < j+64; i++)

g(i);
h(j);

g

Figure 3.5. Example of unr olling and strip­mining a loop by a factor of 64

sizethechangesrequiredfor I/O prefetching.

Loop Splitting Techniques

The purposeof loop splitting is to isolatestaticallyall iterationsin which the prefetchpredicatefor a

particularreferencehasthesamevalue.Oncethishasbeendone,thereis noneedto evaluatethepredicateto

decidewhento prefetch—weeitheralwaysprefetchatagivenstaticpoint in thecode,or neverprefetch.Just

asa differentpredicatewasconstructedfor eachtypeof locality, a differentsplitting techniqueis appliedfor

eachtypeof predicate.

The simplestcaseis if the prefetchpredicateis either“True” or “False”; no transformationis required

sincetheloop is alreadyin a form whereweeitheralwaysprefetchor never prefetch.

For temporallocality, thepredicateis “ loop index = 0”; we needto prefetchduringthe�rst iteration
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andreleaseduring the last iteration. In this case,we would isolatethe instanceswherewe needto prefetch

andtheinstanceswhereweneedto releaseby peelingthe�rst andlastiterationsrespectively. An exampleof

theeffectof this transformationonagenericloop is shown in Figure3.4.

For spatiallocality, the predicateis “ loop index mod l = 0”; we needto prefetchandreleaseonce

every l iterations. With cacheprefetching,the preferredtechniquewas to replicatethe body of the loop

l times, using loop unrolling. However, for I/O prefetchingl may be large (typically several hundredor

thousandelementswill �t on a page),andthe preferredtechniqueis to strip-minethe loop by a factorof

l , sincereplicatingthe loop body several hundredtimes is unreasonable.Examplesof both unrolling and

strip-miningareshown in Figure3.5. Theselargestrip-miningfactorsleadto oneadditionalcomplication:

if a givenloop nestaccesseslessthana full pageof data,it will be impossibleto strip-minetheloop. Since

many items�t on a page,it is quite likely that the innermostloop, andevenseveralsurroundingloops,will

not accessenoughdatato make strip-miningfeasible. In contrast,with cacheprefetchingit wasextremely

unlikely thata loopwouldaccesslessdatathanacacheline, thusit wasreasonableto focuson theinnermost

loop. We alsoneedto bemorecarefulaboutschedulingfor thesetypesof references,aswill bediscussedin

moredetail in thefollowing section.

Theseloop splitting techniquescanbe appliedrecursively to nestedloops to handlemultiple prefetch

predicates.Onepossibleareaof concernis theamountof codeexpansionthatresultsfrom repeatedlyrepli-

catingloops. Increasingthecodesizemayhave a negative impacton theinstructioncacheaswell ason the

ability of compilersto optimizethecode.To managetheseconcerns,theoriginalcompileralgorithmrecords

how largea loop is growing andsuppressestransformationsthatreplicatetheloop body(e.g.peeling)when

it becomestoo large. In ourexperimentshowever, wehavefoundthatthebene�tsof successfullyprefetching

neededpagesfrom disk faroutweightheharmfuleffectsof codeexpansion.

Software Pipelining

For prefetchesto beeffective,they shouldbeissuedearlyenoughthatthedataarrivesin memorybeforeit

is needed,but notsoearlythatit risksbeingreplacedbeforeit is used.To hidethelatency of diskaccesses,we
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overlapprefetchesfor a futureiterationwith thecomputationof thecurrentiterationusinga techniquecalled

software pipelining[35]. A simpleexampleof this techniqueis shown in Figure3.6. Theimportantpartof

thesoftwarepipelineis thesteadystate, wherewe have bothprefetchesissuedandcomputationperformed.

Theprolog sectionis usedto initialize thepipeline,while theepilog performsthe last few iterationswhere

prefetchingis no longerneeded.

Given that loop iterationsareusedastheunit of schedulingin thepipeliningalgorithm,two key issues

needto be resolved to scheduleprefetcheseffectively. The �rst issueis uniqueto I/O prefetching:how to

choosethe properloop acrosswhich to pipeline in the presenceof multiple loop nests. As discussedin

section3.1.2with regardto strip-mining,it is possiblethatseverallevelsof loopnestsaccesslessthanapage

of data.Not only is it impossibleto strip-minetheseloops,attemptingto softwarepipelineacrossthemis also

ineffective sincethepipelinenever getsinto thesteadystate.Thesecondissue,commonto bothcacheand

I/O prefetching,is determiningtheprefetch distance(i.e. thenumberof iterationsin advanceof thereference

thatprefetchesshouldbeissued).

To illustratehow the properchoiceof pipeline loop is affectedby the presenceof small loop bounds,

it is useful to �rst look at an exampleof how softwarepipelining is usedto transformcodeandschedule

prefetches.We will thus tackle the problemof �nding the prefetchdistance�rst, and examinea simple

exampleof how prefetchesarescheduled.Wewill thenconsideraslightly morecomplicatedexample,where

thecorrectchoiceof pipelineloop is essentialto schedulingtheprefetcheseffectively.

Finding the PrefetchDistance Giventheamountof latency thatneedsto behidden,theproblemof �nding

theprefetchdistance(in termsof thenumberof iterationsof thepipelineloop) is simply a matterof deter-

mining how muchcomputationis needed.If thelatency is expressedasa numberof cycles,andwe assume

thateachinstructiontakesasinglecycle, thenthenumberof iterationsrequired,d is givenby:

d =
�

lm
s + lp

�
(3.1)
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(a) Original Loop

for (i = 0; i < 100000; i++)
A[i] = 0;

(b) Software PipelinedLoop

prefetch block (&A[0], 24); /* Prolog */

for (i1 = 0; i1 < 88064; i1 += 2048) f /* Steady State */
prefetch block (&A[i1+12288], 4);
for (i = i1; i < i1 + 2048; i++) f /* Strip-mined loop */

A[i] = 0;
g
release block (&A[i1], 4);

g

for (i = 88064; i < 100000; i++) /* Epilog */
A[i] = 0;

release block (&A[88064], 24);

Figure 3.6. Example of how software pipelining is used to schedule pref etches the proper amount of
time in advance . For this example , 12,288 iterations are required to hide I/O latenc y.

whered is theprefetchdistance,lm is theexpectedI/O latency, s is thenumberof instructionsin theshortest

paththroughtheloopbody, andlp is thesoftwareoverheadintroducedby addingaprefetchinstructionto the

loopbody. In general,it is impossibleto determineexactlyhow many instructionswill beexecuted,however

we choosetheshortestpathto ensurethatprefetchesareissuedearlyenough.Theprefetchoverheadlatency

parameter, lp, is usedto morecloselyapproximatethetime spentexecutinga loop iterationafter a prefetch

requestis insertedin theloop. Thisconsiderationis especiallyimportantfor shortloopbodiessincethetime

spentissuingtheprefetchcanbea signi�cant fractionof thetime to executeaniteration.Theceiling of the

ratio is usedto ensurethatall of thelatency is hidden.

Figure3.6shows a simpleexampleof how prefetchesandreleasesarescheduledusingsoftwarepipelin-

ing. For this example,we have chosenparametersthat correspondto the HURRICANE experimentalarchi-

tecture: the pagesize is 4096bytes,the I/O latency is 100,000cycles,andthe prefetchlatency is 10,000

cycles.SincetheA[i] referencehasspatiallocality, thei loop is �rst strip-minedinto loopsi1 andi using

a block sizeof four pages.Usingequation3.1, thecompilerthendeterminesthatsix iterationsof theouter

i1 loop (with aprefetchcall added)areneededto hidetheI/O latency completely. To initialize thepipeline,

a prolog is constructedto prefetchthe�rst 24 pagesin a singleblock prefetchcall, thusminimizing system
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call overhead.This is in contrastto cacheprefetchingwherea prolog loop would have beenconstructedto

requesteachpageindependently. Next, thesteadystateloopis executed.In thisloop,blocksof four pagesare

prefetchedin every iterationof thei1 loop,andusedin theinneri loop. After eachblockof pageshasbeen

used,block releasecallsareissuedto freethepages.Finally, theepilog loop performsthe�nal iterationsof

computation,afterwhichablockreleasecall freesthelastblockof pages.Thisexamplepresentsasomewhat

idealizedversionof how releaserequestsarescheduled.In practice,we arealsoconcernedaboutreducing

thenumberof systemcalls,hencereleaseoperationsarebundledwith prefetchesin a singlecall whenever

possible.Whenthereis noprefetchwith which to bundletherelease,wesimplysuppressissuingit.

Now that we have seenhow software pipelining schedulesprefetchesusing prolog, steadystate,and

epilogsections,we returnto thequestionof how to selecttheright loopacrosswhich to pipeline.

Choosing the Pipelining Loop Ordinarily, prefetchesaresoftwarepipelinedaroundthe innermostloop

nestthat changesthevalueof thearrayindexing function (i.e. the �rst loop thatchangestheaddressrefer-

enced).For example,in Figure3.7(a)themloopwouldbechosenasthepipelineloop. Also, sincethemloop

hasspatiallocality, we would like to requestblocksof four pageswith eachprefetch.Sinceeachiterationof

themloopaccessesonly 20bytesof data,it wouldtake820iterationsof themloopto coverafour pageblock,

which meansthatstrip-miningis not performedsinceonly � ve iterationsareavailable. Usingequation3.1,

the compilerdeterminesthat prefetchesneedto be issuedroughly 12,000iterationsof the mloop aheadof

the reference,causinga block prefetchfor 12 pagesto be insertedfor theprologsectionof thepipeline,as

shown in Figure3.7(b).Now, sincethespatiallocality of theA[i][j][k][l][m] referencesuggeststhat

we only needto prefetchevery 820 iterationsof the mloop, andthereareonly � ve iterationsin the code,

the steadystateandepilog sectionsof the pipelinearenot created.The effect is that whennew pagesare

prefetchedatall, therequestis issuedjustbeforeenteringthemloopaspartof theprolog,but areneverearly

enoughto beuseful.Thefundamentalproblemis thatthepipelinenever getsinto thesteadystate.

To copewith this problem,we modi�ed theschedulingpartof thealgorithmto considertheamountof

dataactuallyusedin whatwould ordinarily bechosenasthepipelineloop. If thepipelineloop hasspatial
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(a) SampleCodeWithout Prefetching

for (i = 0; i < 64; i++) f
for (j = 0; j < 64; j++)

for (k = 0; k < 64; k++)
for (l = 0; l < 5; l++)

for (m = 0; m < 5; m++)
A[i][j][k][l][m] = 0;

g

(b) CodeAfter Software Pipelining (original)

for (i = 0; i < 64; i++) f
for (j = 0; j < 64; j++)

for (k = 0; k < 32; k++)
for (l = 0; l < 5; l++) f

prefetch block (&A[i][j][k][l][0], 12); /* Prolog */
for (m = 0; m < 5; m++)

A[i][j][k][l][m] = 0;
g

g

(c) CodeAfter SoftwarePipelining (new)

for (i = 0; i < 64; i++) f

prefetch block (&A[i][0][0][0][0], 12); /* Prolog */

for (j0 = 0; j0 < 45; j0 += 5) f /* Steady State */
prefetch block (&A[i][j+19][0][0][0], 4);
for (j = j0; j < j0 + 5; j++)

for (k = 0; k < 32; k++)
for (l = 0; l < 5; l++)

for (m = 0; m < 5; m++)
A[i][j][k][l][m] = 0;

g

for (j = 45; j < 64; j++) /* Epilog */
for (k = 0; k < 32; k++)

for (l = 0; l < 5; l++)
for (m = 0; m < 5; m++)

A[i][j][k][l][m] = 0;

g

Figure 3.7. Example of Software Pipelining with Small Loop Bounds.
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locality, andthe total datatraf�c acrossall iterationsof that loop is lessthana block (i.e. four pagesin our

experiments),thenwe choosethe next surroundingloop nestas the pipeline loop instead. We apply this

heuristicrecursively until a loop thataccessesmorethanablockof data,or theoutermostloop is found.The

resultof this modi�cation is shown in Figure3.7(c),whereprefetchesaresoftwarepipelinedacrossthe j

loop,ratherthanthemloop. It is now possibleto scheduleprefetchesearlyenoughto hideall thelatency.

SchedulingIndir ectPrefetches IndirectreferencessuchasA[index[i]] areassumedto havenolocal-

ity, henceit is notnecessaryto performany loopsplittingtransformations(i.e.theprefetchpredicateis always

“True”). Indirectprefetchesarescheduledusingsoftwarepipeliningin thesamemannerasdirectprefetches,

with oneminor modi�cation. In additionto fetchingthe indirect referenceitself (A[index[i]] ), it may

alsobenecessaryto schedulea prefetchfor the indexing reference,index[i] . The indexing referenceis

treatedlike any other referencefor the purposesof determininglocality, however for scheduling,it needs

to be prefetchedearly enoughto be usedin the prefetch of the indirect reference,ratherthan in the indi-

rect referenceitself. More detailson prefetchingindirect referencesaregiven in Mowry's thesison cache

prefetching[39].

A Mor e Detailed Example Figure 3.8 shows an exampleof the output of our compiler for a simple

loop body(noticethat it is ableto prefetchthe indirecta[b[i]] referenceaswell asthedenseb[i] and

c[i][j] references).Noticethat loop i hasbeenstrip-minedtwice (into loopsi0 andi1 ) to accountfor

thespatiallocality of b[i] andc[i][j] . (Thei loophasbeenstrip-minedtwicesincec[i][j] accesses

datamorequickly thanb[i] , andthereforeneedsto beprefetchedat a fasterrate.)Second,to fully exploit

theavailablebandwidthin our I/O subsystem,we prefetchseveralpagesat a time for referenceswith spatial

locality (e.g.,four pagesarefetchedat a time for b[i] andc[i][j] ). Similarly, we convert the prolog

loopsfrom theoriginal algorithminto block prefetcheswhenever possible,asshown in the�rst two linesof

Figure3.8(b). For referenceswithout spatiallocality—e.g.,a[b[i]] —we prefetchonly a singlepageat a

time. Also noticehow theb[i] referenceis prefetchedwell in advanceof theprefetchfor a[b[i]] sothat

thedatawill beavailableto computetheprefetchaddress.Finally, this examplealsoshows how we bundle
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(a) Original Code

int a[1000000];
int b[1000000];
int c[1000000][8];

for (i = 0; i < 1000000; i++)
for (j = 0; j < 8; j++)

a[b[i]] = a[b[i]] + c[i][j];

(b) Codewith Prefetching

prefetch block (&b[0], 8);
prefetch block (&c[0][0], 4);
for (i = 0; i < 128; i++)

prefetch (&a[b[i]]);
/* Note: 995328 = (b1000000

4096 c � 1)� 4096 */
for (i1 = 0; i1 < 995328; i1 += 4096) f

prefetch release block (&b[i1+8192], &b[i1-1], 4);
for (i0 = i1; i0 < i1 + 4096; i0 += 512) f

prefetch release block (&c[i0+512][0], &c[i0-1][0], 4);
for (i = i0; i < i0 + 512; i++) f

prefetch (&a[b[128+i]]);
for (j = 0; j < 8; j++)

a[b[i]] = a[b[i]] + c[i][j];
g

g
g
for (i = 995328; i < 1000000; i++)

for (j = 0; j < 8; j++)
a[b[i]] = a[b[i]] + c[i][j];

Figure 3.8. Example of the output of the pref etching compiler . (The �r st argument to all pref etch calls
is the pref etch address; the second argument to prefetch release block is the release address;
the �nal argument to “b loc k” versions is the number of 4KB pages to be fetched and/or released.)

prefetchandreleaserequeststogetherwhenever appropriate,to minimizethenumberof systemcalls.

3.1.3 Compiler Implementation

We implementedour prefetchingalgorithmasa passin theSUIF (StanfordUniversityIntermediateFor-

mat)compiler[26,61]. Theoutputfrom theSUIF compileris C codecontainingprefetchandreleasecalls

(asillustratedin Figure3.8(b)). We alsousetheSUIF compilerto convert theoriginal Fortransourcecode

of eachbenchmarkinto C codefor theoriginal,non-prefetchingversionsthatweusein ourexperiments.We

thencompiletheresultingC codeinto anexecutablefor our targetsystemsusinggccversion2.5.8(with the
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-O2 optimization�ag set)for theHURRICANE systemandSGI's MIPSprocompilersversion7.2.1(with the

-O3 optimization�ag set)for theIRIX system.During thesecondcompilationstep,theprefetchingversions

arelinked to a setof library routinesthat implementthe run-timelayer support. Routinesto checkthe bit

vectorto �lter prefetchrequestsareinlined for performance.

3.2 An Initial Prototype: HURRI CANE

TheHURRICANE operatingsystemwasdesignedwith a micro-kernelstructure.A smallnumberof vital

services,suchasmemorymanagement,areprovided by kernel-level servers. The HurricaneFile System

(HFS),andthe majority of otheroperatingsystemservicesareprovided by user-level servers,however. A

very fastinter-processcommunicationmechanism,calledProtectedProcedureCalls (PPC)[23], areusedfor

mostcommunicationbetweenuserprograms,kernelservers,anduser-level servers.Oneimportantfeatureof

HURRICANE is thatit wasdesignedfor multiprocessorsandhasstrongsupportfor concurrency. Eachserver

maintainsapoolof light-weightworkerprocesseswhichareusedtohandleclientrequests.Wetakeadvantage

of this featureto implementasynchronousprefetchrequests—controlcanbe returnedto the applicationas

soonasaworker threadhandstherequestto the�le system.

BecauseHURRICANE is a researchoperatingsystem,it doesnot containall the functionality that is

requiredof a commercialsystem. In particular, it doesnot have supportfor writing and readingvirtual

memorypagesto andfrom swapspace.Instead,weneededto modify theNAS Parallelbenchmarkprograms

to usemapped�les to provide thebackingstoragespacefor theirdatain theHURRICANE experiments.

The overall structureof HURRICANE, andthe implementationof our schemeon this platform, is illus-

tratedin Figure3.9. Wenow takeadetailedlook at this implementation.

3.2.1 Operating Systemand Run­Time Layer Implementation

HURRICANE supportsourapproachin thefollowing threeways.First,whenaprefetchrequestis received

by theoperatingsystem,thememorymanagerchecksto seeif thespeci�ed pageis alreadyin memory(or

if anotherreadrequestfor thatpagehasalreadybeenscheduled).If thepageis not in memory, thememory

managerallocatesa physicalpagefrom thefreelist to hold the�le data,a worker threadis allocatedto send
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Figure 3.9. Implementation of pref etching and releasing suppor t on HURRICANE.

anasynchronousreadrequestto theHurricane�le system,andcontrolis returnedto theapplication.Thedisk

schedulertreatsprefetchesthesameasnormaldiskreadrequests(bothreadandprefetchrequestsareserviced

aheadof write requests).In theeventthatthereareno pageson thefreelist, thememorymanagerdropsthe

prefetchrequestandclearsthecorrespondingbit in thesharedbit vectorto indicatethat therequestedpage

hasnot beenfetched. We believe this to be a reasonablestrategy sinceprefetchrequestsarenon-binding

performancehints that do not needto be satis�ed for programcorrectness.Also, we want to encourage

prefetchingapplicationsto balancetheir memoryrequirementsby explicitly releasingpagesthat they no

longerneed—thus,whenall memoryis in active useit is betterto droptheprefetchthanrisk replacingdata

thatwill beneededbeforetheprefetcheddata.

Whenareleaserequestis received,thememorymanagersimply removesthemappingfor thatpagefrom
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theprocess's pagetable(andfrom theTLB if necessary)andplacesthepageat theendof the free list. We

chooseto placeexplicitly releasedpagesat theendof thefreelist ratherthanat theheadsothatthey canbe

reclaimedeasilyif imperfectcompileranalysiscausesthepageto be releasedtoo early. HURRICANE uses

a separatesystemdaemonto periodicallyscanthe free list andschedulewrites for any dirty pages,so our

implementationdoesnotneedto checkfor thiscaseseparately.

Thesharedbit vectoris implementedusinga single4 kB pageof physicalmemory, which is usedasa

mapof theprocess'svirtual addressspace.HURRICANE usesphysicaladdressesto accessthesharedpage,so

a largerbit vectorwould requireeither(i) theallocationof multiplecontiguousphysicalpages,or (ii) amore

complex strategy for accessingthebit vectoreachtimeabit needsto beupdated.Limiting thebit vectorto a

singlepageprovidessimplicity andfastaccess.However, with a 4 kB pagesizeandeachbit representinga

singlepageof thevirtual addressspace,thebit vectoris capableof trackingonly 215 pagesof virtual memory

or 134MB of data.This is anunreasonablysmallamountof datafor “out-of-core”applications;oursolution

on HURRICANE is to allow eachbit to representoneor morecontiguousvirtual memorypages.We referto

thenumberof pagesrepresentedby eachbit asthegranularityof thebit vector.

If the applicationaccessesmorethan134 MB of data,theneachbit mustrepresentmultiple pagesand

boththeoperatingsystemandtherun-timelayermustagreeon thegranularityto use.In general,eitherthe

operatingsystemor therun-timelayercoulddecideon theappropriategranularityandinform theotherlayer

of thechoice;in our implementationthedecisionis madeby the run-timelayer. Thegranularityof thebit

vectorneedsto be consideredby both the run-timelayer andthe operatingsystem,not only to ensurethat

the right bits areset,but alsoto ensurethat the bit vectorremainsuseful for the purposesof the run-time

layer. For example,if thecompilerschedulesaprefetchrequestfor asinglepageandthecorrespondingbit is

turnedon, thenit will appearasif all pagesin thesamegroup(i.e. all pagesrepresentedby thesamebit) are

alreadyin memory. Theresultis thata prefetchrequestfor anotherpagein thatgroupwill be�ltered out by

therun-timelayer. Thesameproblemcanoccurwhentheoperatingsystemturnsbits on for pagesbrought

into memorythroughpagefaults. In our implementationwe handlegranularitiesgreaterthana singlepage

asfollows. The run-timelayer asksthe operatingsystemto prefetchall the pagesin a groupwhenever a
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prefetchis neededfor anypagein thatgroup,thuspreservingthenotionthatthepagesarein memoryif the

correspondingbit is turnedon. In turn, whena singlepageis broughtinto memorydueto a pagefault the

operatingsystemdoesnot turn thebit on, allowing therun-timelayer to still issueprefetchrequestsfor the

otherpagesin thegroup.

Whena prefetchingapplicationis executed,the run-timelayerbindsa page-sizedregion of memoryto

a �x edvirtual addressto useasthebit vector. Informationaboutthesizeof mapped�les is usedto setthe

granularityof the bit vector. Next, a systemcall passesthe startingvirtual addressandthe granularityof

thebit vectorto theoperatingsystem,which recordsthephysicalpagecorrespondingto thespeci�edvirtual

addressandthegranularityin theprocess's addressspacedescriptor. At this point, theoperatingsystemand

the run-timelayer have agreedon which pagewill be sharedandhow it will be usedto mapthe process's

virtual addressspace.The operatingsystemcannow turn bits on in the vectorwhenever the processpage

faultsor prefetches,andclearthemwhenever pagesbelongingto theprocessareunmapped.

Duringexecutionof themodi�ed application,therun-timelayerusesthesharedbit vectorto �lter prefetch

andreleaserequests,discardingthemif no furtheractionis necessary. For block prefetchrequests,therun-

time layer checksthe bit for eachpagein the block until oneis found that is not in memory, or the endof

theblock is reached.Whena pageis foundthatneedsto beprefetched,a requestis issuedto theoperating

systemfor the missingpageandall subsequentpagesin the block. This strategy ensuresthat at mostone

systemcall is requiredfor a block prefetch.In theoperatingsystem,worker threadsareusedto allow each

pagein ablock requestto befetchedin parallel.

In addition to addingprefetchandreleaseoperationsto HURRICANE andsupportingthe sharedpage,

we alsoaddedextensive instrumentationto enableus to observe the effect of eachstaticprefetchrequest.

Eachstaticprefetchinstructionin the codeis given a uniqueidenti�er by the compiler. This identi�er is

passedto thekerneltogetherwith theprefetchaddressandthenumberof pagesto fetch. Whena prefetch

requestis receivedby thekernel,we recordtherequestedaddress,thetime therequestwasreceived,andthe

identi�er of thestaticprefetchinstructionin a prefetch record. Whena pagefault occurs,thekernelchecks

if thefaultingpagewasprefetched,andupdatesa setof countersbasedon theresult.This techniqueallows
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MemoryRequired Original
% of Execution

Name InputDataSet Absolute Available Time (mins)

BUK 223 19-bit integers 103MB 215% 21.0
CGM sparsematrixwith 7,607,024non-zeros 103MB 215% 57.2

EMBAR 224 randomnumbers 134MB 279% 53.9
FFT 128x128x128matrixof complex numbers 117MB 244% 87.9

MGRID 128x128x128matrix 58MB 121% 31.9
APPLU 5x5x64x64x32matrices 120MB 250% 48.9
APPSP 90x90x90matrices 117MB 244% 224.3
APPBT 5x5x64x64x32matrices 94MB 196% 85.2

Table 3.2. Application characteristics on HURRICANE.

usto observe thesuccessrateof eachstaticprefetchinstructionaddedto thecodeby thecompiler, andwas

essentialfor usto beableto identify thepartsof thecompileralgorithmthatneededto bemodi�ed to handle

I/O prefetchingef�ciently . This instrumentationis alsousedto producethedetailedstatisticsshown in the

HURRICANE resultssection(Section3.2.2).

3.2.2 Evaluation of HURRICANE Implementation

We begin by focusingon the impact of our schemeon overall executiontime. We then look at the

performancefrom a system-level perspective, including the effectson disk andmemoryutilization. Next,

we evaluatethe effectivenessof the compilerandthe run-timelayer at schedulingprefetchesandreducing

overhead.To assesstherobustnessof our results,we thenstudytheeffect of varyingproblemsizes.Finally,

wepresentsadetailedcasestudyof oneof thebenchmarkapplications,BUK.

Overall Performance

Table3.2 givesbasiccharacteristicsof the NAS Parallel benchmarksasexecutedon the HURRICANE

platform, including a descriptionof the dataset, the total amountof memoryrequired(both in megabytes

andasapercentageof thephysicalmemoryavailable),andtheabsolutetime requiredto executetheoriginal

non-prefetchingversions.

Figure3.10(a)shows theoverall performanceimprovementachievedthroughour automaticprefetching

scheme.For eachapplication,we show two barsrepresentingnormalizedexecutiontime: theoriginal pro-

gramrelyingsimply onpagedvirtual memoryto performits I/O (O), andtheprogramonceit is compiledto
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(a)ExecutionTimeBreakdown (O = original,P = with prefetch)

Original With Prefetch
Avg. Avg. I/O

Total Stall Total Stall Stall
Faults Time Faults Time Reduction

Benchmark (x1000) (msec) (x1000) (msec) (%)

BUK 41.529 24.5 0.810 16.1 98.7%
CGM 135.066 22.0 0.207 26.5 99.8%

EMBAR 65.535 7.7 0.005 13.5 100.0%
FFT 135.646 31.1 28.432 39.3 73.6%

MGRID 62.231 19.9 7.642 24.2 85.1%
APPLU 91.220 26.3 31.663 26.4 65.2%
APPSP 412.234 20.5 143.996 26.2 55.4%
APPBT 156.172 26.2 77.035 25.6 51.9%

(b) I/O StallStatistics

Figure 3.10. Overall perf ormance impr ovement from pref etching on HURRICANE.
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prefetchandreleasedataexplicitly (P). In eachbar, thetopsectionis theamountof timewhentheprocessor

wasidle, which correspondsroughlyto theI/O stall time sincewe run only a singleapplicationduringthese

experiments.Thebottomsectionof eachbar is the time spentexecutingin usermode—fortheprefetching

experiments,this includestheinstructionoverheadof issuingprefetches,includingany overheadin therun-

time layerof checkingthebit vectorto �lter outunnecessaryprefetches.Themiddlesectionsof eachbarare

thetimespentexecutingin systemmode.For theoriginalprograms,this is thetimerequiredfor theoperating

systemto handlepagefaults;for theprefetchingprograms,wealsodistinguishthetimespentin theoperating

systemperformingprefetchoperations.

As we seein Figure 3.10(a),the speedupin overall performancerangesfrom 9% to 270%, with the

majority of applicationsspeedingup by more than 80%. Figure 3.10(b)presentsadditional information

on pagefaults1 andstall time. As we seein Figure3.10(b),morethanhalf of the I/O stall time hasbeen

eliminatedin sevenof theeightapplications,with threeapplicationseliminatingover 98%of their I/O stall

time.

Having establishedthe bene�ts of our scheme,we now focuson the costs. Figure3.10(a)shows that

the instructionoverheadof generatingprefetchaddressesandcheckingwhetherthey arenecessaryin the

run-timelayer causeslessthana 20% increasein usertime in � ve of the eight applications—inthe worst

case(CGM), theusertime increasesby 70%.However, in all casesthis increaseis quitesmallrelative to the

reductionin I/O stall time. If we focuson thesystem-level overheadof performingprefetchoperations,we

seein Figure3.10(a)thatin mostcasesthisoverheadis directlyoffsetby areductionin system-level overhead

for processingpagefaults. Hencetheoverheadsof our schemearelow enoughto translateinto signi�cant

overall performanceimprovementsin all of theseapplications.

We wish to emphasizethat all of theseresultsare fully automatic—wehave not rewritten any of the

applicationsor modi�ed thecodegeneratedby thecompiler. Having discussedtheperformancefrom a high

level perspective,wenow look at theimpactof explicitly prefetchingandreleasingdataonsystemresources.

1Throughoutthisdiscussion,wewill referto pagefaultsthatcausetheapplicationto stallwaitingfor I/O simplyasfaults,andignore
pagefaultsfor in-coredata.
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(a)Breakdown of requestssentto disk (O = originalprogram,P = with prefetch)

Benchmark Original With Prefetch

BUK 11.8% 40.1%
CGM 11.6% 46.0%

EMBAR 5.9% 9.0%
FFT 18.9% 35.1%

MGRID 15.8% 29.0%
APPLU 18.6% 31.8%
APPSP 16.3% 20.7%
APPBT 15.8% 20.1%

(b) Averagediskutilization

Original With PrefetchandRelease
Pages Minimum Average Pages Pages Minimum Average

Freedby Free Free Freedby Freedby Free Free
System Memory Memory System Release Memory Memory

Bench (pages) (%) (%) (pages) (pages) (%) (%)

BUK 68916 5.8% 26.9% 3461 41729 29.2% 73.7%
CGM 125817 14.8% 21.1% 125710 834 7.3% 23.4%

EMBAR 55647 15.0% 22.0% 0 65504 98.4% 98.5%
FFT 146699 14.9% 20.9% 156463 7164 9.9% 26.0%

MGRID 59181 14.3% 23.4% 60349 0 12.3% 25.9%
APPLU 82978 11.9% 25.0% 84395 0 7.9% 28.9%
APPSP 450507 10.5% 18.6% 448732 17196 9.0% 35.4%
APPBT 148174 11.3% 22.8% 148580 516 11.7% 25.5%

(c) Memorysub-systemactivity andamountof freememory

Figure 3.11. Impact of pref etch and release on system resour ces on HURRICANE.
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Disk and Memory Utilization

In Figure3.11(a)and(b) we breakdown the typesof requestsseenby thedisksandshow averagedisk

utilization during executionfor both the original and prefetchingversionsof the applications. In almost

all cases,the total disk requestsdo not increaseasa resultof prefetching,andfor two of the applications

they actuallydecreaseasprefetchesprevent thesystemfrom writing out dirty pagesthatwill bereferenced

again soon. Hencethe increaseddisk utilization shown in Figure3.11(b)is simply dueto the fact that we

areperformingroughly thesamenumberof disk accessesover a shorterperiodof time. Althoughwe have

increaseddiskutilizationby aconsiderableamount,thedisksarestill idle morethanhalf of thetime.

Memory usageduring eachapplication's executionis summarizedin Figure3.11(c). Sinceour initial

compiler implementationwasnot aggressive aboutinsertingreleaseoperations,mostapplicationsdid not

containa signi�cant numberof them. However, whenreleaseoperationsareused(e.g.,BUK andEMBAR),

weseethatalargepercentageof memoryiskeptfreeatall times.Thisresultoccursbecausetheseapplications

returnany pagesthatarenotactively beingusedto thesystemandtheirworkingsetsaresigni�cantly smaller

thantheir total datasets. We did not �nd that releaseshada signi�cant impacton out-of-coreapplication

performanceon a dedicatedmachinein the HURRICANE environment. Chapter4, however, examinesthe

bene�tsof releasesonamultiprogrammedworkloadin theIRIX environment.

Effectivenessof the Compiler and Run­Time Layer

Figure3.12presentsinformationwhich is usefulfor evaluatinghow effective ourcompileris at inserting

prefetchesappropriately, andhow effective the run-time layer is at minimizing prefetchingoverhead.We

begin by examiningthesuccessof thestaticanalysisperformedat compile-timeandthenlook at how well

therun-timelayeradaptsto thedynamicconditionsduringexecution.

The Compiler To assessthecompileranalysis,weconsiderwhathappensto theoriginalpagefaultswhen

prefetchingis added.Therearethreepossibilities:(i) a previously faultingpageis successfullyprefetched

(we call this a prefetchedhit), (ii) a faultingpageis prefetchedbut still faultswhenthereferenceoccurs(we

call this a prefetchedfault), and(iii) no prefetchis issuedfor a faultingpage(this is a non-prefetchedfault).



CHAPTER3. IMPACT ON OUT-OF-COREAPPLICATIONS 67

||0

|20

|40

|60

|80

|100

|120

 

 

 %
 o

f O
rig

in
al

 F
au

lts

non-prefetched fault
prefetched fault
prefetched hit

BUK CGM EMBAR FFTPDE MGRID APPLU APPSP APPBT

(a) Impactof prefetchingon theoriginalpagefaults.

Unnecessary Inserted Total
Prefetches Prefetches Prefetches

Issued Filtered Considered
Benchmark to OS atRun-Time atRun-Time

BUK 0.07% 99.79% 25,216,058
CGM 0.08% 99.74% 53,285,582

EMBAR 0.00% 0.02% 65,537
FFT 7.99% 99.59% 39,874,709

MGRID 8.03% 99.17% 9,004,863
APPLU 3.75% 96.99% 2,529,757
APPSP 7.55% 99.51% 89,813,618
APPBT 2.54% 98.31% 4,008,500

(b) UnnecessaryPrefetches
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(c) Performanceof prefetchingwith (W) and without (WO) �ltering
(normalizedto theoriginal,non-prefetchedcase).

Figure 3.12. Effectiveness of the compiler analysis and run­time �ltering.
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We refer to the combinationof the �rst two casesasthe coverage factor (i.e. the fraction of original page

faultsthatwereprefetched).Figure3.12(a)shows a breakdown of the impactof prefetchingon theoriginal

pagefaultsin eachapplicationthatwe study. In all casesexceptAPPBT, thecoveragefactoris greaterthan

75% (in four cases,it is greaterthan99%), indicating that the compiler is quite successfulat identifying

referencesthatneedto beprefetched.In thehalf thecases,however, we seethat therearestill a non-trivial

numberof pagefaultsthatarenotprefetched.

Althoughin mostcasesthecoverageis extremelygood,weareinterestedin discoveringwhy thecompiler

sometimesfails to prefetchneededdata.Therearethreebasiccausesthatcancontributeto poorcoveragefor

thetypesof applicationsthatweareinterestedin. Brie�y stated,they are:

1. Loopboundsandarraydimensionsmaybeunknown atcompiletime.

2. Datamaynotbealignedwell with respectto pageboundaries.

3. Somereferencesthatshouldbeprefetcheddonot look likearrayaccesseswhentheprefetchingpassof

thecompileris executed.

Eachof thesecausesareacontributing factorin therelatively poorcoveragefor APPLU, APPSP andAPPBT.

First, whenboth the loop boundsand the arraydimensionsareunknown, the compilermustmake an

assumptionaboutthe amountof dataaccessedin the loop. If the compiler incorrectlyassumesunknown

loops to be small, it can fail to scheduleneededprefetches.The fundamentalproblemis that suchloops

appearto be localized, implying that reusecan be exploited and prefetchingis neededonly for the �rst

reference.Unfortunately, simply assumingunknown boundsto be large is not a reasonablesolutionsince

it cancauseanotherschedulingproblemif the loopsareactuallysmall (asdiscussedin Section3.1.2). In

Chapter5 we develop andevaluatea new algorithmfor schedulingprefetchesin the presenceof unknown

loopboundsthatovercomessomeof theseproblems.

Thesecondinstancein whichsomepagesarenotprefetchedariseswhenthedatais notwell-alignedwith

respectto the pageboundaries.Whencalculatinggroupreuse,our compiler implementationassumesthat

two referenceswill probablytouchthesamepageif thedatalocationsthat they accessareseparatedby less
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for (i = 0; i < 100; i++) f
foo(&A[i]); /* not recognized as an array reference */
bar(B[i]);

g

Figure 3.13. Example of a reference not recogniz ed as an array reference (inside foo ) by the compiler .

thanhalf apage. If thetwo datalocationsareactuallyonadjacentvirtual pages,thenonly the�rst pagewill

be prefetchedandthe secondwill still suffer a pagefault. In generalwe expectedthis problemto be rare,

however, it arisesrelatively frequentlyin APPLU, APPSP, andAPPBT.

The �nal problemis bestexplainedwith the useof an illustrative example. Considerthe codeshown

in Figure3.13. In this loop, procedurefoo is calledwith the addressof A[i] , while procedurebar is

calledwith the valueof B[i] . Ideally, we would like to prefetchboth of thesereferences,but the current

prefetchingpassof thecompileronly recognizestheB[i] reference.Thereasonis thatearlierpassesof the

SUIF compilerhave convertedthehigh-level sourcecodeshown in Figure3.13to aninternalrepresentation

where&A[i] is not identi�ed asanarrayreference.2 This situationarisesduringtheinitialization phasein

APPLU, APPSP, andAPPBT. While thisproblemdoesnotcontributegreatlyto thenon-prefetchedpagefaults

in theseapplications,it couldbeanimportantcaseto recognizein general.

Having shown why thecompileris unableto prefetchall of theoriginal faults,wenow turnourattention

to theprefetchedfault categoryin Figure3.12(a).A pagefaultcanoccurfor prefetchedpagesfor two reasons:

eithertheprefetchhasnot hadtime to completeandthepagehasnot yet arrivedin memory, or theprefetch

wasissuedfar tooearlyandthepagehasbeenreplacedfrom memory. Thiscategoryre�ects theeffectiveness

of our compilerin schedulingprefetchestheright amountof time in advance.In thecaseswhereprefetched

faultsarenoticeablein Figure3.12(a),theproblemis almostalwaysthattheprefetcheswerenot issuedearly

enough.

Two observationshelpto explainwhy prefetchesmaynothavetimeto completebeforethedatais needed.

First, thecompilerschedulesprefetchessothatthey will beissuedearlyenoughduringthesteadystateof the

softwarepipeline.Prefetchesissuedin theprologsectionsareintendedto initialize thepipeline,but arenot

2In fact,handlingthiscaseproperlymayrequireinterproceduralanalysis,sincewhetheror not thedataat&A[i] needsto bebrought
into memorydependson what theprocedurefoo doeswith theargumentthat is passedto it. Also, schedulinga prefetchproperlyfor
thisdatadependsonwhenit is usedby foo .



CHAPTER3. IMPACT ON OUT-OF-COREAPPLICATIONS 70

for (i = 0; i < 100; i++)
A[i] = i;

for (i = 0; i < 100; i++)
A[i] = A[i] * i;

Figure 3.14. Example of reuse not identi�ed by the compiler .

scheduledto completebeforethedatais needed.Second,whenloop boundsin multi-dimensionalloopsare

unknown atcompile-time,thecompilermaypipelinearoundthewrongloopnest.As shown in Section3.1.2,

the result is that prefetchesareonly issuedin the prolog andthe steadystateis never reached.Again, our

solutionto thisproblemis presentedin Chapter5

Finally, themiddlecolumnof Figure3.12(b)shows thatmostof theprefetchrequestsscheduledby the

compilerareactuallyunnecessary(i.e. thepagewasalreadymappedinto memory)andare�ltered outby the

run-timelibrary. For BUK andCGM, mostof theseunnecessaryprefetchesresultfrom alwaysprefetching

indirectreferences.Locality analysisis notappliedto thesetypesof references,instead,thecompilerassumes

thateachsuchreferencecouldtouchadifferentpageof data.For theseapplicationsthis“worst-case”behavior

rarelyoccursandmostof theprefetchesareunnecessary. We will examinetheutility of prefetchingindirect

referencesmorecloselyduringour case-studyof BUK. In all cases,unnecessaryprefetchesoccurwhenever

thecompilerunderestimatesmemory's ability to retaindata.Onecauseof this effect is thatlocality analysis

is appliedto eachsetof nestedloopsindependently—iftwo independentloopsaccessthe samedata,both

will be treatedasthe �rst referenceto thatdata,regardlessof the amountof dataaccessed.Thus,the type

of reuseshown in Figure 3.14 cannotbe discoveredby the currentcompiler algorithm. In general,this

problemis extremelydif�cult to solve sinceit mayrequireinterproceduralanalysisto evaluateall theloops

in a program. A notableexceptionto the problemof unnecessaryprefetchesis EMBAR; the dataaccess

patternin this programis simple enoughto be analyzedperfectly by the compiler. All array references

aresequentialandwithin one-dimensionalloops,thusthe problemsof strip-miningthe loop correctlyand

choosingapipeliningloop(discussedin Section3.1.2)donotoccur. Furthermore,sincethesinglearrayused

in EMBAR is largeenoughto �ush all of memory, thereareno unnecessaryprefetchesthat resultfrom only

consideringasingleloopata time.
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The Run-Time Layer Theprimarypurposeof the run-timelayer is to ef�ciently �lter out prefetchesfor

pagesthatarealreadyin memory, thusreducingtheoverheadof theunnecessaryprefetchesscheduledby the

compiler. To evaluatetheeffectivenessof therun-timelayerat this task,Figure3.12(b)presentsstatisticson

how many prefetcheswereunnecessary. Notethata prefetchfor a pagethat is in memorybut is on thefree

list is not consideredto beunnecessary, sinceit performsusefulwork by reclaimingthepage.Theleft-hand

columnof Figure3.12(b)shows thatalmostall of theprefetchesissuedto thesystemby therun-timelayer

areuseful.All unnecessaryprefetchesthatareissuedto thesystemoccuraspartof ablockprefetchrequestin

which prefetchingis requiredfor at leastonepage.Themiddlecolumnof Figure3.12(b)shows thefraction

of dynamicprefetchesthatwereinsertedby thecompilerand�ltered outby therun-timelayer. As discussed

in the previous section,it would be extremely dif�cult to remove many of theseunnecessaryprefetches

statically, makingrun-time�ltering the bestoption for reducingoverhead.Finally in the third columnof

Figure3.12(b)we show how many prefetchesarecheckedby therun-timelayer. The largenumbersin this

columnprovide a strongargumentfor makingthe �ltering asef�cient aspossible,andalsohelp to explain

why theusertimecomponentin Figure3.10(a)increasessigni�cantly for someapplications.

Figure3.12(c)quanti�es theperformanceadvantageof therun-timelayer. As we seein this �gure, half

of theapplications(BUK, CGM, FFT andAPPSP) runslowerthantheoriginalnon-prefetchingversionswhen

therun-timelayeris removed.This is not surprisingsincetheoverheadof droppinganunnecessaryprefetch

in the run-timelayer is roughly 1% asexpensive asissuingit to the operatingsystem.From theseresults,

weconcludethattherun-timelayeris clearlyanessentialcomponentfor achieving goodperformancein our

system.

ProblemSizeVariations

Having demonstratedthebene�tsof I/O prefetchingwheretheproblemsizeis roughlytwice aslargeas

theavailablememory, wenow look at theperformancewhentheproblemsizeis varied.

In-Cor e Problem Sizes We begin with caseswherethedatasets�t within mainmemory. In thesecases,

we would expectprefetchingto degradeperformance,sincetheprefetchesincur overheadbut provide little
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Figure 3.15. Performance with in­core data sets (O = original, P = with pref etch; Cold = cold­star ted,
Warm = warm­star ted). Performance is normaliz ed to the original, cold­star ted cases.

or no bene�t. Figure3.15shows two setsof experiments—thecold-startedandwarm-startedcases—ondata

setsthatareroughly10-35%aslargeastheavailablememory. Startingwith thecold-startedcases,we see

thatprefetchingdegradesperformancein four cases,but actuallyimprovesperformancein threecases(BUK,

APPLU, andAPPBT) by hiding the latency of cold pagefaults. To further isolatetheprefetchingoverhead,

we alsowarm-startedtheapplicationsby preloadingall of their datafrom theinput �les into memorybefore

timing the runs. As expected,prefetchingtypically degradesperformancein the warm-startedcasessince

it offersno potentialadvantage.However, we believe that thecold-startedcasesaremorerealisticfor most

applications,sincerealprogramsmustreadtheir inputdatafrom disk.

In theseexperiments,we madeno attemptto minimize prefetchingoverheadfor in-coredatasets,but

this is a problemthat we areplanningto addressin future work. In particular, we cangeneratecodethat

dynamicallyadaptsits behavior by comparingits problemsizewith theavailablememoryat run-time,and

suppressingprefetches(afterthecold faultshavebeenprefetchedin) if thedata�ts within memory. Thefact

that I/O prefetchingcanstill potentially improve performanceeven on relatively small datasetsby hiding

coldpagefaultsis anencouragingresult.

Lar ger Out-of-CoreProblemSizes In additionto lookingatsmallerproblemsizes,wealsoexperimented

with muchlargerdatasetsthanour earlierout-of-coreproblemsizes.Figure3.16shows theperformanceof
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Figure 3.16. Performance with larger out­of­core problem sizes. Number s above application names
indicate how much larger the problem sizes are than availab le memor y.

four applicationswheretheproblemsizeis 4-10timeslargerthantheavailablememory.

For FFT, APPLU andAPPBT theproblemsizeusedin this experimentis approximately200MB, which

requiresthat eachbit in the bit vector representtwo contiguousvirtual memorypages(Recall from Sec-

tion 3.2.1 that we restrict the size of the bit vector to a single page). A larger size is usedfor MGRID

becausethestructureof theprogramrequiresthatthedatasetbecubical.Theproblemsizeusedin ourearlier

experimentswasonly only 20% larger thanthe availablememory–thenext larger problemsize(shown in

Figure3.16)requires464MB of memory, which is approximately10 timesmorethanwhatis available,and

eachbit in thebit vectormustrepresentfour pages.

The granularityof the bit vectorcanpotentiallyhave an impacton performancebecausethe run-time

layeris givenalessdetailedview of thestateof mainmemory. Theresultsin Figure3.16,however, show that

for theseapplicationstheperformanceimprovementsremainlarge. In fact,prefetchingoffersslightly larger

speedupin all thesecasessincethereis moreI/O latency to hide. In addition,APPLU andAPPBT bene�t

from thecoarsergranularitysincefetchingbothpagesin thesetcorrespondingto a givenbit automatically

solvesthealignmentproblemdiscussedearlierin thissection.

CaseStudy: BUK

In this sectionwe take a closerlook at how explicitly prefetchingandreleasingpagesaffectsapplication

performanceby focusingon a singleapplication. We have chosento examineBUK for this casestudyfor
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threereasons:(i) theprogramis shortandeasyto understand;(ii) theproblemsizecanbescaledlinearly;and

(iii) theprogramcontainsbothdirectandindirect references,allowing us to evaluatethecostsandbene�ts

of indirectprefetches.We begin by describingthecomputationanddataaccessesperformedin BUK before

looking at the indirect prefetches.Finally, we examinewhat happensto executiontime aswe move from

in-coreproblemsizesto out-of-coreproblemsizes,bothwith andwithoutprefetching.

Descriptionof Application Figure3.17showsthemaincomputationsperformedby BUK asC sourcecode.

(Theactualprogramthatwe usein our experimentsis written in FORTRAN; in our C representationof this

code,we only show thecomputationsthatarerelevant to this discussion.)BUK takesan arrayof unsorted

integersthatareheldin key , computesthethepositionthateachintegershouldhavewhensortedandstores

thepositionin rank , and�nally copiestheintegersfrom key into key2 usingthevaluesstoredin rank .

The computationsperformedin BUK areorganizedin two phases.During the bucksort procedure,

the input arraykey andthe temporarystoragearrayrank areboth accessedusingdirect references.The

temporaryarraykeyden is usedto recordthe numberof timeseachdistinct valuein the input arraykey

occurs,and then to calculatethe position eachinteger shouldhave when sorted. The keyden array is

accessedby direct referencesin someloops,andby indirect referencesin others.We refer to this phaseas

therankingphasein ourdiscussion.Thesecondphaseoccursafterbucksort in themain procedurewhen

theintegersaresortedby copying eachonefrom key to its properpositionin key2 usingthevaluesstored

in rank . In this phase,which we will refer to asthecopyingphase, rank andkey areaccessedby direct

referenceswhile key2 is accessedindirectly.

All of the array referencesin BUK are identi�ed andprefetchedby our compiler (the bar for BUK in

Figure3.12(a)shows thatthecoveragefactoris 100%).

Bene�ts of Indir ect Prefetches Sincethecompilerhasno informationaboutthelocality of indirectrefer-

encesadecisionmustbemadeatcompiletime to eitheralwaysor neverprefetchthem.To evaluatethecosts

andbene�tsof prefetchingindirect referenceswe examinetheperformanceof BUK whenonly direct refer-

encesareprefetched,andwhenbothdirectandindirect referencesareprefetched.In additionto theoverall
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extern int main() f
int i, j;
int key[8388777], key2[8388777], rank[8388777], keyden[524288];

/* Get the rank for each key */
bucksort(key, rank, keyden, 8388608, 524288);

/* Copy keys in sorted order into key2 */
for (i = 0; i <= 8388607; i++)

key2[rank[i]] = key[i];

/* Test if any keys are out of order */
j = 0;
for (i = 0; i <= 8388606; i++) f

if (key2[i + 1] < key2[i])
j = j + 1;

g
if (j == 0) printf("PASSED: 0 out of place.");
else printf("FAILED: %d out of place", j);

return 0;
g

extern int bucksort(int *key, int *rank, int *keyden, int n, int maxkey) f
int i;

/* Zero the keyden array */
for (i = 0; i < maxkey; i++)

keyden[i] = 0;

/* Count occurrences of each key (the 'key density') */
for (i = 0; i < n; i++)

keyden[key[i]] = keyden[key[i]] + 1;

/* Create running sum (i.e. starting index) of keyden array */
for (i = 1; i < maxkey; i++)

keyden[i] = keyden[i] + keyden[i - 1];

/* Compute rank for each key */
for (i = 0; i < n; i++) f

keyden[key[i]] = keyden[key[i]] - 1;
rank[i] = keyden[key[i]];

g
return 0;

g

Figure 3.17. Sour ce code (C representation) for BUK
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Figure 3.18. Performance for diff erent phases of BUK, normaliz ed to the original, non­pref etching case
(O = original, D = with direct­onl y pref etching, B = with direct and indirect pref etching).

effects,wealsoconsidertheimpactof prefetchingindirectreferencesin eachphaseof theprogramseparately.

The resultsof theseexperimentsareshown in Figure3.18. In this �gure, all barshave beennormalizedto

theoriginal,non-prefetchingexecutiontime. The�rst setof threebars(labeledOverall) show theexecution

time breakdown for theentireprogramfor theoriginal (O), direct-onlyprefetching(D), andbothdirectand

indirectprefetching(B) versions.Fromthesebars,it canbeseenthatprefetchingindirectreferencesreduces

executiontime by anadditional9% over directprefetchingalone.Thesecondsetof threebarsshows what

happensduring the rankingphase,while the �nal setof threebarsshows whathappensduring thecopying

phaseof theprogram.Duringranking,theindirectprefetchesarefor thekeyden array, which is smallcom-

paredto thesizeof memory(only 2 MB) andis alwaysfoundin core.In this phase,directprefetchingalone

is ableto captureall theimportantreferencesandtheindirectprefetchesmerelyintroduceoverheadwith no

bene�t. In thecopying phasehowever, the indirectprefetchesarefor thekey2 array, which is muchlarger

(33MB). Duringthisphase,a largenumberof importantreferencesaremissedby only prefetchingthedirect

references.Theadditionaloverheadof �ltering theindirectprefetchesis amplyoffsetby thereductionin I/O

stall time for thecopying phase.

Ideally, wewould like to beableto achieve thebestof bothworlds—avoid schedulingindirectprefetches

whenthe locality of the indirect referencesis good(asin the rankingphase)andissueindirect prefetches

aggressively whenthelocality is poor(asin thecopying phase).This couldpotentiallybeaccomplishedby
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Figure 3.19. Performance of BUK (cold­star ted) across a rang e of problem sizes.

creatingmultiple versionsof the loops(onein which indirectionsareprefetchedandonein which they are

ignored)andchoosingthebestoneto executebasedon thedynamicconditionsat run-time.

Crossingthe In-core/ Out-of-coreBoundary In BUK, theamountof work to bedonegrowslinearlywith

theproblemsize.Ignoringpagefaults,wewouldnormallyexpecttheexecutiontimeto alsoincreaselinearly

with theproblemsize.To show how performanceis affectedwhenanapplicationrunsout of physicalmem-

ory, weexecutedBUK with problemsizesrangingfrom roughlyonequarterto twicethesizeof mainmemory

bothwith andwithoutprefetching.Theexecutiontimesfor eachproblemsizeareplottedin Figure3.19.

Theoriginalversionof BUK (withoutprefetching)suffersa largediscontinuityin executiontimeoncethe

problemnolonger�ts in memory(recallthatourprototypehas64MB of physicalmemory, with about48MB

availableto theapplication).In contrast,theprefetchingversionof thecodesuffersno suchdiscontinuity—

executiontime continuesto increaselinearly. For this particularapplication,theprefetchingversionof the

codeconsistentlyoutperformstheoriginalcode,sinceevensmallproblemsizesbene�t from prefetchingcold

misses.(For BUK, it is morerealisticto cold-startthe application,sinceit mustalwaysreadits input data

setfrom disk.) Hencethis applicationexempli�es whatwe areattemptingto accomplishwith automaticI/O

prefetching:programmerscanwrite their codein a naturalmannerandstill achieve goodperformance,even

for out-of-coredatasets.
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3.3 Experiencewith a commercial operating system:I RI X

Like HURRICANE, IRIX 6.5 is designedto run on high-performancemultiprocessors,however unlike

HURRICANE, it doesnothave a microkerneldesign.Major subsystemsin IRIX includescheduling,interpro-

cesscommunication,memorymanagementand�le systems.Theoverall structureof our implementationon

thisplatformis illustratedin Figure3.20.Wenow takeadetailedlook at this implementation,focusingagain

on theprefetchoperationandits performanceimpact.

3.3.1 Implementation

We have implementedsupport for user-level paging directives (i.e. prefetchand release)within the

SGI IRIX 6.5 operatingsystem. IRIX 6.5 supportsa MemoryManagementControl Interface, which con-

sistsof policy modulesthat allow usersto selectvariouspoliciesfor pagesize,allocation,migration,and
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replication.A policy modulemaybeconnectedto any rangeof anapplication's virtual addressspace,down

to the level of a singlepage.We have de�ned a new policy module—called“PagingDirected”—that allows

a user-level processto invoke prefetchandreleaseoperationson pagesof its addressspaceassociatedwith

this policy. In addition,thePagingDirectedpolicy modulesharesinformationaboutmemoryusagewith the

applicationthrougha single16KB page.This pageis allocatedby theoperatingsystemandmappedread-

only into the application's addressspacewhenthe PagingDirectedpolicy moduleis created.The pageis

usedprimarily asa bitmap,indexedby virtual pagenumber, in which bits areturnedon to indicatethat the

correspondingpageis in memory, andclearedotherwise.We alsousethesharedpageto convey additional

informationto the run-timelayer, suchasthe amountof memorystill availableandthe currentsizeof the

application's residentset.Wewill examinehow therun-timelayerusesthis informationin Chapter4.

WhenthePagingDirectedpolicy modulereceivesarequestto prefetchapage,it performsactionssimilar

to thosethatoccurfor a pagefault, with two notableexceptions.First, if thereis no freememoryavailable

to allocatefor theprefetcheddata,theprefetchrequestis discardedimmediately. Second,whentherequest

completes,the prefetchedpageis not fully validatedandno entry is madein the TLB. The secondfeature

preventsmappingsfor prefetched(andnot yet referenced)pagesfrom displacingTLB entrieswhich arestill

in use.

Requeststo releasepagesare handledby passingthe releasedaddressesto a new systemreleasing

daemon—calledthe releaser—which is similar in function to the pagingdaemon,but is specializedto re-

claimonly thepagesspeci�edby theapplication.Whenareleaserequestis made,thePagingDirectedpolicy

moduleclearsthebits for thepagesandenterstherequestin thereleaser's work queue.Thereleaserhandles

requestsfrom eachprefetching/releasingapplicationasthey arereceived,�rst checkingthebit vectorto make

surethatthepageshave not beenreferencedagain (eitherby a prefetchor a realreference)betweenthetime

that the applicationmadethe requestandthe time that the requestis handled.The releaserthenperforms

all actionsneededto free the pages,including the allocationof swapspaceandwriting backdirty pagesif

necessary. Releasedpagesareplacedat theendof thefreelist, sothatthey will notbereallocatedfor another

purposeimmediately. This strategy givespagesthatwerereleasedtoo earlya chanceto berescuedfrom the
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freelist.

All updatesto the sharedpagearehandledby the operatingsystem. Whenthe PagingDirectedpolicy

moduleis created,all bits in thesharedpageareinitially set.Whentheapplicationattachesthepolicy module

to a region of its virtual addressspace,thebits correspondingto thoseaddressesareall cleared.Thereafter,

bitsareturnedonwheneveraphysicalpageis allocatedfor avirtual pageassociatedwith thispolicy module,

eitherdueto prefetchrequestsor ordinarypagefaults. Bits areclearedwhenpagesarereclaimed,eitherby

anexplicit releaserequestor dueto default pagereplacementactivity. Note thatsincethebasepagesizein

IRIX 6.5 is 16KB, we areableto represent2GB of memoryusinga granularityof onepageperbit, which is

suf�cient for a 32-bit addressspace.For 64-bit addressspacesthatareexpectedto besparselypopulated,a

multi-level bit vectorschememaybemoreappropriatethanrequiringasinglebit to representmultiplepages.

To achieve the full bene�t of prefetching,we needto beableto both fetchdataasynchronously(so the

applicationcancontinueafter issuingthe prefetch)andtake advantageof any availableparallelismin the

underlyingdisk subsystem.The run-time layer accomplishestheserequirementsby creatinga numberof

Pthreads[29] thatmake theactualcalls to thePagingDirectedpolicy moduleandwait for theprefetchesto

complete.Whenaprefetchrequestinsertedby thecompileris interceptedby therun-timelayer, thebitvector

is �rst checked to seeif a prefetchis really needed.Then, if necessary, the requestis placedon a work

queueandoneof theprefetchingthreadsis signaledto handlethe request.Theprefetchingthreadssimply

remove requestsfrom thequeueandissuethemto thePagingDirectedpolicy. This Pthreads-basedapproach

to achieving asynchronousprefetchingis very similar to theimplementationof theasynchronousI/O library

in IRIX.

As with HURRICANE, extensive instrumentationwasaddedto theIRIX memorymanagementroutinesto

enableusto evaluateourapproach.

3.3.2 Evaluation of I RIX Implementation

Having demonstratedthe effectivenessof compiler-insertedI/O prefetchingon a researchplatform,we

now focuson whetherthesesigni�cant performancegainscanalsobe achieved on a moderncommercial
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MemoryRequired Original
% of Execution

Name InputDataSet Absolute Available Time (mins)

BUK 224 20-bit integers 206MB 275% 9.5
CGM sparsematrixwith 15,167,342non-zeros 206MB 275% 49.2

EMBAR 224 randomnumbers 134MB 179% 8.4
FFT 256x128x128matrixof complex numbers 235MB 313% 28.3

MGRID 256x256x256matrix 452MB 600% 14.9
APPBT 5x5x64x64x64matrices 189MB 252% 37.3
APPLU 5x5x62x62x62matrices 219MB 292% 13.6
APPSP 110x110x110matrices 213MB 284% 74.9

Table 3.3. Application characteristics on IRIX.
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Figure 3.21. Overall perf ormance impr ovement from pref etching and releasing on IRIX (O = original, P
= with pref etching and releasing).

system—inthis case,anSGI Origin 200machine[36] runningour modi�ed versionof IRIX 6.5. Sincethis

modernsystemhasmoreavailablephysicalmemorythantheresearchplatformweconsideredearlier(75MB

vs. 48 MB, asdiscussedearlierin Section2.4.1),we have increasedtheproblemsizesof theNAS Parallel

benchmarksaccordingly, asshown in Table3.3.

Figure3.21shows theresultsof our experiments,whereexecutiontime is onceagain brokendown into

four categories.Justasbefore,thetopsectionis I/O stall time, thebottomsectionis usermodetime,andthe

middle two sectionsaresystemmodetime. In contrastwith our HURRICANE experiments,however, these

latter two componentsarenow brokendown into time spentexecutingsystemcode(system), which in this
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caseis primarily time spentin the fault handlingcode,andtime spentwaiting for resourcesheld by other

processes(resourcecontention) suchaslocks,theCPU,memory, etc.

As we seein Figure3.21,mostof the applicationsareenjoying large performancegainsasa resultof

compiler-insertedI/O prefetchingon thiscommercialsystem.In six of theeightcases(BUK, CGM, EMBAR,

FFT, MGRID, andAPPLU), the I/O stall timeshave beenreducedby 50%to 99%, thusresultingin overall

programspeedupsrangingfrom 34%to over twofold. In theothertwo cases(APPSP andAPPBT), I/O stall

timesarereducedby only 11%to 25%,resultingin moremodestoverall programspeedups.While a direct

comparisonwith the earlierHURRICANE experimentswould be meaninglessbecauseso many parameters

have changed(e.g.,thehardware,thesystemsoftware,theapplicationinputs,etc.),we neverthelessobserve

the samegeneraltrends. Note that APPLU shows muchgreaterbene�t on the IRIX system,however. The

poorperformanceon HURRICANE wastheresultof a default compileroption that limited codegrowth and

preventedtheprefetchingtransformationfrom beingappliedin onecritical routine.This limit wasincreased

for theIRIX experiments,allowing usto obtainabetterindicationof APPLU behavior with prefetching.

In all cases,we observe in Figure3.21thatsystemoverheads(i.e. systemtimeandresourcecontention

combined)actuallydecreaseoncewe addprefetchingandreleasing.Therearetwo reasonsfor this. First,

prefetchrequestsareservicedby separatethreads(implementedusingPthreads[29], asdiscussedearlierin

Section3.3) that canpotentiallyrun on otherprocessors,sincethe Origin 200 is a multiprocessor. Hence

someof the systemsoftwareoverheadassociatedwith servicingpagefaultscanpotentiallybe overlapped

with usefulcomputation.Second,by usingreleaseoperationsto keepasuf�cient amountof physicalmemory

free,wecanavoid resourcecontentionwith thesystempagingdaemonasit triesto determinewhichpagesit

shouldreclaim.(A detailedanalysisof this lattereffect waspublishedrecently[10].) While thereductionin

I/O stall time is thedominanteffect in improving performance,many applicationsalsobene�t signi�cantly

from theseoverheadreductions.

To help gain further insight into the performanceof theseapplicationson IRIX, Figure 3.22 shows a

breakdown of how prefetchingaffectedtheoriginal pagefaults. It is interestingto comparethis graphwith

Figure3.12(a),which showedthesamebreakdown for theHURRICANE experiments.As expected,thefrac-
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Figure 3.22. Impact of pref etching on the original page faults under IRIX.

tion of originalpagefaultsthatthecompilerfailedto prefetch(i.e. thenonprefetchedfault category) is quite

similar acrossthetwo systems,sinceit largely re�ects limitationsin thecompileranalysisthatarecommon

acrossbothplatforms(with theexceptionof APPLU, whereprefetchingon HURRICANE wasrestricteddue

to codegrowth limits asdescribedearlier). ThemostnoticeablechangebetweentheHURRICANE andIRIX

experimentsis the relative fractionof prefetchesthatwereearlyenough(i.e. prefetchedhit) versustoo late

(i.e. prefetchedfault). ComparingFigure3.22with Figure3.12(a),we seethatmoreof theprefetcheson the

IRIX platformwerenot launchedearlyenough,andthusfailedto hideall of thepagefault latency. Thereason

is thatwe have a signi�cantly larger relative disk latency on theOrigin 200,dueto its muchfasterproces-

sors,which is harderto hidefully. Problemswith lateprefetchesin theHURRICANE experimentsthatwere

alreadyapparentin Figure3.12(a)—asdiscussedin Section3.2.2—tendto beampli�ed, andareexposedin

new places.Themostdramaticexampleof this effect is CGM: roughly23%of theprefetchesareissuedtoo

lateunderIRIX, while they werenearlyperfectunderHURRICANE. To overcomethis limitation, thecompiler

mustdoabetterjob of usingsoftwarepipeliningto scheduleprefetchesearlyenoughin thepresenceof small

or staticallyunknown loop bounds.Despitetheselateprefetches,however, we arestill achieving impressive

performancegainsfor themajority of theapplications,con�rming thatcompiler-insertedI/O prefetchingis

aneffective techniquefor acceleratingout-of-coreapplications,evenonstate-of-the-artcommercialsystems.
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3.4 Lessonsand Limitations

Fromour experienceswith thetwo implementationsof our designfor compiler-directedI/O prefetching

describedin thischapter, weextractthefollowing lessons:

� The overall designanddistribution of responsibilitiesis effective. Sharinginformationbetweenthe

systemcomponentsenablesbetterdecisionsthanwould bepossibleusingtheinformationavailableto

any singlecomponentin isolation.

� A user-level dynamicadaptationlayer is critical for achieving goodperformance.Althoughvery ef-

fective in many cases,thecompileranalysiswill never achieve perfectstaticprediction,andit is too

expensive to consulttheoperatingsystemto resolve eachmistake.

� Complicatedoperatingsystemmemorymanagementpoliciesarenot required.Simplesupportallow-

ing applicationsto specifytheir own needs,combinedwith exposinginformationto theuser-level, is

suf�cient.

In thecaseswhereoursystemfailedto hidetheI/O latency completely, wehaverepeatedlyfoundthatthe

compileranalysisis hamperedby theneedto choosea singlecodetransformationwith incompleteinforma-

tion (dueto symbolicloop bounds,varyingmemoryavailability andothercompile-timeunknowns). While

dynamicadaptationis a key componentof our system,our run-timelayer is only ableto reactto requests

insertedby thecompiler. In thecaseof prefetches,if thecompilerfails to inserta requestfor a givenrefer-

ence,or fails to scheduletherequestearlyenough,therun-timelayercannotcorrectthesituation.To address

this limitation, the compilerneedsto generatecodeso asto effectively defer the schedulingof prefetches

until run-time,which is thesubjectof Chapter5. In thecaseof releases,thecompilermay inserta request

for a givenreferencetoo early. We addressthis in Chapter4, wherewe describeextensionsto thecompiler

algorithmwhich allow therun-timelayerto buffer releaserequestsuntil they areneeded,andthenprioritize

thembasedon their inherentreusecharacteristics.



Chapter 4

Performancein Multipr ogrammed

Envir onments
Predictionis verydif�cult, especiallyaboutthefuture. — NielsBohr

In the�rst partof ourevaluation(Chapter3),ourfocuswasonusingprefetchingto hidetheI/O latencyof out-

of-coreapplicationsrunningon a dedicatedmachine.In this chapter, we focuson usingreleaseoperations

to manage physicalmemoryintelligently within a multiprogrammingworkloadthat includesanout-of-core

application.Thisproblemis importantfor threereasons.First,wemaybeableto leverageourknowledgeof

accesspatterns(extractedvia compileranalysis)to implementapplication-speci�creplacementpolicies.By

managingmainmemorymoreef�ciently , demandontheI/O subsystemcanbereduced,allowing prefetching

to bemoreeffective. Second,wecanreducetheamountof work performedby thepagedaemonby explicitly

identifying pagesthat canbe freed. By replacingwork doneby the pagingdaemonat run-timewith work

doneat compile-time, we canspendmoretime executinguserprogramsinsteadof thepagedaemon.Third,

wecanlimit theamountof memoryconsumedby theout-of-coreprogram,leaving morememorypagesfree

for useby otherapplications.

Althoughwe includedthereleaseoperationsfor theresultsin Chapter3, we did not attemptto improve

85
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onthecompileranalysisdynamically, beyond�ltering outreleasesfor pagesthatwerenot in memory. Onthe

HURRICANE platform,for stand-aloneout-of-coreapplications,explicitly releasingmemorydid not resultin

a signi�cant performancebene�t over prefetchingalone. The bene�ts of releaseson the IRIX platformare

quitedifferent,andweexplorethemin detail in thischapter.

We begin our discussionin Section4.1 by examiningwhy out-of-coreprogramscauseproblemsfor the

defaultmemorymanagementpoliciesof operatingsystems,especiallywhenmixedwith interactivetasksthat

have very differentcharacteristics.We thenbrie�y considersomealternativesfor addressingthis problem

in Section4.2, andadvocatea pro-active approachin which out-of-coreprogramsaregiven the ability to

controltheirown memoryusage.Detailsof ourcompileralgorithmfor explicitly releasingpagesaregivenin

Section4.3andtheextensionsto theoperatingsystemandrun-timelayerin Sections4.4and4.5,respectively.

Theimpactof thereleaseoperationon theout-of-coreandinteractive applicationperformanceis thesubject

of Section4.6;out-of-coreperformanceis studiedin Section4.6.2,theeffectivenessof thereleaseoperation

is studiedin Section4.6.3andthe effect on concurrentlyexecutinginteractive applicationsis examinedin

Section4.6.4.Weendthechapterby summarizingthemainresultsin Section4.7.

4.1 Issueswith Interacti veApplications

In thepreviouschapter, wedemonstratedthatout-of-coreapplicationscanachieveexcellentperformance

onadedicatedmachine,however, it wouldbefarmorecost-effectiveif thesetaskscouldcoexist with otherap-

plicationsin amultiprogrammedenvironment.Unfortunately, out-of-coretaskshavethepotentialto severely

degradethe performanceof other taskswhich are attemptingto usethe machineat the sametime. This

problemarisesbecauseoperatingonmassivedatasetsconsumesphysicalresources(memoryanddiskband-

width) ata rapidrate,displacingtheworkingsetsof otherapplicationsandincreasingtheirpagefaultservice

times.To make mattersworse,successfulprefetchingcausesphysicalresourcesto beconsumedevenfaster,

increasingthenegative impactonotherapplications.

In many cases,the excessive resourceconsumptionby out-of-coretasksis causednot by inherentre-

sourcerequirements,but ratherby sub-optimalresourcemanagementpoliciesin theoperatingsystem.While
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Figure 4.1. Impact of sharing the machine with an out­of­core matrix­vector multiplication (MATVEC)
on the response time of an interactive task across a rang e of sleep times between touc hing 1 MB of
data.

thedefault policiesperformwell in mostcases,they arepoorly suitedto thedemandsof memory-intensive

programs.For instance,mostcommercialoperatingsystemsuseaglobalpagereplacementalgorithm,which

allows pagesto be stolenfrom any applicationto satisfypagefaults. Variousapproximationsof a least-

recently-used(LRU) policy, or the well-known clock algorithm [15] are common. Interactive tasksare

particularly vulnerablein suchan environmentsincethey are unableto defendtheir memoryeffectively.

Consideraneditorprogramwhichmayhavenomemorysystemactivity for severalsecondswhile it waitsfor

userinput. A programcomputingtheinnerproductof two out-of-corevectorscouldeasilysweepthroughall

of physicalmemoryin this time,stealingpagesfrom theeditorasthey move to theheadof theLRU queue.

In thiscase,theout-of-corecomputationcouldhaveachievedthesameperformanceusingonly two pagesof

physicalmemory, allowing theeditor to retainits pagesandremainresponsive regardlessof theintervening

delay.

To illustrate the impact of out-of-coreapplicationson interactive performance,we ran the following

experimentona4-processorSGIOrigin 200con�guredto haveapproximately75MB of memoryavailableto

userprograms.A simpleprogramemulatesthememorysystembehavior of aninteractive taskby repeatedly

touchinga 1 MB dataset,thensleepingfor a �x edamountof time. By varyingtheamountof sleeptime we

cancontrolthefrequency with which eachpageof the“interactive” taskis accessed.The“responsetime” is
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the time to touchtheentiredataset. This programis run concurrentlywith onethat repeatedlyperformsa

matrix-vectormultiplicationon anout-of-coredataset(400MB). Theresultsareshown in Figure4.1. With

nosleeptime,the“interactive” taskdefendsits memoryextremelywell, achieving thesameresponsetimeas

on a dedicatedmachine.As thesleeptime increases,however, thetaskincursanincreasingnumberof page

faultsandtheresponsetime rises.Whentheout-of-coreprogramusesprefetching,theresponsetime of the

interactive taskbeginsto increaseatmuchshortersleeptimes,growsmuchfaster, andrisesto ahigherlevel.

Prefetchingcombinedwith globalreplacementputstheinteractive taskataseriousdisadvantage.

In recognitionof theshortcomingsof existing operatingsystempolicies,a signi�cant amountof recent

researchhasfocusedon customizableoperatingsystems(asdiscussedin Section1.2.5). While a customiz-

ableoperatingsystemcouldprovide the�e xibility to tailor theresourcemanagementpoliciesfor out-of-core

codes,our resultsin this thesisdemonstratethatwe canachieve thedesiredoutcome(i.e. customizablebe-

havior) in thisparticularcasethroughrelatively modestextensionsof today'scommercialoperatingsystems.

The role of the operatingsystemcontinuesto be the global allocationof resourcesacrossall applications,

while therole of eachout-of-coreapplication(via thecompilerandrun-timelayer) is to effectively manage

theresourcesit hasbeengranted.

4.2 Alter nativesfor Memory Management

The goal of a virtual memorymanagementsystemin a multiprogrammedenvironmentis to sharethe

physicalmemoryresourcesamongall thecompetingapplications.Most operatingsystemsprovide policies

thatperformwell in thecommoncase,but exhibit badbehavior whenamemory-intensiveprogramis sharing

themachinewith others.In this sectionwe discusswhy it maybebene�cial to give demandingapplications

controlover their own memorymanagement,andexaminesomeformssuchcontrolcouldtake.

4.2.1 Global vs. Local Replacement

An out-of-coretaskcandegradethe responsivenessof an interactive taskbecauseglobal replacement

policiesselectvictims from amongall the pagesin the systemwithout regard to ownership. In contrast,

a local pagereplacementstrategy helpsto isolateeachprocessfrom the pagingactivity of others. Each
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processis allocateda �x ed set of physical pagesand a victim is selectedfrom amongthem as needed.

Thus, interactive taskswould not have to worry aboutlosing pagesto a demandingout-of-coreprogram.

Unfortunately, poor memoryutilization may occur, as pagesare not allocatedto processesaccordingto

their need.Attemptingto determinetheright numberof pagesto allocateto eachprocessanddynamically

adjustingthis numberduring executioncan improve memoryusagebut greatlycomplicatesthe operating

system.A second,andmoreseriousproblem,with dynamicallyadjustingtheallocationsis thatout-of-core

programsmaystill beallocatedtoomany pagesat theexpenseof interactive tasks.For instance,re-allocation

strategiesbasedon pagefault frequency [14] couldbe fooledby theconsistently-highpagefault rateof an

out-of-coreapplication.In practice,mostworkstationoperatingsystemsuseglobalpagereplacement.

Although local replacementpoliciescanhelp to insulateprocessesfrom eachother, they may not pro-

vide thebestreplacementpolicy for eachapplication.Ratherthanalteringtheoverall strategy employedby

the operatingsystem,it is preferableto modify individual applicationsso that their competitionfor phys-

ical resourcesbetterre�ects their actualneeds. This approachenablesapplicationsto improve their own

performancethroughlocal replacementdecisionsthat aresuperiorto thoseusedby the operatingsystem.

The largestdrawbackof specializingapplicationsto do memorymanagementis the burdenplacedon the

programmer;however, in our framework all thenecessarymodi�cationsareperformedautomaticallyby the

compiler.

4.2.2 Application­ManagedReplacement

Giving specializedapplicationsmorecontrolover their own memorymanagementto improve their per-

formancehasbeensuggestedbefore. For instance,the Mach operatingsystemsupportsexternalpagersto

allow applicationsto control the backingstorageof their memoryobjects[44]. Extensionsto the external

pagerinterfacehave beenusedto implementuser-level pagereplacementpolices[38], andto supportdis-

cardablepages(i.e.dirty pagesthatdonotneedto bewrittento backingstore)[51]. In contrast,ourapproach

shows thatspecializedapplicationscanandshouldexploit extra control for thebene�t of otherapplications

executingconcurrently. This is especiallytruefor programsthatuseprefetchingto improve theirown perfor-
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mancesincethegainsthey enjoy imposeaheavy penaltyonotherprocessessharingthesystem.In thiscase,

theoperatingsystemcouldrequirethatprefetchingapplicationsalsoexplicitly releasepages.

Given thatapplication-controlledmemorymanagementis desirable,onepossibility is for theoperating

systemto allow applicationsto choosefrom a smallsetof “reasonable”replacementpolicies. This strategy

doesnot requiremucheffort on thepartof theapplicationprogrammer, but alsodoesnotprovideagreatdeal

of poweror �e xibility . Anotherpossibilityis for theoperatingsystemto provideamoregeneralinterfacethat

allows applicationsto explicitly specifywhich of their pagescanbereclaimed.This approachis preferable

sinceindividualapplicationscanimplementavarietyof replacementpoliciestailoredto their speci�c needs.

Application managementof memoryresourcesthroughan interfacethat allows individual pagesto be

speci�edcanbeeitherreactiveor pro-active. In a reactiveapproach,theoperatingsystemnoti�es theappli-

cationwhenoneor moreof its pagesis aboutto bereclaimed.Theapplicationcanthenimplementits own

replacementpolicy by telling thesystemwhich pagesto take. This is essentiallytheapproachtakenby the

VINO pageeviction extension[47], for example.A reactivesystembene�tsapplicationsthatcanmakebetter

replacementdecisionsthanthedefault operatingsystempolicy, andhastheadvantageof delayingthedeci-

sionuntil memoryactuallyneedsto be reclaimed.Unfortunately, it will not help isolateotherapplications

from amemory-intensive one—theoperatingsystemstill decideswhichprocessesshouldgive uppages.

In a pro-activesystem,anapplicationreturnspagesto thesystembefore they arestrictly required,either

assoonasthey areno longerneededor basedon someothercriteria suchasthe amountof free memory.

A pro-active approachcanobviate theneedfor theoperatingsystemto stealpagesby increasingtheglobal

pool of freememory, thusproviding bene�t to all applicationssharingthesystem.Of course,thepro-active

approachis not without potentialcostto theapplicationusingit. If thedecisionto releasememoryis made

without full knowledgeof future accesses,asis typically the case,thenthe applicationmay give up pages

thatarestill useful.

Oursystemallowsapplicationsto pro-actively returnmemoryto thesystemonapage-by-pagebasis,for

the mutualbene�t of themselvesandotherconcurrentlyexecutingapplications,without placingany addi-

tional burdenon theprogrammer. We now describetheextensionsto eachof the threepartsof our system
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(thecompiler, therun-timelayerandtheoperatingsystem)thatareneededto supporttheeffectiveuseof the

releaseoperation.

4.3 Compiler Support

To determinewhethera given pageshouldbe releasedat a particularpoint, the compiler attemptsto

answerthefollowing questions.First,will thepagebereferencedagain in thefuture(i.e.,doesthereference

have reuse)? If not, thena releasehint is inserted.Second,is the numberof otheruniquepagesthat will

beaccessedbeforethepageis reusedlessthantheexpectedamountof availablememory(i.e., is therealso

locality)? If not, thenthe pageis unlikely to remainin memory, anda releasehint is inserted.Otherwise,

releasehintsarenot inserted.

4.3.1 Complicationswith GeneratingReleaseRequests

Thereis a certainduality betweenthe analysisfor insertingprefetchesandreleases.In both cases,the

compilerattemptsto modelwhenpagesarebeing reused,andwhetherenoughinterveningaccessesexist

betweenthesereusesto causedisplacement.For prefetching,the questionis whethera given pagehas

remainedin memorysinceits lastuse(if so,wedonotneedto insertaprefetchhint for it); for releasing,the

questionis whethera givenpagewill remainin memoryuntil its next reuse(in which casewe do not want

to releaseit). Onedifference,however, is thatprefetchingusesthis analysisonly to minimizeoverheads—

thelatency-hiding bene�t of prefetchingdependsonly on schedulingprefetchesearlyenough—whereasthe

bene�t of releasehintsdependsdirectlyon thequalityof this reuseanalysis.

Ideally, thecompilerwouldbeabletoanalyzethedataaccessesperfectlyandinsertthesepagingdirectives

preciselywherethey areneeded.However, this idealis not realisticfor thefollowing two reasons.First,one

cannotalwayspredictmemoryaccesspatternswith only staticinformation. They maydependon run-time

parameters(suchastheproblemsizefor thecurrentrun)or bedata-dependent(suchastheindirectreferences

that often occur in sparse-matrixprograms,e.g., a[b[i]] ). While it is possibleto issueprefetchesfor

indirectreferences[21,40], it is notpossibleto reasonstaticallyaboutany reusethatthey mayhave,andhence

it is notclearthatthecompilercangenerateusefulreleasehintsfor them.Thesecondmajorlimitation of the
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(a)Sourcecodefor averagingnearest-neighbors
for (i = 0; i < N; i++)

for (j = 0; j < N; j++)
a[i][j] = (a[i+1][j-1] + a[i+1][j]

+ a[i+1][j+1] + a[i][j-1] + a[i][j]
+ a[i][j+1] + a[i-1][j-1] + a[i-1][j]
+ a[i-1][j+1])/9.0;

(b) View of datareferencesto thematrixa

Trailing reference
a[i-1][j-1]

a[i][j]

j

i

Leading reference
a[i+1][j+1]

Leading edge
references

Figure 4.2. Example sour ce code sho wing multiple references with diff erent types of reuse , and graph­
ical view of the data accesses during a single iteration of the innermost loop.

compileris that it decideswhenreusewill resultin locality basedon anassumptionof how muchmemory

will beavailableto theapplicationat run-time. In a multiprogrammedenvironment,suchassumptionsmay

be wildly inaccurate,especiallysincethe amountof availablememorymay �uctuate dynamicallyduring

execution.

For thesereasons,it may be undesirableto actuallyreleasea pageat the point wherethe compilerhas

insertedthe correspondingreleasehint. Instead,the run-timelayer shouldcollect informationaboutpages

thatcouldbereleased,accordingto thecompiler-generatedaddresses,andactuallyperformthereleasesonly

whennecessary. In additionto theaddressesof releasablepages,thecompilershouldincludesomeindication

of whetherit believesthereleasedpageswill beusedagainor not.

4.3.2 An Exampleof Data Reuseand the Effect on Releases

To helpillustratetheseconcepts,we now presenta simpleexample.Figure4.2(a)shows thesourcecode

for a calculationthataveragesanelementof amatrixwith its neighbors,while Figure4.2(b)depictsthedata

elementsthataretouchedduringasingleiterationof theinnermostloop. Thereferenceshave temporalreuse

alongthe i dimension(sincethe itemsaccessedat a[i+1][*] aretouchedagain in thenext iterationsof

the i -loop). Thereis spatialreusealongthe j dimension,andtheremay alsobe spatialreusealongthe i
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dimension,dependingon thelengthof therows.

We canidentify two majorworking setsin this accesspattern.At thesmallestlevel, we needto hold the

leadingedgeof thedataaccesssquare(thosereferencesindexedby j+1 ) in memory, requiringat mostone

pagefor eachof thethreereferenceson thisedge.Exceptatpageboundaries,thereferencesindexedby j-1

will fall on thesamepageasthis leadingedgedueto spatialreuse.We thereforeneedat mostsix pagesto

fully exploit thespatialreusealongthej dimension.Thesecondlevel workingsetexploitsthetemporalreuse

alongthei dimension,requiringusto hold threerows of thematrix in memory, sothattherow �rst indexed

by i+1 in oneiterationwill still beavailablefor the i andi-1 referencesin thesubsequentiterations.Of

course,thereis alsoa third level, whichcorrespondsto keepingtheentirematrix in memory.

The compilercandeterminepreciselywhich referencesto prefetchandreleaseif it hasthe dimensions

of thematrix anda goodestimateof thephysicalmemoryavailable.To successfullyexploit thereuseacross

iterationsof the i loop, we needto retain threerows of the matrix in memory. If this is possible,thena

prefetchwill beinsertedonly for theleadingreference,a[i+1][j+1] , andareleasewill beinsertedfor the

trailing reference,a[i-1][j-1] . This correspondsto keepingthesecondlevel working setin memory. If

theamountof memoryneededto hold threerows is lessthantheamountavailable,thecompilerwill instead

decideto prefetchall threereferenceson the leadingedgeof the dataaccesssquare(i.e. the a[i+1][*]

references)andreleasethereferenceson thetrailing edge,correspondingto the�rst level workingset.If the

dimensionsof thematrixareunknown atcompile-time,thecompilermustchoosebetweenthesetwo options.

Sinceover-estimatingtheability of memoryto retaindataleadsto missedopportunities(bothfor prefetching

andreleasing),it is preferableto assumethatonly thesmallestworking setwill �t in memory. Therun-time

layeris responsiblefor reducingtheoverheadof unnecessaryoperationsthatresult.

4.3.3 Implementation of Compiler Analysis

Our previousdiscussionof thecompilerimplementationin Section3.1describedhow reuseandlocality

analysisis usedto identify referencesthatshouldbeprefetchedandreleased,andhow theseoperationsare

scheduledusingloop splitting andsoftwarepipelining techniques.Here,we describehow that implemen-



CHAPTER4. PERFORMANCEIN MULTIPROGRAMMED ENVIRONMENTS 94

tation wasextendedto alsoencodereuseinformationinto the releasehints, allowing the run-timelayer to

choosewhich pagesto release�rst. Note that for indirect references(e.g.,a[b[i]] ), we do not inserta

releaserequestsinceit is toohardto predictwhetherthedatawill beaccessedagain.

In additionto identifying theaddressesof datathatcanbereleased,thecompileralsoindicateswhether

the datahastemporalreuse,andhow soonthe reuseis expected,basedon the reuseanalysis.(Recall that

releasesmaybegeneratedbecausethe reuseis not expectedto resultin locality). Thereuseinformationis

encodedasa priority valuewhich is passedasa parameterin thereleaserequests;largernumbersrepresent

referenceswith earlierreuse—i.e.thosewhichwewouldmostpreferto retainin memory. Thereleasepriority

is calculatedasfollows. Let depth(i ) denotethedepthof loop i , with theoutermostloop nesthaving a depth

of 0. Let temporal(x) bethesetof nestedloopsin whichreferencex hastemporalreuse.Thereleasepriority

is computedby thefollowing equation:

priority(x) =
X

i 2 temporal(x )

2 depth(i ) (4.1)

Therun-timelayercanusethis informationto prioritizewhichpagesareactuallyreturnedto thesystemwhen

thememoryusageapproachestheupperlimit, attemptingto retainthosepagesthatwill bereusedearlierto

reducethetotal amountof paging.

Figure4.3 shows an exampleof the outputof our compiler for a setof loops that repeatedlyperform

a matrix-vectormultiplication. The compileranalysishasdeterminedthat referencesto the b arrayhave

temporalreusewith respectto boththei -loopandtheiter -loop,but thatthis reuseis notexpectedto result

in locality sincethe volumeof dataaccessedbetweenreusesis morethanthe memorysizeparameter. In

contrast,referencesto the a arrayhave temporallocality with respectto the iter -loop only. Both array

referenceshavespatialreuse(andlocality) causingthecompilerto scheduleprefetchesfor the�rst reference

to eachpage,andreleasesafterthelastreferenceto eachpage.Usingequation(4.1),a releasepriority of 1 is

assignedto thereleasesfor thea array, andapriority of 3 is assignedto thereleasesfor theb array, indicating

that b's pageswill be reusedbeforea's pages.Neitherprefetchesnor releasesareinsertedfor the c array
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(a) Original Code

int a[100][1000000];
int b[1000000];
int c[100];

for (iter = 0; iter < 10; iter++)
for (i = 0; i < 100; i++)

for (j = 0; j < 1000000; j++)
c[i] = c[i] + a[i][j]*b[j];

(b) Codewith Prefetchand Release

for (iter = 0; iter < 10; iter++) f
for (i = 0; i < 100; i++) f

prefetch block (&a[i][0], 56, 1, 0);
prefetch block (&b[0], 56, 3, 3);
for (j1 = 0; j1 < 770048; j1 += 16384) f

prefetch release block (&a[i][245759 + j1],
&a[i][j1-16384], 4, 1, 2);

prefetch release block (&b[245759 + j1],
&b[j1-16384], 4, 3, 5);

for (j = j1; j < j1 + 16384; j++)
c[i] = c[i] + a[i][j]*b[j];

g
for (j = 770048; j < 1000000; j++)

c[i] = c[i] + a[i][j]*b[j];
release block (&a[i][770048], 56, 1, 1);
release block (&b[770048], 56, 3, 4);

g
g

Figure 4.3. Example of the output of the pref etching compiler . Arguments are: (pref etch address,
release address, number of 16KB pages, release priority , request identi�er)

sincethis item is smallerthanapageandis expectedto remainin memory.

4.4 Implementation of Operating SystemSupport for Release

As describedin Section3.3.1,theoperatingsystemhandlestheprefetchandreleaserequests,andmain-

tainsthesharedpagewhich is usedprimarily asa bitmap,indexedby virtual pagenumber, in which bits are

turnedon to indicatethatthecorrespondingpageis in memory, andclearedotherwise.To allow therun-time

layer to make intelligent choicesaboutwhento releasememory, the operatingsystemalsousesthe shared
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pageto indicatethe currentnumberof pagesin useby the process,andthe upperlimit on pagesthat the

processshouldbeusing.The�rst two wordsin thesharedpagearereservedfor thispurpose.

Theestimatesof currentandmaximumusageareupdatedonly whentheprocessexperiencessometypeof

memorysystemactivity, ratherthanevery time theinformationchanges.Oneconsequenceof this approach

is thatanapplication's upperlimit maydropdramaticallyif anotherprocessbeginsusingmemory(reducing

thetotal freememoryin thesystem),but the �rst processwill not be informedof this changeuntil it issues

a prefetch/releaserequest,pagefaults,or hasmemorystolenfrom it. Thealternative approachof immediate

updateswould requiretheoperatingsystemto eithermaintaina list of processesthatshouldbeinformed,or

to scanthelist of all processeseachtime theamountof freememoryin thesystemchanges.This additional

expensedoesnotappearto bejusti�ed.

4.4.1 Setting the Memory Limit

Thegoal in settingtheupperlimit on memoryusageis to prevent thedefault pagereplacementpolicies

from beingactivated,if at all possible. IRIX providesa numberof tunablesystemparametersthat control

whenpageswill be stolen; theseparameterscanbe alsousedby the PagingDirectedpolicy modulein an

effort to prevent suchactivity. First, the maximumnumberof pagesthat any processcanhave residentin

memory(max rss) canbeset.If a processexceedsthis limit, thesystempagingdaemonwill attemptto trim

physicalpagesfrom it. Second,theminimumnumberof pagesthatshouldbekept free(min freemem) can

beset. If total freememoryfalls below this limit, thepagingdaemonwill stealpagesfrom all processesin

thesystemaccordingto anapproximationof anLRU policy.

If physicalmemoryis ample,it is suf�cient to tell theprocessto remainbelow max rss. Whenmemoryis

limited, theprocessshouldbeencouragedto useno morethanits currentmemoryusage(current size), plus

theamountof freememoryin thesystem(tot freemem), lessmin freemem. Therecommendedupperlimit on

memoryusagein oursystemis thusgivenasfollows:

upperlimit = min(max rss; (current size+ tot freemem� min freemem)) (4.2)
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Notethat in settingthis upperlimit we arenot guaranteeingthat theapplicationwill beableto allocatethis

many pagesfor itself. Instead,theupperlimit is anindicationof thenumberof pagesfor whichtheapplication

is allowed to compete.Pagesthathave alreadybeenallocatedto anotherprocessarenot partof theglobal

freememorypoolandthusmaynotbeacquiredby theprefetchingapplication.Oneresultof thisdecisionis

thattheuppermemorylimit is amoving targetwhichis dynamicallyadjustedasthetotaldemandfor physical

memoryby all applicationschanges.Thus,theOSdoesnot try to determinethe“right” amountof memory

to allocateto eachprocess,it simply tells interestedprocesseshow muchmemoryis still available.

4.5 The Run-Time Layer Support

Theroleof therun-timelayeris to usetheinformationprovidedby theoperatingsystemandthecompiler

to answerthe following questions:Whenshouldmemorybe returnedto theoperatingsystem?How many

pagesshouldbereleased?Whichof the“releasable”pagesshouldactuallybegivenup?

Thedecisionof whento releasememorydependsprimarily on how closetheapplicationis to theupper

limit on memoryusagesuggestedby theoperatingsystem.Thedecisionof how muchmemoryto releaseis

morecomplicated.Therun-timelayerneedsto balancethedesireto remainbelow theoperatingsystemlimit,

thedesireto retainasmuchmemoryaspossible,andthedesireto performreleaseoperationsasinfrequently

aspossibleto minimize overhead.For example,supposethe run-timelayer detectsthat the applicationis

closeto its uppermemorylimit, andhasknowledgeof 1000pagesthatcouldbe released.By releasingall

of thesepages,the run-timelayer increasesthe amountof time beforeit will have to act again, but it may

have given up pagesthat would be usedagain in the future by actingtoo aggressively. The run-timelayer

shouldalsoconsidertheapplication'sexpectedfutureneedfor memorywhendecidinghow muchto release.

If theapplicationis closeto theuppermemorylimit, but only needsa smallnumberof additionalpages,the

run-timelayermaynot needto releasememoryat all. Finally, oncetherun-timelayerhasdeterminedthata

releaseis necessary, andhasdecidedhow many pagesto release,it mustchoosewhichpagesshouldactually

be returnedto the operatingsystem.This decisiondependson the expectedfuture useof thesepages;the

run-timelayer's choiceshouldbeguidedby informationfrom thecompiler.
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Therearetwo situationsthatmayarisefrom thecompileranalysis.First, thecompilermayhave inserted

releasehints becauseit hasdeterminedthat the pagewill not be reusedagain. The run-timelayer should

releasethesepagesbeforeany pagesthatareknown to have reuse.Second,thecompilermayhave detected

thatdatareuseexisted,but insertedreleasehintsanywaybecausethevolumeof dataaccessedbetweenreuses

wasexpectedto �ush the pagefrom memory. For thesepages,the run-timelayer shouldperformreleases

accordingto the intrinsic datareuse(which canbe revealedby the compiler),attemptingto keepasmuch

datain memoryaspossiblefor thesubsequentaccesses.For instance,supposetheapplicationis repeatedly

accessinganarraythatis muchlargerthanphysicalmemory. Therun-timelayercanimplementmostrecently

used(MRU) replacementoncethememoryusageapproachestheupperlimit setby theoperatingsystem,thus

keepingat leastthe�rst portionof thearrayin memoryfor futureuse.

4.5.1 Implementation Details

Figure4.4illustrateshow prefetchesandreleasesareprocessedby therun-timelayer. Part(a)of the�gure

is thesameasFigure3.20,exceptthatthereleaseprocessingcomponenthasbeenexpanded.In Figure4.4(b),

we illustratetheuseof priority valuesandqueuesto buffer releasablepagesin therun-timelayer.

Thesamesetof pthreadswhichhandleprefetchrequestsarealsousedto actuallyissuethereleaserequests

to theoperatingsystem.We have built run-timelayerswhich implementtwo differentpoliciesfor handling

thereleaserequestsinsertedby thecompiler—oneaggressively issuesreleaserequeststo theoperatingsystem

atthetimewhenthey areencountered—thisis thepolicy thatwasusedfor theresultsin Chapter3. Thesecond

policy buffers releasesbasedon the compiler-insertedpriorities andonly issuesrequestswhennecessary,

basedon the informationprovided by the operatingsystem. By comparingthesetwo approaches,we can

evaluatetheusefulnessof buffering releaserequestsin the run-timelayer ratherthansimply relying on the

compileranalysis.

In bothcases,therun-timelayerattemptsto reduceoverheadby �ltering out theobviously badreleases

insertedby the compiler. Therearetwo waysin which thesebadreleasesaredetected.First, the requests

insertedby thecompilerarecheckedagainstthebitvectorto makesurethatthepagesarein memory. Second,
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therun-timelayertracksthelastaddressreleasedfor eachuniquereleasedirective placedin thecode,using

therequestidenti�er (or tag)generatedby thecompiler. The�rst releaserequestfor any tagis recordeduntil

thenext requestfor thattagis issued.If a releaserequestidenti�es thesamepageasthepreviousrequest,it

is droppedsincethepageis obviously still in use.If instead,thecurrentreleaserequestidenti�es a different

page,thenthepreviously recordedreleaseis actuallyhandledandthecurrentoneis recorded.Thereleases

issuedby therun-timelayerarethusalwaysoneor moreiterationsbehindthoseidenti�ed by thecompiler.

Handlinga previously recordedrequestinvolveseitherplacing it in a releasequeue(if buffering is being

used),or issuingit to theoperatingsystem.Programswith loopneststhathave unknown boundsoftencause

the compiler to generateoverly-aggressive code,and thesesimple checkshelp to reducethe overheadof

releasingpagesthatarestill in active use.

Figure4.4(b)shows how releaserequestsarebuffered. Requestswith no reuse(i.e. a priority of 0) are

issuedto theOSafterpassingthesimplechecks.Otherrequestsarestoredin releasequeuesindexedby their

tags,allowing multiple bufferedreleasesfor a particularreferenceto becoalescedinto a singleentry in the

queue.Whenthe�rst releasefor a tagis seen,thepriority valueis usedto index into thepriority list where

a pointeris setto thereleasequeuefor thattag.Thepriority list canhold pointersto multiple queueshaving

the samepriority. Whena releaserequestis placedinto oneof the queues,the currentmemoryusageand

memorylimit arechecked. If thecurrentusageis closeto thelimit, thepriority list is usedto issuereleases

from the lowest-priorityqueues.Requestsareissuedfrom all queuesat thesamepriority level in a round-

robin fashion. Currently, the run-timelayer attemptsto releasea total of 100 pageswhenever releasingis

deemednecessary.

As we will show in Section4.6, even the simplestrategy of always issuingthe releasesimproves the

performanceof theprefetchingout-of-coreapplicationoverprefetchingalone,while simultaneouslykeeping

memoryfreefor otherapplicationsin mostcases.Whenthereis temporalreusein anapplication,however,

theadvantagesof prioritizing releasesbecomeclear.
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Table 4.1. Description of applications.

Memory Orig
Required Exec.
(and% of Time

Name Description InputDataSet Available) (mins)

BUK integerbucket 224 20-bit 206MB 13.5
sortalgorithm integers (275%)

40kx 40k
CGM sparselinear sparsematrix, 206MB 16.2

systemsolver � 15M non-zeros (275%)
EMBAR monte-carlo 224 random 134MB 13.8

simulation numbers (179%)
FFTPDE 3-D FFTPDE 256x128x128 235MB 34.2

complex matrix (313%)
computes3-D

MGRID potentialusing 256x256x256 452MB 23.9
multigrid solver matrix (600%)

MATVEC matrix-vector 102 x 106 matrix, 404MB 11.1
multiply 106 vector (539%)

4.6 Experimental Results

To evaluatetheconceptspresentedin this chapter, we ranseveralout-of-coreapplicationswith thesim-

ulatedinteractive taskdescribedin Section4.1. Theplatformusedto obtaintheseresultsis our commercial

system,IRIX, describedin Section2.4.3. We begin with a look at the impactof prefetching,aloneandwith

bothaggressive releasingandreleasebuffering,on theexecutiontimeof theout-of-coreprogram.To explain

the basicperformanceresults,we will thentake a closerlook at the effectivenessof the releaseoperation

by examiningtheactivity in thevirtual memorysubsystem.Finally, we evaluatetheusefulnessof explicitly

releasingmemoryfor improving theresponsetimeof theinteractive task.

4.6.1 Benchmarks

Weperformedourexperimentsusingout-of-coreversionsof � veapplicationstakenfrom theNASParallel

benchmarksuite[6] aswell asa matrix-vectormultiplicationkernel(MATVEC). Thecodefor MATVEC was

shown earlierin Figure3.1(a).We have increasedthedatasetsof theNAS benchmarksto make themlarger

thantheavailablememoryon our system.Otherthanincreasingthedatasetsizes,we did not modify these

applicationsby handin any way—all prefetchand releaseoperationswere insertedautomaticallyby our

compilerpass.
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Table 4.1 summarizesthe characteristicsof theseapplications;eachexhibits differentdataaccessbe-

havior. EMBAR hasonly one-dimensionalloops,while MATVEC hasmulti-dimensionalloopswith known

bounds.For both,thecompileranalysisis essentiallyperfectandexcellentresultsareobtainedfor both the

benchmarksthemselvesandtheinteractive task.BUK andCGM aremoredif�cult cases,asthey involveboth

unknown loopboundsandindirectreferences,bothof whichreducethecompiler'sability to analyzethedata

accesses.Nonetheless,the run-time layer is able to adaptthe behavior basedon dynamicconditionsand

excellentresultsareagain achieved. MGRID andFFTPDE arethemostdif�cult cases.Both involve multi-

dimensionalloopswith unknown bounds.In MGRID theloop boundschangedynamicallyon differentcalls

to thesameprocedures,makingit impossibleto releasememoryoptimally in all cases,sincewe only gener-

atea singleversionof thecode.In FFTPDE, theaccessstridechangeswithin a setof loops,makingit seem

asthoughthe accessis not dependenton the loop inductionvariable. This causesthe compilerto identify

somereleasesashaving reusewhenin factnoneexists.Ultimately, thesolutionto theproblemsexperienced

by MGRID andFFTPDE is to generatemoreadaptive code,andspecializetheloopsat run-timeaccordingto

dynamicconditions. Even without this extra sophistication,MGRID performsbetterwith releasesandcan

signi�cantly reduce(althoughnot eliminate)its negative impacton interactive responsetime. In Chapter5,

we considerhow improvementsto thecompilerschedulingalgorithmcangeneratecodethatadaptsbetterto

dynamicconditions,improving theusefulnessof bothprefetchingandreleasing.

4.6.2 Performanceof the Out­of­Core Applications

Thegoalof I/O prefetchingis to improvetheexecutiontimeof out-of-coreapplicationsby hidingthepage

fault latency. Thegoalsof explicitly releasingmemoryareto reducethenumberof pagefaultsin out-of-core

programsby making betterreplacementdecisions,to reducethe interferencecausedby the OS selecting

victimsfor replacement,andto alleviatetheimpactof out-of-coreprogramsonotherapplicationssharingthe

samesystem.We begin by examininghow well our schemeachievesthesegoalsfrom theperspective of the

out-of-coreapplications.

In Figure4.5,we show theexecutiontimesof theout-of-coreprograms,normalizedto theoriginal case.
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Figure 4.5. Impact of pref etching and releasing on the execution times of the out­of­core applications.
(O = original, P = with pref etching, R = with pref etching and releasing, B = with pref etching and release
buff ering)

For eachbenchmarkwe show four bars: the original, unmodi�ed program(O), the programcompiledto

useprefetchingonly (P), the programcompiledto useboth prefetchingandaggressive releasing(R), and

theprogramcompiledto usebothprefetchingandreleasebuffering (B). Eachbar is brokendown into four

components.Thetopsectionis thetime thattheprogramwasstalledwaiting for I/O. Thenext componentis

thetime thattheprocesswasstalledwaiting for unavailableresources,includingphysicalmemory, memory

systemlocks,andCPUs.Thesecond-lowestcomponentis thesystemtime,whichis primarily spenthandling

pagefaults.Thebottomsectionof eachbaris thetimespentexecutingusercode.Increasesin usertimeover

the original caseshow the overheadof handlingprefetchandreleaserequestsin the run-timelayer. Note

thattheO andR barscorrespondto theexperimentsshown in Section3.3.2,althoughtheactualresultswere

obtainedonanearlierversionof thesystemsoftware,andshouldnotbecompareddirectly.

All prefetchingversionsof thebenchmarksachievesimilarreductionsin theI/O stall time,with over85%

of theI/O stall eliminatedin all cases.Also, thetime spentexecutingsystemcodeis nearlyidenticalacross

all versionsof thebenchmarks,andonly modestincreasesin usertimeoccurin theprefetchingversions.The
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increasein usertime is mostpronouncedfor CGM, wherea very largenumberof unnecessaryprefetchand

releaserequestsneedto be�ltered outby therun-timelayer. Theseunnecessaryrequestsaretheresultof the

compiler's inability to reasonabouttheamountof dataaccessedin loopswith unknown bounds.For CGM,

mostof theseloopsaresmallandprefetchesandreleasesarenotneeded.In all casesexceptfor FFTPDE and

MATVEC, theresultsfor aggressive releasingandreleasebuffering arevery similar, sincetheseapplications

do not have temporalreusewithin a singlesetof loops,andthecompileranalysisis unableto detectreuse

acrossindependentsetsof loops. When all releaserequestshave zero-priority, both implementationsof

therun-timelayerperformthesameactions(issuingtherequeststo theOSwithout buffering), althoughthe

versionwhichattemptsto buffer requestsincursasmallamountof additionaloverheadto checkthepriorities.

In FFTPDE, thecompilerincorrectlyidenti�es somereferencesashaving temporalreuse,causingtherun-time

layer to preferentiallyretainthesepagesin memoryto thedetrimentof others.For MATVEC, however, the

bene�t of buffering andprioritizing releasesis dramatic.In this case,without buffering,boththematrix and

the vectorarereleased,but the vectoris frequentlyreusedshortly thereafter. Large amountsof contention

occurbetweenthereleasedaemonattemptingto freethepagesof thevectorandtheapplicationattempting

to reclaimthem. Whenthe run-timelayerbuffersandprioritizesthe releases,only thepagesof thematrix

needto bereleasedandcontentionis greatlyreduced.In theremainderof this section,we will discussboth

releasingversionsof thebenchmarkstogether, sincetheir behavior is essentiallythesame,makingspeci�c

referenceto MATVEC in thecaseswherebufferingmakesadifference.

UsingourexperimentalHURRICANE platform,wehadpreviously foundthatreleasingmemoryprovided

no signi�cant bene�t to the out-of-coreapplicationsover prefetchingalone. Our resultshere,in contrast,

show thatthereis asubstantialreductionin theexecutiontimeof theout-of-coreapplicationswhenreleasing

is appliedaggressively. Thespeedupsfrom applyingbothprefetchingandreleasingover prefetchingalone

rangefrom 13%for EMBAR to over 50%for CGM. This addedbene�t is ratherunexpected,bothbecauseit

did notoccurin thepreviousstudy, andbecausetherun-timelayerimplementationsarenot trying to actively

improve thereplacementpolicy (sincethereis no known reuse)—they simply try to maintainaslargea pool

of free memoryas possibleby releasingpageswhich the applicationapparentlyno longer needs. There
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Figure 4.6. Soft page faults due to page invalidations.

areessentiallythreereasonsfor the improvementdueto aggressive releasing:(i) a reductionin thenumber

of soft pagefaults causedby the pagingdaemonattemptingto identify unusedpages;(ii) a reductionin

the contentionfor memorylocks neededby both the fault handlingcodeandthe pagingdaemon;and(iii)

improvementsin thereplacementpolicy createdby thecompileranalysisalone.We now discusstheimpact

of eachof theseeffects.

Looking at the componentsof the barsin Figure4.5, we seethat the greatestdifferencebetweenthe

prefetching-onlyandthetwo prefetching-and-releasingcasesis in thetime stalledfor unavailableresources.

Without releasing,the pagingdaemonneedsto determinewhich pagesshouldbe reclaimed. To do so, a

variantof a clock algorithmis used,in which pagescanbereclaimedif they have not beenreferencedfor a

numberof passesof theclockhand.SincetheMIPSTLB doesnothavereferencebits,referenceinformation

mustbesimulatedin softwareusingthevalidbit instead.As freememorybecomeslow, pagesareperiodically

marked invalid to seeif they arestill in use. Theseinvalidationsincreasethenumberof soft pagefaultsas

theprocessreferences,andneedsto re-validate,thepagesthatwerestill in its working set. However, with

aggressive releasing,the pagingdaemondoesnot needto �nd pagesto reclaim,thusgreatlyreducingthe

numberof invalidations.

Figure4.6 shows the numberof pagefaultscausedby theseperiodic invalidationsfor eachversionof
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our out-of-corebenchmarks.Not only arethe numberof soft pagefaultsgreaterwhenprefetchingis used

without releasing,the time to serviceeachof thesefaultsis alsoampli�ed dueto increasedcontentionfor

locks betweenthe pagingdaemonandthe fault handlingcode. The time to handlehardpagefaultsis also

increasedby thiscontention.Whenthepagingdaemonneedsto invalidateor reclaimpages,it holdslockson

theaddressspacesof theprocessesfrom whichpagesarebeingstolen.During this time,pagefaultsfor these

virtual memoryregionscannotbeserviced.Thereleasingdaemonmustholdthesamelockswhile freeingthe

explicitly releasedpages;however, it typically operateson smallerblocksof pages,sothelockscanbeheld

for muchshorterperiodsof time. Furthermore,thereleasingdaemonhasbeenspecializedfor thepurposeof

freeingpre-identi�edpages.Thus,it requiresfewer locksoverall andcando muchlessprocessingperpage

while locksareheld. Theresultinglock contentioncausedby thereleasingdaemonis signi�cantly lessthan

thatcausedby thepagingdaemon.

Finally, in somecasesthecompileranalysisis ableto improveuponthereplacementpolicy withoutextra

supportfrom therun-timelayer. In BUK, thedatasetconsistsof two very largesequentially-accessedarrays

anda third equallylarge randomly-accessedarray. Thecompilerinsertsreleasesfor the �rst two, but does

not try to releasethe third becauseit cannotreasonaboutany locality that may exist. The result is that

demandfor new pagesis satis�ed by the releasesof the �rst two arraysand the pagesof the third array

areableto remainmostly in memory. Without releasing,thepagingdaemonreclaimspagesfrom all three

arraysaccordingto their lastuse,but without regardto their accesspatterns,causingmany morepagefaults

to occur. Although the run-timelayer is not ableto prioritize releasesdueto a lack of temporalreuse,the

decisionby thecompilerto not releaserandomlyaccesseddataeffectively accomplishesthedesiredeffect.

Having discussedtheoverall performanceimpactof our system,we now take a closerlook at how effective

thecompilerandrun-timelayerareatgeneratingandmanagingreleases.

4.6.3 Effectivenessof Releases

Therearetwo considerationswhenevaluatingtheeffectivenessof thereleaseoperation.First,thepurpose

of issuingreleasesis to maintaina largeenoughpoolof freememoryto preventthedefaultpagereclamation
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Pages SystemPage Stolen Pages Released Total
Stolen Reclamation Pages Freed Pages Pages

Benchmark by System Events Rescued by release Rescued Allocated
Original

BUK 126,842 2,796 32,532 N/A N/A 131,354
CGM 289,696 6,130 3,472 N/A N/A 313,522

EMBAR 126,793 2,987 4 N/A N/A 165,838
FFTPDE 330,490 7,847 9,999 N/A N/A 389,504
MGRID 313,595 7,555 806 N/A N/A 376,301

MATVEC 272,541 11,679 7,159 N/A N/A 281,297

With PrefetchandRelease
BUK 5,043 111 4,340 33,916 3,176 158,210
CGM 1,567 34 109 72,276 266 305,805

EMBAR 0 0 0 32,712 4 132,170
FFTPDE 134,612 3,172 16,574 81,520 2,801 395,478
MGRID 72,883 1,735 111 255,114 183,835 360,599

MATVEC 0 0 0 105,588 261,100 286,294

Table 4.2. Pages freed by system or by release , and pages rescued from the free list.

behavior. To seehow well we achieve this goal,we look at how muchwork the pagingdaemonperforms,

bothwith andwithout releases.Second,weshouldonly bereleasingpagesthatarereallyno longerin useby

theapplication(or will not beusedagain for a long time) to avoid increasingthepagefault rate.To seehow

usefulthereleasesare,we look at how many releasedpagesare“rescued”from thefreelist (i.e. returnedto

theprocessthatwasusingit). If we areactuallyreleasingpagesthatareno longerneeded,very few pages

shouldberescued.Thepagereclamationandallocationactivity is summarizedin Table4.2 for theoriginal

out-of-coreprogramsandtheversionsthatbothprefetchandreleasememorywithoutbuffering.

FromTable4.2,weseethatreleasesareusuallyveryeffectiveatreducingtheneedfor thepagingdaemon

to reclaimmemory. In theworstcase,thenumberof timesthatthepagingdaemonneedsto operateis reduced

by morethanhalf, andthetotalnumberof pagesstolenis reducedby morethanafactorof three.In theother

cases,the activity of the pagingdaemonis reducedby one to two ordersof magnitude,both in termsof

frequency andnumberof pagesstolen. Although it is very dif�cult for the applicationto releaseits pages

perfectly, it canstill provideagreatdealof assistanceto theOS.

Next we look at how oftenusefulpagesarereclaimedtoo early, eitherby thepagingdaemonor dueto

explicit releaserequests.Therearetwo possibilities. First, usefulpagesmay still be on the free list when

they arereferencedagain,andcanberescuedandreturnedto theapplication.Second,usefulpagesmayhave
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Figure 4.7. Breakdo wn of outcomes for freed pages.

beenre-allocatedto holdotherdatabeforebeingreferencedagain,andthereuseddatawill needto bebrought

backinto memoryfrom swap.

Figure4.7 shows what fraction of all the pagesfreedare freedby the pagingdaemonvs. the fraction

freedexplicitly by releaserequests.Wealsoshow thefractionof eachthatarerescuedfrom thefreelist. The

interestingcaseshereareBUK, MGRID andMATVEC. As we seein Figure4.7,BUK without any releasing

(both the original andprefetchingversions)frequentlyneedsto rescuethe pagesreclaimedby the paging

daemonfrom thefreelist. Thegreaterdemandon memoryintroducedby prefetchingincreasestheneedfor

the pagingdaemonto reclaimmemory, resultingin usefulpagesbeingplacedon the free list moreoften.

Consequently, thefractionof reclaimedpagesthatarerescuedalsoincreases.With releasing,however, most

of thepagesarefreedby explicit releaserequestsandvery few arerescuedfrom the free list. In this case,

releasinghelpstheapplicationto retainits most-neededpagesin memory. For MGRID, weseethatevenwith

releasing,over half of the pagesfreedarereclaimedby the pagingdaemon,andthat morethanhalf of the

pagesexplicitly releasedarerescuedfrom thefreelist. Thissuggeststhatthecompileris unableto determine

whichpagesto releaseandwhenfor MGRID. NotealsothatFFTPDE with releasebufferingperformsveryfew
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usefulreleasesdueto incorrectlyattemptingto retainpageswith no reuse.For MATVEC without releasing,

theOSdoesareasonablejob of freeingthepagesof thematrixandkeepingthefrequentlyaccessedvectorin

memory. With aggressive releasing,however, approximatelyhalf of thepagesreleasedarefor thevectorand

needto berescuedfrom thefree list. Whenreleasebuffering is used,mostof thereleasedpagesarefor the

matrix,andthenumberof rescuedpagesis muchsmaller. Overall,we canseethatreleasinggreatlyreduces

theneedfor thepagingdaemonto reclaimmemory, andtypically doesagoodjob of releasingpagesthatare

no longerin use.

Detectingpagesthatwerefreedtooearlyandre-allocatedbeforethey couldberescuedis amoredif�cult

task. Thesepageswill increasethe total numberof pageallocationsrequired(over the ideal)asnew pages

areneededto bring thereuseddatabackinto memory. While we cannotcomparethe total numberof page

allocationsto the ideal number, we can look at the numberof allocationsin the original caseversusthe

prefetching-and-releasingcases.FromTable4.2,we seethat thetotal numberof pageallocationsincreases

by asmallamountwith prefetchingandreleasingin half of thecases,anddecreasesby asmallamountin the

otherhalf. This suggeststhat releasingis typically doingno worseat freeingneededpagesthanthepaging

daemon,but resultsin muchlesscontention.

Wenow look athow usefulreleasesarefor improving theperformanceof theinteractive task.

4.6.4 Impact on Interacti veResponseTime

Figure4.8 givesan overview of the performanceimprovementsobtainedfor the “interactive” task. In

Figure4.8(a),we show theaverageresponsetime for the interactive taskwhenexecutedconcurrentlywith

MATVEC acrossa rangeof sleeptimes. As discussedin Section4.1, theresponsetimesbecomegreatlyin-

�ated whentheout-of-coreprogramexecutesnormally, andaremadeevenworsewhenprefetchingaloneis

used.Whenreleasingis addedto prefetching,however, theresponsetimesof theinteractive taskalmostper-

fectly matchesthetimesobtainedwhenit is runaloneonthemachine,regardlessof theamountof sleeptime.

Althoughblindly following thereleasedirectivesinsertedby thecompilerhasa severeeffect on MATVEC's

own performance,this strategy doesleave most of memoryfree for the interactive task. However, when
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Interactive HardPageFaults
with Prefetch Prefetch& Prefetch&

Benchmark Original Only Release Buffer Release

BUK 25 29 0 0
CGM 61 65 0 0

EMBAR 51 62 0 0
FFTPDE 28 55 28 44
MGRID 30 48 11 11

MATVEC 61 63 0 0

(c) Averagenumberof pagefaultsrequiringI/O for the interactive task
with eachout-of-corebenchmark.

Figure 4.8. Impact of releasing on interactive response time .
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releasebuffering is usedto improve theperformanceof MATVEC, thereis still nearlyno impacton theinter-

active task.Therun-timelayeris ableto bothbuffer releasesfor thebene�t of theout-of-coretaskandkeep

enoughmemoryfreefor theinteractiveone.Thenegative impactof theout-of-coreprogramon theresponse

time of the interactive task in this casehasbeenalmostcompletelyeliminated. For the otherout-of-core

applications,we chosean intermediatesleeptime of � ve secondsfor the interactive taskandrecordedthe

averageresponsetimes. Theresultsfor eachof the four versionsof theout-of-coreprogramsareshown in

Figure4.8(b). The responsetimes in this graphhave beennormalizedto the time for the interactive task

executingaloneon the machine.As we seein Figure4.8(b), releasingis usuallysuccessfulat eliminating

or substantiallyreducingthedegradationin interactive responsetime. FFTPDE with releasebuffering is the

exceptionasthisbenchmarkfails to releaseenoughmemory.

Figure4.8(c)showstheaveragenumberof hardpagefaults(i.e. thosethatrequireI/O) experiencedby the

interactive taskduringasinglesweepthroughits dataset,whenit is executedconcurrentlywith eachversion

of our out-of-corebenchmarks.From this table,we seethat the numberof pagefaultsincreaseswhenthe

out-of-coreprogramusesprefetchingalone,risingto themaximumlevel of 65pages.At thispoint,theentire

datasetof the interactive taskmustbe pagedin from the swap space.Whenthe out-of-coreprogramalso

releasespages,thenumberof hardpagefaultsis signi�cantly reduced.This resultveri�es that theprimary

reasonfor theincreasedinteractive responsetime is notbeingableto keeppagesin memory.

4.7 Summary

Our investigation of pro-actively releasingmemory, baseduponinsertingreleasehints at compile-time

andexposingthe resultsof the compiler's reuseanalysisto the run-timelayer, hasproduceda numberof

interestingresults.

First, we found it wasbene�cial to the performanceof an out-of-coreapplicationto explicitly release

memory, even without using buffering to improve the replacementpolicy. We found a surprisinglyhigh

degreeof contentionbetweenthe systempagedaemonandour applications,aseachneededto manipulate

pagetables,andperformI/O. TheIRIX pagedaemonisdesignedwith theassumptionthatpagingisexpensive;
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thuswhenthe systemrunsout of memoryandpagesneedto be reclaimed,performanceis expectedto be

poor. Theadditionof prefetchingto hidethelatency of pagefaultschangesthis underlyingassumption,and

themannerin whichpagesarereclaimedneedsto becarefullyconsidered.

Second,we found that therearesituationsin which delayingthe decisionto releasememory, and re-

orderingthe pagesto be released,canbe a signi�cant bene�t. By consideringboth the inherentreuseof

data,and the global memorypressure,the run-time layer can begin to implementan application-speci�c

replacementpolicy thatis closerto optimal.

Finally, wefoundthatanout-of-coreprogramdoesnothaveto causeproblemsfor interactiveapplications

sharingthemachine.Thesametechniquesfor explicitly releasingmemorythatimprove theperformancefor

theout-of-coreprogramalsoleave enoughmemoryfree for the interactive task. By limiting thework done

by the pagedaemon,we reducethe chancesthat pageswill be stolenfrom applicationsthat arestill using

them.

Despitetheseencouragingresults,we seethat generatinguseful releaseinformation suffers from the

sameproblemsasgeneratingprefetches—many importantquantitiesareunknown at compile-timeandthe

compilermustmakeasingle,staticdecisionin thefaceof incompleteinformation.Toaddresstheseproblems,

weconsideranovel techniquefor softwarepipeliningaroundmultiple loopnestsin Chapter5.



Chapter 5

Impr oving the compiler scheduling

algorithm
If everythingseemsundercontrol, you're justnotgoingfastenough.— Mario Andretti

In Chapters3 and4 wedescribedourcompileralgorithmfor prefetchingandreleasingandshowedit to bea

promisingapproachfor handlingthememorydemandsof out-of-corenumericbenchmarkswhencombined

with run-timeandoperatingsystemsupport.We alsoshowed,however, that therewerenumeroussituations

wherethecodetransformationsmadeat compile-timecouldnotbeadequatelyadaptedto dealwith dynamic

run-timeconditions.In particular, prefetcheswerefrequentlyscheduledtoo lateto befully effective, limiting

ourability to hidetheI/O latency andreduceoverall executiontime.

In this chapter, we introducea new compileralgorithmfor schedulingprefetchoperationsandshow that

this algorithmallows usto handlea muchwider rangeof dynamicconditions.We begin in Section5.1with

a discussionof theschedulingchallengesthatournew algorithmneedsto address.We thendevelopournew

algorithmincrementallyin Section5.2. Throughoutthissection,weevaluatetheeffectof eachimprovement

to the algorithm using simulationsand micro-benchmarks.Section5.3 evaluatesthe impact of the �nal

algorithmon theperformanceof theNAS Parallelbenchmarks.

113



CHAPTER5. IMPROVING THE COMPILERSCHEDULINGALGORITHM 114

5.1 Schedulingchallenges

As discussedin Section3.1,ourcompileralgorithmfor insertingprefetchrequestsinto applicationsource

codeusessoftware pipeliningto ensurethattherequestfor datais issuedearlyenoughto hidethelatency of

a disk fetch. If we canconstructaneffective pipelineof prefetchrequestsanddataaccessesacrossa setof

loops,wecansubstantiallyimprove performanceby avoidingstallsdueto pagefaults.

Softwarepipeliningis atechniquecommonlyappliedto exposeinstruction-level parallelismin loops.Our

usageof the techniquewasadaptedfrom its applicationto the problemof schedulingprefetchesfor cache

missesin loopingcodes[41]. In bothcasesthe latenciesthatneedto behiddenby thepipelineareknown

at compile-timeandaresmall relative to thesizeof the loop beingpipelined. Undertheseconditions,it is

reasonableto compilefor a �x edlatency whenconstructingthepipelineandto consideronly theinnermost

loop nest. Whensoftwarepipelining is usedto scheduleprefetchesfor pagefaults in out-of-corelooping

codes,however, oneor bothof thesepropertiesmaynothold.

Our initial compileralgorithmfor I/O prefetchinguseda �x edlatency estimateandattemptedto address

the problemof small inner loopsby introducingthe simpleheuristicdescribedin Section3.1.2: construct

the pipelineacrossthe innermostloop that accessesa suf�cient amountof data[40]. This techniquecan

help to selecta loop that is largeenoughfor a given latency, but only if the loop boundsareknown during

compilationsothattheamountof dataaccessedcanbecalculated.Whenloopboundsaresymbolic,choosing

theright loop for pipeliningremainsa problem.Thecombinationof nestedloopsandlargelatenciescreates

a third problemfor softwarepipeliningof I/O prefetchrequests:thepipelineis repeatedly�lled anddrained

oneachiterationof thesurroundingloop,andthetimeto initialize thepipelinemaybelargecomparedto the

time spentin thesteadystate.We now elaborateon theproblemsof �nding theright prefetchdistanceand

dealingwith nestedloops.

5.1.1 Variations in PrefetchDistance

The �rst stepin the software pipelining algorithm (for both the original I/O prefetchingversion,and

our new variations)is to determinethe prefetch distance. This distanceis expressedasa numberof loop
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iterations,andis calculatedusinganestimateof theI/O latency, andtheshortestpaththroughtheloop body

(seeEquation3.1 on page52). If our calculatedprefetchdistanceis too large, thenwe will increasethe

memorypressuresincemorepagesareneededto hold prefetcheddata. As a result, evictions may occur

earlier thannecessary. Over-estimatingthe prefetchdistanceby a small amountis not a seriousproblem,

however, becausemain memoryhasplenty of capacityto buffer the prefetchrequestsandwe canusethe

releasehints to make good replacementdecisions. If, on the other hand,we underestimatethe prefetch

distance,thenwe will be unableto hide all of the I/O latency. Thereis no way for the run-time layer to

compensatefor a lateprefetchrequestby issuingit earlier—by thetime therun-timelayerseestherequest,

it is alreadytoo late. Therearetwo basicreasonsthat we may be unableto estimatethe prefetchdistance

accuratelyat compile-time:theestimateof thetime to executethe loop bodymaybeinaccurate,and/orthe

estimateof theI/O latency maybeinaccurate.

Causesof Inaccurate Estimates

We estimatethe time to executeone iteration of the loop body by countingSUIF instructionsin the

shortestpaththroughtheloop. At thispoint in thecompilationprocess,theinstructionsarein anintermediate

format,sowe do not know theactualmachineinstructionsthatwill beexecutedat run-time. Someof these

instructionsmay be removed completelyby later optimizationpasses.We make an additionalsimplifying

assumptionthateachSUIF instructionwill executein onecycle. Theseinaccuraciescouldcausetheloop to

executefasterthanexpected,resultingin late prefetcheswhich cannothide all the I/O latency. Even if we

knew theactualcyclecountfor theshortestpath,wewouldstill haveaproblemwith calculatingtheprefetch

distance.Theactualpaththroughthe loop takenat run-timemaybemany timeslongerthantheworst-case

shortestpath;thiswould resultin prefetchesbeingissuedearlierthannecessary.

TheI/O latency estimateis a compile-timeparameterwhich we have chosenbasedon measurementsof

our targetsystems.It is expressedin termsof processorcycles,soboth thedisk speedandtheclock speed

of thetargetsystemareimplicitly includedin theestimate.Evenon a single,uncontendedsystem,however,

theworst-casetime to reada pagefrom disk couldbeabouttwice aslong astheaveragecasedependingon
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thediskseektimeandrotationallatency requiredto locatethedata.Usinganaveragemeasuredvaluemeans

thatsomepagesmayberequestedtooearly, while otherswill berequestedtoo late.Wecouldconservatively

doubletheaveragepagefetch time, relying again on the largebuffering capacityof mainmemory, andthe

releasehintsto copewith thein�ated prefetchdistance,but thereis anothermoreseriousproblem.Wedonot,

in general,wantto recompiletheapplicationsfor eachtargetsystem.Consider, for example,general-purpose

computersbasedon theIntel PentiumIV architecture.Currently, thesamebinaryprogramcouldexecuteon

processorsthatdiffer by morethan1 GHz in clockspeed.At thesametime,a particularsystembuilt around

theseprocessorscould includeanything from 5400-7200IDE disksto 10K-15K SCSIdisks. It is highly-

undesirable(if not completelyunreasonable)to have to compilea uniquebinary for eachcon�guration on

which theapplicationwill execute,just sothetargetlatency parametercanbespeci�ed.

Solution: Variable PrefetchDistances

Ratherthancompilefor a �x edlatency estimateanda staticallyestimateddynamicloop executiontime,

wewouldpreferto expresstheprefetchdistanceasavariableatcompile-timeandgeneratecodeto calculateit

dynamicallybasedonactualrun-timebehavior. Therearenumerousoptionsfor obtainingadynamiclatency

estimateduringexecution.For instance:

� Obtaina latency estimateby measuringtheactualtime for a pagefetch (this couldbedoneoncefor

a given systemandstoredin a well-known locationsuchasthe /proc �lesystem whereall interested

processescouldreadit). Theactualtimeto executetheloopbodycanbeobtainedusingpro�ling infor-

mation(suchascycle counters)—thecompiler's staticshortest-pathestimatecanbeusedasaninitial

value. With thesetwo parametersobtainedat run-time,we cannow calculatetheprefetchdistanceas

thelatency dividedby theloopexecutiontimeasbefore.

� Track thepercentageof lateprefetchesin a loop anddynamicallyincreasetheprefetchdistanceuntil

thelatefractionbecomesacceptablysmall. It would likely beusefulin this caseto includeadditional

information,suchasdiskqueuelength,to avoid continuallyincreasingtheprefetchdistancein asystem

thatis bandwidth-limited.
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Figure 5.1. Effect of calculating pref etch distances at run­time . Bars labeled “O” are the original, non
pref etching version; bars labeled “S” use a static compile­time latenc y; bars labeled “D” use a dynamic
latenc y value (equal to the static value) obtained at run­time .

Otheroptionsarealsoavailable,but animportantquestionis whetheror not usinga variablelatency and

addingcodeto calculatetheprefetchdistancesat run-time,ratherthancalculatingthesevaluesstaticallyat

compile-time,introducessubstantialrun-timeoverhead.

To addressthisquestion,wemodi�ed ourcompilerto generatecodethatcalculatestheprefetchdistances

dynamicallyat run-time. The latency estimateis simply enteredfrom an input �le, or the commandline,

sinceweareprimarily interestedin evaluatingtheoverheadof performingthesecalculationsat run-time,not

in exploring how to measurelatency in a runningsystem.We alsoaddedcodeto calculatethe lengthof a

loop bodyat run-time.This calculationusesthecompiler's countof thenumberof SUIF instructionsin the

loopbodyandcontinuesto assumethateachSUIF instructioncanexecutein asinglecycle,however, weare

ableto usethe run-timevaluesof symbolicinner loop boundsratherthanassuminga worst-caseexecution

of a singleiteration.Usingthis versionof thecompiler, we generatedcodefor theNAS Parallelbenchmarks

andexecutedthemonour Irix prototype.
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Benchmark Static Dynamic % Increase
BUK 21079.6 21082.1 0.01%
CGM 15811.7 15876.4 0.41%
EMBAR 50693.4 50719.7 0.05%
FFTPDE 28245.9 28298.7 0.19%
MGRID 31563.1 31581.7 0.06%
APPBT 21731.4 21726.2 -0.02%
APPLU 11098.4 11104.2 0.05%
APPSP 44741.5 44795.8 0.12%

Table 5.1. Graduated instructions for static and dynamic pref etch distance calculations (millions of
instructions)

The resultsof this experimentareshown in Figure5.1. The original, non-prefetchingversion(labeled

“O”) is shown for reference.Barslabeled“S” arethe resultsfor prefetchingwith the statically-calculated

prefetchdistance.Bars labeled“D” show the resultsfor prefetchingwith dynamically-calculatedprefetch

distances(weusedthesamevaluefor thelatency estimatein thedynamiccasesasin thestaticones).

In mostcases,the differencebetweenusinga static latency value to computethe prefetchdistanceat

compiletime,andusingadynamicvalueobtainedat run-timeis negligible. To furtherquantifytheoverhead

of calculatingprefetchdistancesdynamically, we collectedgraduatedinstructioncountsfor the staticand

dynamicversionsof eachbenchmark,usingthehardwarecountersprovidedby theMIPS R10K micropro-

cessor. For theseexperiments,we removed the actualprefetchandreleaseoperationsto focusspeci�cally

on the overheadof the prefetchdistancecalculations.The resultsareshown in Table5.1. In all cases,the

increasein instructionsis lessthan0.5%con�rming thatthecostof thedynamicstrategy is negligible.

Overall, the potentialbene�t of calculatingprefetchdistancesat run-time,andthe increased�e xibility

(dueto not needinga recompilationif theexpectedlatency changes)make this anextremelyusefulfeature

to incorporateinto our compiler, independentof any changesto theactualschedulingalgorithms.We now

considerseveralalternativesfor furtherimproving theperformanceof prefetchingonbenchmarkswith multi-

dimensionalnestedloopssuchasFFTPDE, MGRID, APPBT, APPLU andAPPSP. We do not considerBUK

or EMBAR in the remainderof this chapter, as they do not have multi-dimensionalloop nests. We also

excludeCGM from furtherconsiderationsinceit hasonly asinglemulti-dimensionalloop,in whichtheinner

loop boundsdependon arrayaccessesin theouterloop. Handlingthis casecorrectlywould addsigni�cant
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complexity to ournew schedulingalgorithm,andis unlikely to furtherimprove theperformanceof CGM.

5.1.2 Problemswith nestedloops

Even under the ideal conditionsfor nestedloops (perfectly nestedloops with compile-timeconstant

bounds),wecanlosealot of opportunitiesfor latency-hiding. Consider, for example,asimpletwo-dimensional

loopcontaininganaccessto a two-dimensionalarrayasshown by thecodein Figure5.2(a).Wewill referto

theouterloop in thisexampleasthei-loop andtheinnerloopasthej-loop. Constructingasoftwarepipeline

to prefetchthedataaccessesaroundtheinnerj-loop yieldsthecodeshown in Figure5.2(b)1. Supposethatthe

numberof iterationsof thej-loop, Nj , is only slightly largerthanthecalculatedprefetchdistance,d. In this

case,wewill executevery few iterationsin thesteady-state.Nearlyall of theprefetcheswill beissuedin the

prologsectionto �ll thepipeline,andnearlyall of thedataaccesseswill occurin theepilogsectionto drain

thepipeline.Further, becausethej-loop is nestedinsidetheouteri-loop, thecycle of �lling anddrainingthe

pipelineis repeatedon eachiterationof theouterloop. Figure5.2(c)depictstheeffect of this repeated�ll

anddraincycle in termsof thenumberof prefetchedpagesin thepipelinefor thecasewhereNj is slightly

larger thand. In this situation,very little time is spentin the steady-statewhereprefetchesareeffectively

overlappedwith dataaccesses.

In general,weexpectthatNj andd will besymbolicvalues,andthuswecannotknow whetherNj will be

largerthand or not at compile-time.If thej-loop is not largeenoughto hideall thelatency, thenthesteady-

stateis never reachedatall. In thiscase,thei-loop wouldhavebeenabetterchoicefor building ourpipeline.

On theotherhand,if Nj is muchlarger thand, thenthecostof �lling thepipelinewill besmall relative to

thetimespentin thesteady-stateandthei-loop wouldbeapoorchoicefor pipelining.Worse,if thei-loop is

not localized(asmayoccurif Nj is extremelylarge),thenconstructingtheprefetchpipelineacrossthei-loop

wouldbedisastrous.Clearly, thereis nosinglechoiceof loopthatwill beright for all circumstances.Instead,

weneedto takeall theloop levelsinto accountandavoid drainingthepipelineunnecessarily.

1For simplicity, throughoutthis chapterwe do not show theeffect of thestrip mining optimization,which reducesthefrequency of
prefetchrequests.Our implementation,however, worksin thepresenceof strip-miningaswell.
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(a) Simple two-dimensionalarray accesses

for (i = 0; i < Ni; i++)
for (j = 0; j < Nj; j++)

access(a[i][j]);

(b) Software pipelining prefetchesaround inner loop (the calculation of the prefetch
distance,d, is not shown)

prolog

}

steady
state

epilog

}

j_sw_pipe_upperbound = max(0, Nj-d);

     (i = 0; i < Ni; i++) {

    (jprolog = 0; jprolog < min(d, Nj); jprolog++)

    (j = 0; j < j_sw_pipe_upperbound; j++) {

    (j = j_sw_pipe_upperbound; j < Nj; j++)

   access(a[i][j]);

   access(a[i][j]);

           (&a[i][j+d]);

           (&a[i][jprolog]);

for

for

for

for
   prefetch

   prefetch

(c) Effect of repeatedly�lling and draining the pipeline
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Figure 5.2. Adding pref etches for two­dimensional array accesses
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5.2 Developing the ContinuousSoftwarePipelining Algorithm

In this sectionwe considera sequenceof techniquesthataddressvariousissueswith multi-dimensional

loops, leadingup to the full continuoussoftware pipelining algorithm. Throughout,we will focuson the

two-dimensionalcase,althoughthesolutionsgeneralizeto higherdimensions.

5.2.1 Calculating prefetchdistancesfor multiple loop nests

Whena singleloop is chosenasthetarget for softwarepipelining,we canexpresstheprefetchdistance,

d, in termsof iterationsof thepipelineloop. If we wish to usemultiple loop nestsfor pipelining,however,

wemustdeterminehow muchof thetotal pagefetchlatency shouldbehiddenby eachlevel of nesting.

Consideragainthecaseof atwo-dimensionalarraybeingaccessedwithin atwo-dimensionalsetof loops,

as shown in Figure 5.2(a). When we accessan element,a[i][j] , in the steady-stateof our software

pipeline,we wantto prefetchtheelementthatwill beaccessedd iterationsof theinnerloop in thefuture. If

weonly considertheinnerloop,thenwecouldprefetcha[i][j+d] , asshown in Figure5.2(b).Depending

on thelengthof theinnerloop relative to theprefetchdistance,this strategy mayor maynot besuccessfulat

hiding the latency. However, theremaybeenoughwork to hidethe latency if we take thesurroundingloop

into accountaswell by calculatingtheprefetchaddressasa functionof bothloop indices.Eachiterationof

theouterloop containsN j iterationsof the inner loop, thusto prefetchd iterationsof the inner loop ahead,

we will needdi = d div N j iterationsof theouterloop, leaving dj = d mod N j iterationsof theinnerloop.

Theprefetchaddress(for thereferenceof Figure5.2(a))is thensimplya[i+ di ][j+ dj ] .

The generalidea is to createan offset variable,dn , for eachloop nestn surroundingthe referenceto

beprefetched.In thesteady-state,eachloop index variable,i n , usedin anarrayreferenceis replacedwith

i n + dn in thecorrespondingprefetchfor that reference.Ratherthan�rst calculatinga distancein termsof

iterationsof theinnermostloop,weinsteadcalculatehow muchlatency canbehiddenby eachlevel of nesting

from outermostto innermostbasedon thelengthof theloopbodyat eachlevel, sn . For loopswith symbolic

bounds,an expressionfor sn is generatedby the compilerandevaluatedat run-timewhenthe boundsare

known. After all theloopoffsetshavebeencalculated,any leftover latency is accountedfor by increasingthe
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algorithm Compute Nested Prefetch Distances
latency left := initial latency estimate;
for n := outermost loop that may be localized to innermost loop do

dn := latency left div sn ; /* sn is length of body of loop n*/
latency left := latency left mod sn ;

end for
if (latency left > 0) then

dinner most := dinner most + 1;
end if

end algorithm

Figure 5.3. Algorithm for calculating pref etch distances in nested loops.

}

steady
state

epilog

}

   access(a[i][j]);

j_sw_pipe_upperbound = max(0, Nj-d);

    (j = j_sw_pipe_upperbound; j < Nj; j++)

    (j = 0; j < j_sw_pipe_upperbound; j++) {

   access(a[i][j]);
           (&a[i+di][j+dj]);

prolog

    (i = 0; i < Ni; i++) {

    (iprolog = i; iprolog < min(i+di, Ni); iprolog++)

             (&a[iprolog][jprolog]);

for

for

   prefetch

   for

for

for
   for (jprolog = 0; jprolog < min(dj, Nj); jprolog++)

   prefetch

Figure 5.4. Sample code for software pipelining a single loop with multiple loop inde x offsets

offsetfor theinnermostloopby oneiteration.

Thereis oneadditionalcomplicationthat resultsfrom the fact that the surroundingloopsmay not be

localized. Pipeliningarounda loop that is not localizedis ineffective (and in fact harmful) sincea single

iterationof the loop will accessenoughdatato �ush any pagesprefetchedfor usein future iterationsfrom

memory. In many cases,we arenot certainwhethera givenloop nestis localizedor not at compile-time.If,

however, a loop is known to benot localized,wedonotattemptto usethatnestor any outernestsin ournew

pipeliningcalculations.Figure5.3shows thealgorithmfor computingtheloop offsetsfor anarbitrarysetof

nestedloops.

5.2.2 Nestedpipelines

As a �rst attemptat takingmultiple loop nestsinto accountwhile softwarepipelining,we couldsimply

choosea singlepipelining loop asbefore,but usethe prefetchdistancesfor eachsurroundingloop nestin
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(a) Samplecodefor nestedsoftwarepipelines
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   for (jp = 0; jp < min(dj, Nj); jp++)
      prefetch(&a[i+di][jp]);

for (i = i_swp_ub; i < Ni; i++)

for (i = 0; i < i_swp_ub; i++) {
i_swp_ub = max(0, Ni-di);

   for (j = 0; j < Nj; j++)
      access(a[i][j]);i-e

pil
og

   for (ip = 0; ip < min(di, Ni); ip++) 

   }
      access(a[i][j]);
      prefetch(&a[i+di][j+dj]);
   for (j = 0; j < j_swp_ub; j++) {
   j_swp_ub = max(0, Nj-dj);

      access(a[i][j]);
   for (j = j_swp_ub; j < Nj; j++) 

         prefetch(&a[ip][j]);
      for (j = 0; j < Nj; j++)

(b) Effect of nestedpipelining on prefetcheddata
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Figure 5.5. Nested software pipelines for two­dimensional array pref etches
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the calculationof the prefetchaddress.Doing so gives the codeshown in Figure5.4. In the prolog, we

mustprefetcheverythingbetweenthe �rst item accessedin the steady-state(a[i][0] ) andthe �rst item

prefetchedin the steady-state(a[i+di][j+dj] ). Although this codedoesuseboth loop neststo issue

prefetchessuf�ciently far aheadof the reference,it also issuesfar too many unnecessaryprefetches.For

every iterationof theouterloop after the�rst one,in theprologwe repeattheprefetchof someof thesame

elementsthat we prefetchedon the previous iteration. This is causedby the fact that the �rst time we see

theloopweneedto issuea largenumberof prefetchesto �ll thepipeline,but onsubsequentiterationsof the

outerloop,weonly needto re-�ll theportionthatwasdrainedduringtheepilogof theinnerloop.

Thelogical solutionis to pull out theportionof theprologthatissuesprefetchesfor theouterloop offset

(di ), placingit beforethe �rst iterationof theouterloop. Also, it would beusefulto have anepilog for the

outerloop aswell, to avoid prefetchingmorethannecessaryalongtheouterdimension.Theresultingcode

hastheappearanceof nestedsoftware pipelines, asshown in Figure5.5(a).Aroundeachloop nestwe have

constructeda pipelineto handleaddressoffsetsinvolving that loop's index variable.Viewedin termsof the

effect on prefetcheddata,theinnerepilogonly partially drainsthepipeline,allowing moreof thelatency to

be hidden,asdepictedin Figure5.5(b). First, prefetchesareissuedfrom the outerprolog, thenwe have a

repeatedpatternof �lling theinnerpipeline,executingtheinnersteadystate,anddrainingtheinnerpipeline.

Theouterpipelineis notdraineduntil wegetto theendof thepair of loops,which is therealendof thedata

access.Implementingnestedpipeliningis straightforwardoncetheappropriateoffsetshave beencalculated

for eachloop nest- we simply apply the original softwarepipelining algorithmto eachlevel of the nested

loop.

Thetechniqueof nestedpipelinescanbeappliedto anarbitrarynumberof dimensions.For n dimensions,

we will have n + 1 copiesof theoriginal loop body. Eachloop nestaddsoneextra copy in its epilog,plus

thereis onecopy in theinnermoststeady-state.Thistechniqueis similarto thehierarchical reductionstrategy

introducedby Lam [35], which allows large units of code(including conditionalstatementsor loop nests)

to be treatedasa singlenodefor the purposeof softwarepipelining. Although it is possibleto construct

examplesinvolving any numberof loop nests,all of the conceptswe needto illustratecanbe shown with
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only two levels,sowewill focuson thetwo-dimensionalproblemin theremainderof thisdiscussion.

At this point we have solved the problemof generatingthe correctprefetchaddresswhenthe distance

requiredto hide the I/O latency spansanarbitrarynumberof loop nests.However, we canstill do a better

of job of schedulingtheprefetches.Figure5.5(b)shows a generalview of theeffect of nestingthesoftware

pipelines,but theactualeffectivenessdependson theamountof latency thatwe areattemptingto hidewith

eachof the nestedpipelines. Considerfor instancethe original two-dimensionalloop from Figure5.2(a).

For this example,si (the lengthin cyclesof thebodyof loop i) is equalto N j � sj . Using thealgorithmin

Figure5.3to calculatetheoffsetsdi anddj couldleadto many possiblesituations,dependingonthevalueof

N j andtheinitial latency estimate.In theworstcase,si is only slightly largerthanthelatency estimateand

di = 0. All of the latency will behiddenby the innerpipelineusingthedj offset,however, very little time

will bespentin thesteady-stateandwe still paya largecostfor repeatedly�lling anddrainingthis pipeline

on eachiterationof the outer loop. As the latency estimatebecomeslarger thansi (eitherbecauseN j is

smalleror thelatency is larger),theouterpipelinecomesinto play with di > 0. Thelargerdi becomes,the

morelatency is hiddenusingtheouterpipelineandthesmallerthecostof drainingtheinnerpipelineoneach

iteration.

Effect of NestedPipelines

We have createda simpleevent-driven disk simulatorto evaluateour changesto the schedulingalgo-

rithm. ThesimulatormodelsexactLRU replacement,andsubmitsa requestto anarrayof disksonanaccess

or prefetchof a pagethat is not “in memory”. Enoughdisksareusedso that contentiondoesnot occur,

andwe assumethe bandwidthbetweendisksandmemoryis unlimited. Multiple prefetchescanproceed

in parallel,but accessesmuststall until the disk readfor the requestedpagecompletes.To betterisolate

the effect of differentschedulingalgorithms,eachinnermostloop iterationis assumedto take onecycle to

execute,andthe disk latency is expressedasa numberof cycles(or equivalently, a numberof inner loop

iterations).Resultsfrom thesimulatorindicatetheimprovementsthatcouldbeexpectedfrom changesto the

schedulingalgorithmalone,in theabsenceof bandwidthlimitations,disk contention,latency variations,re-



CHAPTER5. IMPROVING THE COMPILERSCHEDULINGALGORITHM 126

placementdecisions,andotherrun-timefactorsthatmayaffect theactualperformanceon a realsystem.For

ourmicrobenchmarkexperiments,pagesarenot reusedandthusthereplacementalgorithmis nota factor.

Figure5.6 comparestheoriginal, single-looppipeliningalgorithmwith thenew nestedpipeliningalgo-

rithm for our two-dimensionalloopexampleusingthreedifferentratiosof si to latency. For theseexamples,

our loopsaccessa total of 428 pagesof data. Using our event-driven simulator, we recordthe numberof

prefetchedpagesthat have not yet beenreferenced(the outstandingprefetches) asa function of simulated

time. Thenumberof outstandingprefetchesis an indicationof thestateof thesoftwarepipeline,however,

this numberalonedoesnot tell usanything aboutwhethertheright pageshave beenprefetched,or whether

the prefetcheswereearly enoughto be useful. To show the effectivenessof the prefetches,we plot stall

time asa dark solid line on the graph—betterschedulingalgorithmswill both maintaina full pipelineof

outstandingprefetches,andshow fewerandshorterstalls,resultingin fewerexecutioncyclesoverall.

In the �rst case,Figure5.6(a)and(b), we demonstratethesituationwheresi is slightly larger thanthe

latency. On the left (labeled“Original”) we show the result for the original pipelining algorithm. The ten

iterationsof the outer loop are clearly visible as the pipeline of outstandingprefetchesis initialized and

drainedeachtime. Note that thereis a substantialstall following the prolog as eachiteration entersthe

steady-state.This stall occursbecausethe prolog prefetchof the �rst pageof datahasnot had time to

completewhenthatpageis referencedin thesteady-state.Following this stall, thereis a very shortsteady-

statephasefollowedby a long epilog to accessall thepagesthatwereprefetched.Besidethis graphon the

right (labeled“Nested,di = 0”) we show theresultof applyingthenew nestedpipeliningalgorithmin the

samesituation.Thecurvesareidenticalto theoriginal casebecausethe inner loop hasenoughiterationsto

hidethe latency andtheouterpipelineis not used.In this situation,we derive no bene�t from applyingthe

new nestedpipeliningalgorithm.

In the secondcase,Figure5.6(c)and(d), we comparethe two algorithmswhenthereareonly enough

iterationsin the inner loop to hide two thirds of the latency. In this case,two thirds of the latency canbe

hiddenusingoneiterationof theouterloop, andtheremainingthird canbehiddenusinghalf the iterations

of theinner loop. On theleft, thegraphfor theoriginal algorithmshows thatno time is spentin thesteady-
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stateat all—thecodedoesnot usetheouterloop,andthustransitionsdirectly from �lling thepipelinein the

prologto drainingit in theepilog. On theright, however, we seethat thenestedpipelinesarenow having a

positiveeffectbecausethey areableto usetheouterloop. More time is spentin thesteady-state,thepipeline

is only partially drainedon eachouterloop iteration,andtheexecutiontime is reducedby nearlyonethird

(comparedto theoriginalalgorithmin Figure5.6(c))dueto betteroverlapof prefetcheswith computation.

Finally, Figure5.6(e)and(f) show the resultof using the two algorithmswhenat leasttwo iterations

of theouterloop areneededto hide the latency. On the left, theoriginal algorithmshows similar behavior

as in (c), with no time spentin the steady-state.On the right, however, we seethat the nestedpipelining

algorithmcontinuesto grow moreeffective asthe latency increases(or, equivalently, asthe inner loop gets

smaller),with anevenlargerportionof time spentin thesteady-stateandreducedpenaltiesfor drainingthe

innerpipeline.Somewhatsurprisingly, however, nestedpipeliningonly reducesthetotal executionby about

one�fth ascomparedwith theoriginalalgorithmfor this latency. To explain thisunexpectedresult,notethat

theoriginalalgorithmonly stalls� vetimesin thiscase(vs. tentimesin theothertwo), andwith theexception

of the�rst stall, thepenaltyis partially hidden.This happensbecausethedataaccessesaresequentialin the

inner loop andthecompiler-generatedcodeoptimistically issuesa block prefetchfor asmany pagesasare

neededto hidethelatency, regardlessof how many pageswill actuallybeusedin theinnerloop. Becausethe

accessis alsosequentialacrosstheouterloop, theextra pagesfetchedareaccessedon subsequentiterations

of the outerloop. In this case,the prolog prefetchescover morethantwo full outeriterationsof data,and

thusapartialstall only occursoneverysecondouterloop iteration.
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Althoughissuinglargeblock prefetchesin theprologhasthepotentialto improve performance,thereis

alsoasigni�cant potentialcost.Notethatin Figure5.6(c)and(e) thenumberof outstandingprefetchesnever

goescompletelybackdown to zero. That is, thepipelineis never fully drained.For this example,only the

extrapagesprefetchedonthe�nal prologiterationarewasted.Supposethatthedataaccesswasnotsequential

acrosstheouterloop, however. For instance,supposethe inner loop accessesonly the �rst portionof each

row of thematrixasdepictedin Figure5.7. In thiscase,theextrapagesfetchedby theoriginalalgorithmare

not needed;disk bandwidthis wastedandthememorymaybecomepolluted. If we take thedirectapproach

andlimit thenumberof pagesprefetchedto thenumberthatwill actuallybeusedin the inner loop, we can

solve the problemof wastefulprefetches.Sinceblock prefetchesareonly usedfor referenceswith spatial

locality, calculatingthe numberof sequentialpagesthat will be referencedin the loop is straightforward2.

Figure5.8 illustratesthesecasesusingdatafrom oursimpledisksimulator.

Figures5.8(a)and(b) arenearlyidenticalto Figures5.6(d)and(f), showing that the nestedpipelining

is able to handlethe non-sequentialdatalayout gracefully regardlessof the latency. Although thereare

somewastedprefetches,thenumberis very small(fewer than20 pagesin bothcases,or lessthan5% of the

numberof pagesaccessedby the test loops). The resultsfor the original pipelining algorithm,depictedin

Figures5.8(c)and(d) provide a sharpcontrast.Becausethedatalayout is no longersequential,theexcess

prolog prefetchesarewastedon eachiteration. The larger the latency, the worsethis problembecomes—

by theendof thesimulation,approximately900unnecessarypageshave beenbroughtinto memoryfor the

largestlatency simulated.This representsmorethantwice asmany pagesasareaccessedby the testloops

themselves, and would result in extra memorypressureand wasteddisk bandwidthin a real system. In

addition,becausethe wrong pagesarebeingfetched,thereis no longera latency-hiding bene�t to issuing

theselarge blocksof prefetches.The programstill stallson eachiterationof the outer loop. The results

of limiting the sizeof the block prefetchesin the original algorithm,to reducethe wastefulprefetches,are

shown in Figure 5.8(e)and (f). The shapeof thesetwo curves are identical becauseboth are limited to

prefetchingthe numberof pagesthat will be usedin the inner loop. Note that this versionof the original

2Weperformthiscalculationalreadyto avoid releasingmorepagesthanwereactuallyreferencedat theendof a loop.
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Figure 5.8. Effect of non­sequential data access across outer loop
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Figure 5.9. Contin uous software pipelines for two­dimensional array pref etches

algorithmoccasionallystallsat theendof theepilogdueto alignmentissuesthatwerepreviously hiddenby

theexcessively-largeblockprefetches.

Fromthegraphsin Figures5.6and5.8,it is clearthatthenestedpipeliningalgorithmprovidessigni�cant

bene�ts(bothin termsof executiontimeandbettermemoryusage)whenthelatency is too largeto behidden

by theinnerloop. Usingmemoryef�ciently is especiallyimportantin amultiprogrammedenvironmentwhere

we arealsoconcernedaboutthenegative effectsof prefetchingon otherprograms.If theinner loop is large

enoughto hidethelatency, however, thereis no bene�t to usingthenestedpipeliningalgorithmeventhough

a largepenaltymaystill occurdueto repeatedlyinitializing thepipeline,asshown in Figure5.6(b). We are

only betteroff usingnestedpipeliningif multiple loopnestsareactuallyneededto hideall thelatency, but we

will typically not know whetheror not this is thecaseuntil run-time.To solve this problem,we needto start

re-�lling thepipelinewith datafrom theprologof thenext iterationaswe drainout thedatain thecurrent

epilog.Wenow discusshow thiseffect canbeachievedby mergingepilogswith thesubsequentprologs.
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5.2.3 Merging prologsand epilogs

Figure 5.9 depictsthe effect of merging the epilog of one iteration with the prolog of the following

iteration. Thedashedlinescorrespondto theepilogsandprologsfrom thenestedpipeliningcasethathave

now beenmergedtogether, keepingthe total numberof prefetchesin the pipelinesteady. Thereis now a

single“�ll” stagewhenweareunableto hideall of theI/O latency, but for mostof theexecutionweareable

to stayin thesteady-state.

To build asoftwarepipelinethatwill have thebehavior shown in Figure5.9weneedto do threethingsto

thenestedsoftwarepipelines.Thesestepsaredepictedin Figure5.10,which shows thetransformationfrom

nestedto continuouspipelines.First, sincethe innerprologandepilogarebeingmerged,we cannow pull

the�rst instanceof theinnerprologout of theloops,makingit partof theouterprolog.Second,in theinner

epilog we needto insertthe prefetchesthat would be issuedin the inner prolog of the next outeriteration.

Normally, the epilog begins at the point whereall datathat will be accessedby the currentloop hasbeen

prefetched.This occurswhenthe loop index plus theprefetchoffset reachtheoriginal upperboundof the

loop. Continuingto prefetchat this point would causethearrayindex usedto generatetheprefetchaddress

to over�ow therangeof dataoriginally accessed.Althoughprefetchesaredesignedso that this over�ow is

safe(that is, it will not causeanaccessexception),it maypollutememoryby fetchingunnecessarydataand

cannotgenerallyberelieduponto fetchthedatathatwill beneededby thenext surroundingloopnest.Rather

thanover�owing, wewanttheprefetchindex to wraparoundto thenext surroundingdimension.Clearlythis

impliesthatweneedto adjusttheoffsetsthatareusedfor prefetchingin theepilog.To doso,wesimplyneed

to calculatetheaddressthatwould beusedfor theprologprefetchof thesurroundingloop, wheretheouter

loop index variablehasincreasedby the loop stepandthe inner index variablehasbeenresetto its lower

bound. For this example,the addressto prefetchwould be a[i+di+1][j+dj-Nj] . The resultof these

two stepsproducesthecodeshown in Figure5.10(b).

Merging theepilogwith thenext iteration'sprologis successfuluntil thepointwherewrappingtheindex

for the inner loop causesthe prefetchindex for the outer loop to over�ow. This happensduring the �nal
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   for (j = j_swp_ub; j < Nj; j++) 
      access(a[i][j]);

   j_swp_ub = max(0, Nj�dj);
   for (j = 0; j < j_swp_ub; j++) {
      prefetch(&a[i+di][j+dj]);
      access(a[i][j]);
   }

i_swp_ub = max(0, Ni�di);
for (i = 0; i < i_swp_ub; i++) {

   for (j = 0; j < Nj; j++)
      access(a[i][j]);i�e

pil
og

for (i = i_swp_ub; i < Ni; i++)

      for (j = 0; j < Nj; j++)
         prefetch(&a[ip][j]);

   for (ip = 0; ip < min(di, Ni); ip++) 

i�p
ro

log

i�s
te

ad
y

}

sta
te

j�p
ro

log

j�e
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og

sta
tej�s

te
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y

i_swp_ub = max(0, Ni�di);

   for (j = 0; j < Nj; j++)
      access(a[i][j]);i�e

pil
og

for (i = 0; i < i_swp_ub; i++) {

for (i = i_swp_ub; i < Ni; i++)

      prefetch(&a[i+di][jp]);
   for (jp = 0; jp < min(dj, Nj); jp++)

      for (j = 0; j < Nj; j++)
         prefetch(&a[ip][j]);

   for (ip = 0; ip < min(di, Ni); ip++) 

i�s
te

ad
y

sta
te

sta
tej�s

te
ad

y

      prefetch(&a[min(di,Ni)][jp]);
   for (jp = 0; jp < min(dj, Nj); jp++)pr

olo
g

   j_swp_ub = max(0, Nj�dj);
   for (j = 0; j < j_swp_ub; j++) {
      prefetch(&a[i+di][j+dj]);
      access(a[i][j]);
   }

      access(a[i][j]);

   for (j = j_swp_ub; j < Nj; j++) {
      prefetch(&a[i+di+1][j+dj-Nj]);

   }

}pr
olo

gep
ilo

g/m
er

ge
d

1. Move inner j�prolog
     out of loops, creating
     a single prolog section.

2. Insert prefetches in inner
     j�epilog, adjusting prefetch
     offsets to wrap to next
     outer iteration.

(a) 2�D nested pipelining example (b) Result of first 2 steps in
transformation to continuous pipelining

   for (j = 0; j < Nj; j++)
      access(a[i][j]);i�e

pil
og

for (i = i_swp_ub; i < Ni; i++)

}

i�p
ee

l    }
      access(a[i_swp_ub�1][j]);

sta
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      for (j = 0; j < Nj; j++)
         prefetch(&a[ip][j]);

   for (ip = 0; ip < min(di, Ni); ip++) 

i�s
te

ad
y

sta
te

      prefetch(&a[min(di,Ni)][jp]);
   for (jp = 0; jp < min(dj, Nj); jp++)pr

olo
g

sta
tej�s

te
ad

y

}

   for (j = j_swp_ub; j < Nj; j++) {

      access(a[i][j]);
m

er
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d

pr
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g/

i_swp_ub = max(0, Ni�di);
for (i = 0; i < i_swp_ub - 1; i++) {

   for (j = j_swp_ub; j < Nj; j++) {

      prefetch(&a[Ni�1][j+dj]);

   for (j = 0; j < j_swp_ub; j++) {
      prefetch(&a[i+di][j+dj]);
      access(a[i][j]);
   }

      access(a[i_swp_ub�1][j]);

   for (j = 0; j < j_swp_ub; j++) {

j_swp_ub = max(0, Nj�dj);

j_swp_ub = max(0, Nj�dj);

las
t

ste
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y

   }

(c) Final 2�D continuous pipelining example

   }

prefetch(&a[i+di+1][j+dj�Nj]);

3. Peel last i�steady state
     iteration, and remove
     prefetches from the 
     epilog of the peel.

Figure 5.10. Progression from Nested pipelines to Contin uous pipelines
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foo() {
    int count := 0;
    for (int i=0; i < Ni; i++)
        for (int j = 0; j < Nj; j++) {

        }
}

            a[i][j] = count;
            count = count + 1;

:=

0 1

1Nj0j := :=

foo()

count 0 i Ni

FOR

FOR

a[i][j] count count +

count 1

lower
bound

upper
bound

Body list

Body list

Body list

index step

Figure 5.11. SUIF­style abstract syntax tree for simple procedure with loops

iterationof theoutersteady-state.Ordinarily, thecodewould have switchedto theepilogat thepoint where

theprefetchindex over�owed,but theover�ow now occursoneiterationearlierdueto thewrappingof the

inner index. In this �nal outersteady-stateiteration,we still want to issuethe innersteady-stateprefetches,

but we don't have anotherprologto mergeinto theepilog. Thethird stepis thusto isolatethe�nal iteration

of thesteady-stateby peelingit, continuingto prefetchonly in theinnersteady-stateof thepeel.In theinner

epilogof thepeelweremovetheprefetchinstructions.Theeffectof this �nal stepis shown in Figure5.10(c).

Thiscodehasall of thepropertieswewantfor I/O prefetching:theprefetchaddressesarecalculatedcorrectly

to hidelargelatencies,andthesoftwarepipelineremains�lled aslong asthereis moredatathatneedsto be

prefetched.

Having informally introducedthestrategy for building continuoussoftwarepipelines,we turn now to a

detaileddescriptionof thealgorithm.For concreteness,we assumethealgorithmoperateson programcode

in a tree-structuredintermediateformatsuchasthatusedby SUIF. In this representation,proceduresarethe

rootsof abstractsyntaxtrees.Eachprocedurecontainsalist of treenodes(or simplynodesin thisdiscussion)

which form the procedurebody. For our purposes,we are primarily interestedin FOR-nodes,which are

usedto representfor-loops. A FOR-nodecontainsan index variable,lower bound,upperboundandstep

expressions,anda list of nodesthatform thebodyof theloop. Figure5.11illustratesthebasicstructureof a
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Propertiesof a setof nestedloops,N
innermost[N ] Theinnermostloop in thenest
outermost[N ] Theoutermostloop in thenest

Propertiesof a loop, L
body[L ] A list of nodesforming thecurrentbodyof theloopL
original -body[L ] Theoriginalbodyof L beforetransformations
lower-bound[L ] Thelowerboundof loopL
upper-bound[L ] Theupperboundof loopL
index[L ] Theindex variableof loopL
step[L ] Theamountindex[L ] is incrementedoneachiterationof loopL
outer[L ] Theloop immediatelysurroundingL , i.e., thenext outerloop from L
prefetch-o�set [L ] Thenumberof iterationsto pipelineloopL for prefetching

Propertiesof nodesand lists of nodes
head[node-list ] The�rst nodein thelist
next[node] Thesuccessorof node, i.e., thenext nodein thelist

Table 5.2. Proper ties used in presenting contin uous pipelining algorithm

COPY-LOOP-BODY(loop) Createsacompletecopy of body[loop]
BUILD-ORIGINAL-PIPELINE(loop) Constructsastandardsoftwarepipelinearoundloop using

theprefetch-o�set [loop]
INSERT-BEFORE(node, position ) Insertsnode into thelist containingposition , immediately

precedingposition
INSERT-PREFETCHES(loop, nest) for eacharrayreferencein loop, addsaprefetchinstructionto

body[loop], replacingeachuseof index[loop] in thearray
index expressionwith (index[loop] + prefetch-o�set [loop])

ADD-ANNOTATION(loop, mesg) Attachesasimpleannotation,mesg, to loop
PEEL-LAST-ITERATION(loop) Peelsthelastiterationof loop andreturnstheresultinglist of

nodes

Table 5.3. Additional procedures used in presenting contin uous pipelining algorithm

simpleprocedurecontainingtwo nestedfor-loopsin this representation(detailssuchasthesymboltableand

theterminationteston thefor-loopareomittedto focuson thetreestructure).

In presentingthe algorithm itself, we adopt the pseudocodestyle of Cormenet al. [18]: indentation

indicatesblock structure,the“ � ” symbolindicatesa comment,anddataobjectsaredescribedby attributes,

written asattribute [object ]. We will refer to threemain typesof objects: setsof nestedloops(or nests),

for-loop nodes(or loops), andlists of arbitrarynodes.Table5.2 summarizestheattributesof theseobjects

which we will beusing. Finally, thepseudocodefor themainalgorithmusesseveraladditionalprocedures

whichwedescribebrie�y in Table5.3.

Ouralgorithm,shown in Figure5.12,needsto handleseparatelythecasesof theinnermostloop(lines9–

13) andsurroundingloops(lines15–29),which includeintermediateloops(lines20–23)andtheoutermost

loop (lines 25–28). We begin by generatinga copy of the original bodiesof all of the loops (lines 1–2).
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This simpli�es the constructionof the �nal epilog codewhereno prefetchingtransformationsareneeded.

Althoughweneedonly asingleprologsectionat thebeginningof all theloopsfor continuouspipelining,we

will build theprologincrementallyaseachloopis pipelined.Wethusmarkthepointwheretheprologshould

beadded(line 3) andthenproceedto transformtheloops,beginningwith theinnermostandworking out to

theoutermostloop (lines4–29).

For eachloop,westartby generatingprolog, steady andepilog loopsaccordingto theoriginalpipelining

algorithm;weusetheprefetch-o�set previouslycalculatedtohidetherequiredportionof thelatency with the

currentloop (line 5). Theprologis insertedimmediatelybeforethepreviousprolog,or beforetheoutermost

loopin thecaseof the�rst prologgenerated(lines6–7).Thiscausestheprologsto beorderedfrom outermost

to innermostin thelist of nodesprecedingtheoutermostloop. Next wedealwith thethreetypesof loops.

Lines9–13handlethecaseof innermostloops.Prefetchesareaddedto thesteady andepilog loopsusing

theoriginalprefetch-o�sets for eachloop. Theprefetchoffsetsarethenadjustedin theepilog loop to cause

theaddresscalculationto wraparoundto thenext iterationof thesurroundingloop. An annotationis added

to theepilogloop to allow usto identify it laterwhensurroundingloopsarepipelined,andtheoriginal loop,

L is replacedin thebodyof thesurroundingloop with thepair of loop nodes,steady andepilog. Notethat

becausethis transformationof theinnermostloopis performed�rst, all surroundingloopswill containacopy

of thepipelinedinnermostloopwith prefetchingcodealreadyaddedto it whenthey arepipelined.

We next have to dealwith the casesof loopssurroundingthe innermost. For eachof theseloops, the

epilogbeginswhentheprefetchaddresscomponentfor thecurrentloop would over�ow. As with thesimple

two-dimensionalexamplediscussedearlier, however, wrappingtheoffsetsof thenext inner loop will cause

thecurrentloop's prefetchindex to over�ow oneiterationearlier. We thusneedto peelthe�nal iterationof

the steady loop (line 15). Within the peel,we needto identify the point wherethe over�ow would occur.

For intermediateloops,this is thepoint wherewe have to begin wrappingtheprefetchindex for thecurrent

loop. For theoutermostloopthereis nosurroundingloopontowhichto wraptheindex, sotheover�ow point

representsthepoint whereprefetchingis no longerneeded.Conceptually, we mustlook within thecurrent

peelfor the loop wheretheprefetchindex for thenext inner loop beganwrapping. Preciselyhow to locate



CHAPTER5. IMPROVING THE COMPILERSCHEDULINGALGORITHM 137

BUILD-CONTINUOUS-PIPELINES(N )

� Step1: Preservecopy of original loopbodies
1 for L  outermost[N ] to innermost[N ] do
2 original -body[L ]  COPY-LOOP-BODY(L )

� Step2: TransformLoops
3 prolog-position  outermost[N ]
4 for L  innermost[N ] to outermost[N ] do
5 (prolog; steady; epilog)  BUILD-ORIGINAL-PIPELINE(L; prefetch-o�set [L ])
6 INSERT-BEFORE(prolog; prolog-position )
7 prolog-position  prolog
8 if L = innermost[N ] then � Case1: L is innermostloop
9 INSERT-PREFETCHES(steady; N )

10 INSERT-PREFETCHES(epilog; N )
11 ADJUST-PREFETCH-OFFSETS(epilog; L; outer[L ])
12 ADD-ANNOTATION(epilog;“Epilog Loop”)
13 ReplaceL in parentlist with (steady; epilog)
14 else � Case2 & 3: surroundingloops
15 peel-list  PEEL-LAST-ITERATION(steady)
16 node  head[peel-list ]
17 while node doesnothave “Epilog Loop” annotationdo
18 node  next[node]

� nodeis now loopwith “Epilog Loop” annotation
19 if L 6= outermost[N ] then � Case2: L is intermediateloop
20 while node 6= NIL do
21 ADJUST-PREFETCH-OFFSETS(node; L; outer[L ])
22 node  next[node]
23 ADJUST-PREFETCH-OFFSETS(epilog; L; outer[L ])
24 else � Case3: L is outermostloop
25 while node 6= NIL do
26 Replacebody[node] with original -body[node]
27 node  next[node]
28 Replacebody[epilog] with original -body[epilog]
29 ReplaceL in parentlist with (steady; peel-list ; epilog)

ADJUST-PREFETCH-OFFSETS(node; current; outer)

1 if node is nota loop then
2 Return
3 foreachprefetchinstructionP in body[node] do
4 foreachexpressionE containingindex[current] in P do
5 E  E � upper-bound[current] + lower-bound[current]
6 foreachexpressionE containingindex[outer] in P do
7 E  E + step[outer]

Figure 5.12. Algorithm for building contin uous software pipelines in nested loops
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this loop dependson the representation.In our case,we take advantageof the treestructureof the SUIF

intermediateformatasfollows. We observe thatwrappingalwaysoccursin thecopy of theinnermostepilog

in thepeelof eachloop, however anarbitraryinterior loop peelwill have multiple copiesof the innermost

epilog. The key is that eachpeel removesa layer of nesting. We thusrequirethe copy of the innermost

epilogthatoccursat thetop level in thecurrentpeel-list . Anotherway to think of this propertyis thatin the

innermostepilogwe mustwraptheprefetchaddressontothenext surroundingloop. All copiesthatarenot

at thetop level in thepeelhavesomeotherloopsurroundingthem,which is thetargetof thewrapping.When

thecopy is at thetop level, however, theover�ow conditionmustbehandledby thecurrentloop. To �nd the

pointwhereover�ow wouldoccur, wesimplywalk thelist of nodesin thepeel-list looking for theloopwith

theepilogannotationaddedearlier(lines16–18).

After locatingthe point wherethe prefetchaddresseswould over�ow, we needto distinguishbetween

intermediateloops, wherewe can wrap prefetchesto a surroundingloop, and the outermostloop where

prefetchingshouldstop. For intermediateloops(lines20–23)we adjusttheprefetchoffsetsfor thecurrent

loop andthenext outerloop to wraptheprefetchaddressesfor every prefetchinstructionin every loop until

the endof the peel list. We alsoadjustthe prefetchaddressesin the epilog in the samemanner. For the

outermostloop,ratherthanadjustingtheprefetchoffsets,wesimply replacethebodyof eachloop in therest

of thepeel,andthebodyof theepilogwith theoriginal, untransformedbodyof that loop. Finally, afterall

necessaryadjustmentshavebeenmade,wereplacetheoriginal loopL with thesteady loop,thepeel-list and

theepilog loop in thelist containingL .

Figure5.13 illustratesthe simulatedperformanceof the continuouspipelining algorithmunderthe dif-

ferentlatency anddatalayout scenariosintroducedpreviously. In contrastto the correspondinggraphsfor

nestedpipeliningin Figures5.6and5.8,thecontinuouspipeliningcurvesarenearlyidenticalin all situations.

Thereis asinglestallwhenthesteady-stateis �rst entered,becausethe�rst pageprefetchedhasnothadtime

to complete.Thereafter, thenumberof outstandingprefetchedpagesremainsnearlyconstantuntil thesole

epilogat theendof thesimulation.Thereis a smallamountof “jitter” in thepipelineastransitionsaremade

from theoriginalsteady-stateto themergedprolog/epilogportionof thesteady-stateandback,however, these
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variationsdo not impacton theoverall effectivenessof thesoftwarepipelining. As with nestedpipelining,

therearefewer than20 wastedprefetches(lessthan5% of thedataaccessed)whenthedatalayoutis not se-

quentialacrossouterloop iterations.Regardlessof theamountof latency, or thedatalayout,thecontinuous

pipeliningalgorithmis ableto effectively usemultiple loopneststo overlapprefetcheswith dataaccesses.

The algorithmin Figure5.12 is ableto handlearbitrarylevels of nesting,including imperfectly-nested

aswell asperfectly-nestedloops. In all cases,prefetchesarecorrectlygeneratedto maintaina full software

pipelineuntil all neededdatahasbeenprefetched.Schedulingprefetchescorrectly is not the only issue,

however. Referringbackto Figure5.10(c),noticethat therearenow � ve copiesof the original loop body

for the two-dimensionalloop nest. In general,the strategy outlinedherewill leadto 3n � 1 + n copiesof

the original loop body, for n levels of loopssinceall loopsexceptthe innermostneedto distinguishthree

separatesituations. This may lead to an unacceptableexpansionin codesize for even moderatelydeep

nestings.Theimportantissueis thedynamiccodefootprint,whichwill dependon how theexecutionis split

betweenthevariouscasesin thecontinuouspipelinebasedon actualloop bounds.Thecontinuouspipelines

are�e xible enoughto adaptto a largenumberof situations,but it is unlikely thateachcasewill occurwith

equalfrequency. Nonetheless,wewill demonstratehow thecodeexpansionproblemcanbehandled.

5.2.4 Reducingcodeexpansion

It is temptingto addressthecodeexpansionproblemby ignoringthespecialcasethatoccursin the�nal

iterationof thesteady-state,andcontinuingto transitionto theepilogatthesamepointasbefore.Thisstrategy

eliminatestheneedto peelaniterationof eachsurroundingloop, andreducesthenumberof copiesto what

wehadfor thebasicnestedpipelines.Unfortunately, if wedonotknow theloopbounds,wecannotestimate

how importantthose�nal steady-stateprefetchesreally are. For example,in our simple two-dimensional

example,if Ni is only 2, andNj is extremelylarge,roughlyhalf of theprefetchesshouldbeissuedin thelast

steady-stateiterationof theouteri-loop. By ignoringthis possibility, we greatlyreduceour opportunitiesto

hideI/O latency in somecases.

Fortunately, thereis a bettersolution. Observe thatall thecopiesof theoriginal loop bodyoccurin one
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)    j_lb = 0;
   j_off = dj;
   j_swp_ub = max(0, Nj�dj);

      
         access(a[i][j]);

      access(a[i][j];
   j_lb = 0;
}

      prefetch(&a[ip][j]);
for (jp = 0; jp < min(dj, Nj); jp++)

         prefetch(&a[i_idx][j+j_off]);

      }
      /* setup for merged prolog/epilog */
      j_lb = j_swp_ub;
      j_off = dj � Nj;
      j_swp_ub = Nj;
   }
}

   for (j = j_lb; j < Nj; j++)

for (i = 0; i < i_swp_ub; i++) {

for (ip = 0; ip < min(di, Ni); ip++) 
   for (j = 0; j < Nj; j++)

   prefetch(&a[i+di][jp]);

i_swp_ub = max(0, Ni�di);

   /* setup for steady state */
   i_off = i + di;
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Figure 5.14. Wrapped pipeline: onl y two copies of the original loop bod y are needed to cover all
situations.

of only two situations:eithertheoriginalbodyby itself, or theoriginalbodywith aprefetchoperationadded.

Theonly differencesaretheupperandlowerboundson theloopssurroundingthebody, andtheoffsetsused

in theprefetchaddresscalculation.By identifyingthepointswherethesevaluesneedto changeandinserting

codeto calculatethemappropriately, we only needa singlecopy of the body with the prefetchoperation.

Similarly, if we can identify the point whereprefetchingshouldstop, we only needa single copy of the

epilogcode.

Our solution is to “wrap” eachinner loop in a new loop that executesat most twice. Before the �rst

iterationof thewrapperweinsertcodeto settheboundsonthe“wrapped”loopfor thesteadystatecondition.

At theendof thewrapper, weinsertcodeto setboundsandoffsetsfor themergedepilog/prologsituation.An

examplefor thetwo-dimensionalcaseis shown in Figure5.14. This techniquefor reducingcodeexpansion
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Static Secondary % Increase Execution % Increase
Code I-cacheMisses OverPrevious Time (cycles) OverPrevious

Bench Version Size (x 105) Version (x 109) Version

FFTPDE
No Prefetch 10.9K 2.76 N/A 62.36 N/A
Originalpipe 16.1K 3.07 11.2 62.55 0.3
Dynamiclat. 21.7K 3.19 3.7 62.34 -0.3
Nestedpipe 25.0K 3.31 3.8 62.79 0.7
Continuous 46.0K 3.84 16.1 63.36 0.9

MGRID
No Prefetch 13.1K 0.58 N/A 23.76 N/A
Originalpipe 23.3K 0.65 11.9 24.24 2.1
Dynamiclat. 24.4K 0.69 5.0 25.55 5.4
Nestedpipe 39.5K 0.83 21.0 27.40 7.3
Continuous 144.8K 1.34 61.1 26.94 -1.7

APPBT
No Prefetch 81.2K 1.70 N/A 11.31 N/A
Originalpipe 199.5K 1.85 9.2 11.81 4.4
Dynamiclat. 203.0K 1.92 3.4 11.82 0.1
Nestedpipe 290.1K 2.58 34.6 11.81 -0.1
Continuous 845.5K 3.39 31.3 11.87 0.5

APPLU
No Prefetch 58.2K 0.27 N/A 2.69 N/A
Originalpipe 98.5K 0.27 -1.1 2.74 2.0
Dynamiclat. 100.5K 0.29 6.1 2.74 0.2
Nestedpipe 172.0K 0.39 37.8 2.76 0.4
Continuous 442.4K 0.61 55.2 2.82 2.5

APPSP
No Prefetch 75.2K 5.62 N/A 59.49 N/A
Originalpipe 133.1K 5.59 -1.5 60.40 1.53
Dynamiclat. 137.2K 5.84 4.5 60.22 -0.3
Nestedpipe 224.4K 6.21 6.2 62.64 4.0
Continuous 593.8K 10.96 76.5 63.53 1.4

Table 5.4. Effect of pipelining algorithms on code size and execution time

is similar in spirit to loop rerolling [5], which hasalso beenappliedto reducethe memoryfootprint for

embeddedapplications[1]. Thewrappedpipelineapproachintroducessomeadditionaloverhead,in theform

of theextra loopandthecodeto updateboundsandoffsets.

To evaluatewhetherthis optimizationis necessary, we appliedthenestedandcontinuouspipeliningal-

gorithmsto theNAS parallelbenchmarksthathave nestedloops. We thenmeasuredtheexpansionin static

codesize,the changein i-cachemissesandthe effect on executiontime. To show the worst-caseeffect of

codeexpansionalone,wedisabledtheactualprefetchandreleaseoperations,andrantheseexperimentsona

quietsystemwith enoughmemoryto eliminatepaging.Theresultsareshown in Table5.4.

As expected,eachenhancementto the schedulingalgorithm resultsin an increasein the static code

size,with themostdramaticincreaseoccurringwith thecontinuouspipelines.Thedynamiceffectsareless

pronouncedandlessuniform,however. Lookingat thesecond-level instructioncachemisses,weseethatthe
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missesgenerallyincreasewith largerstaticcodesizes,andthelargestincreaseagainoccursfor thecontinuous

pipelines.In theworstcase,continuouspipeliningfor APPSP resultsin a 76%increasein instructioncache

missesover thenestedpipeliningalgorithm. We aremostinterestedin theeffect of codeexpansionon the

overall executiontime, however, and herewe seethat continuouspipelining hasa worst casepenaltyof

just 2.5% over nestedpipelining (for APPLU). In the caseof APPSP, the massive increasein instruction

cachemissesleadsto only a 1.4% increasein executioncycles. For MGRID, the executiontime actually

decreaseswith thecontinuouspipeliningalgorithm(relative to nestedpipelining) in spiteof a 61%increase

in instructioncachemisses.Clearlyotherfactorsalsohave aneffect on theoverall performance,even in a

settingdesignedto highlight theimpactof codeexpansion.

In a more realisticusagescenario(out-of-coreapplicationswith prefetchingandreleasingoccurring),

othereffectshave a far moredramaticimpacton instructioncacheperformancethanthechoiceof software

pipeliningalgorithm.For instance,themainexecutionthreadis lesslikely to bescheduledon thesameCPU

whenwehaveactiveprefetchhelperthreads,andtheexecutionof operatingsystemcodeto handleprefetches

andpagefaultsbothleadto largeincreasesin thenumberof instructioncachemises.

Basedon theseexperiments,we concludethat thewrappedpipeliningalgorithmis unlikely to have any

bene�ts relative to the fully-expandedcontinuouspipelining algorithmfor the typesof applicationswe are

targeting,andwe do not considerit any further in this dissertation.Theremay, however, be othersettings

wherecodefootprint is a largerconcern.

Having introducedour new algorithmsfor schedulingprefetchesin out-of-coreapplications,we now

discussanimportantpropertyof thesealgorithms—theability to dealwith imperfectly-nestedloops.

5.2.5 Imperfectly nestedloops

In his thesis,McIntosh[37] alsoconsideredcompileralgorithmsfor prefetchingin nestedloopswhen

latencieswere large. Although he was concernedwith prefetchingcachemisses,he observed that inner

loopswith shorttrip countscouldbetoosmallto effectively hidelong-latency memoryaccesses.McIntosh's

solution,termedouter-looppipelining, is similar to ourheuristicfor �nding asuitableloopnest(asdescribed
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in Section3.1.2)whenthe boundsareknown at compile-time. Whenthe boundsareunknown, however,

outer-looppipelining�rst strip-minestheinnerloopandtheninterchangesthestrip-mineloopwith theouter

loop to give the compiler control over the prefetchingdistance,which is now expressedin termsof the

strip-mining factor. The effectivenessof outer-loop pipelining was found to be mixed, producingmodest

improvementsin somecases,andmodestdegradationsin others[37]. Further, thetechniqueis onlyapplicable

to perfectly-nestedloops,andthecompilermustbeableto prove that the interchangeis safein thecaseof

unknown bounds.

In contrast,becausewearenotattemptingto interchangetheloopsthemselves,thecontinuouspipelining

strategy canbeappliedto imperfectly-nestedloops.This featureis important,particularlywhenconsidering

the very long latenciesthat mustbe hiddenfor I/O prefetching. As the latenciesbecomelarger, it is not

suf�cient to consideronly theloop immediatelysurroundingtheinnermostone.For example,in theAPPBT,

APPLU and APPSP benchmarksin the NAS Parallel suite, the mostsuitableloop for I/O prefetchingfre-

quentlycontainsmultiple inner loops. Figure5.15shows an exampledrawn from the APPLU benchmark.

Considerthe “do 999980 ” loop (the i-loop), which containsfour distinct loops. Of thesefour, the two

perfectly-nestedloopseachhave a total trip countof only 25 iterations,while the remainingtwo arethem-

selvesimperfectly-nested(andalsohaveshorttrip counts).For I/O prefetchingto haveany chanceof success,

wemustat leastpipelinethei-loop, whichwouldbeimpossibleusingMcIntosh'souterlooppipeliningstrat-

egy.

Themajorchallengeposedby imperfectly-nestedloopsfor continuouspipelining is thepossibility that

it will be too early to start the next prolog during the currentepilog of an inner loop. To illustrate, refer

again to Figure5.15. Whenwe generatethe epilog for the �rst loop nestedinsidei (the “do 99988, m

= ... ” loop), we insertprefetchesfor the next iterationof the i-loop, however, we still have to execute

the otherthreeloopsthat arenestedinsidethe i-loop. If theselater loopsaccessa large amountof data,it

is possiblefor the dataprefetchedin the �rst epilog to be �ushed from memorybeforeit canbe used. In

this speci�c example,the boundson all the loopsnestedinsidethe i-loop areconstantat compile-time,so

wecanestimatethevolumeof dataaccessedanddeterminewhethercontinuouspipeliningwill befruitful or
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do 99978, k = 2, nz - 1
do 99979, j = 2, ny - 1

do 99980, i = 2, nx - 1
C *** First loop nested inside i

do 99988, m = 1, 5
do 99989, l = 1, 5

v(m, i, j, k) = v(m, i, j, k) - omega * (ldz(m, l, i,
*j, k) * v(l, i, j, k - 1) + ldy(m, l, i, j, k) * v(l, i, j - 1, k)
* + ldx(m, l, i, j, k) * v(l, i - 1, j, k))

99989 continue
99988 continue
C ***diagonal block inversion
C ***forward elimination - Second loop nested inside i

do 99986, m = 1, 5
do 99987, l = 1, 5

tmat(m, l) = d(m, l, i, j, k)
99987 continue
99986 continue
C *** Third loop nested inside i

do 99983, ip = 1, 4
tmp1 = 1.0d+00 / tmat(ip, ip)
do 99984, m = ip + 1, 5

tmp = tmp1 * tmat(m, ip)
do 99985, l = ip + 1, 5

tmat(m, l) = tmat(m, l) - tmp * tmat(ip, l)
99985 continue

v(m, i, j, k) = v(m, i, j, k) - v(ip, i, j, k) * tmp
99984 continue
99983 continue
C ***back substitution - Fourth loop nested inside i

do 99981, m = 5, 1, -1
do 99982, l = m + 1, 5

v(m, i, j, k) = v(m, i, j, k) - tmat(m, l) * v(l, i, j
*, k)

99982 continue
v(m, i, j, k) = v(m, i, j, k) / tmat(m, m)

99981 continue
99980 continue
99979 continue
99978 continue

Figure 5.15. Example of imperf ect loop nesting structure found in blts subr outine of applu.f
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Simulated Simulated Pages Pages
Time Stall Page Pages Replaced Not Late

Bench Version (cycles) (cycles) Faults Prefetched BeforeUse Prefetched Prefetches

FFTPDE
No Prefetch 1.00e12 9.66e11 369,963 N/A N/A 369,963 N/A
Originalpipe 1.45e11 1.06e11 380,323 378,029 37,608 39,980 86,623
Nestedpipe 7.08e10 3.18e10 373,538 368,479 1,192 6,267 8,635
Continuous 9.67e10 5.77e10 374,171 365,878 8,765 17,091 5,582

MGRID
No Prefetch 9.36e11 8.54e11 327,038 N/A N/A 327,038 N/A
Originalpipe 9.87e10 1.60e10 330,784 401,248 70,453 19 28,602
Nestedpipe 1.06e11 2.36e10 327,286 329,604 2,344 28 22,092
Continuous 9.92e10 1.65e10 327,740 330,917 7,075 3,925 3,729

APPBT
No Prefetch 4.61e11 4.22e11 161,686 N/A N/A 161,686 N/A
Originalpipe 1.79e11 1.40e11 162,275 121,602 4,406 47,107 6,575
Nestedpipe 7.31e10 3.31e10 163,566 154,197 219 10,123 8,673
Continuous 6.73e10 2.73e10 162,359 160,187 5,714 9,168 10,625

APPLU
No Prefetch 5.68e11 5.28e11 202,432 N/A N/A 202,432 N/A
Originalpipe 9.14e10 5.19e10 226,414 1,224,058 1,016,069 18,908 3,657
Nestedpipe 9.96e10 6.03e10 202,846 186,934 1,331 17,324 19,262
Continuous 1.08e11 6.84e10 203,051 184,204 2,824 21,779 4,862

APPSP
No Prefetch 2.92e12 2.78e12 1,064,552 N/A N/A 1,064,552 N/A
Originalpipe 8.76e11 7.34e11 1,086,023 1,449,012 421,792 59,842 234,848
Nestedpipe 3.71e11 2.29e11 1,066,079 1,026,117 2,820 43,641 110,240
Continuous 3.28e11 1.86e11 1,068,317 1,016,433 8,425 61,221 43,479

Table 5.5. Simulated perf ormance characteristics

not. If, however, we cannotestimatethevolumeof datatraf�c, we fall backon anall-or-nothingdecision,

settablewith acompile-time�ag. Theoptionsareto eitherassumeimperfectly-nestedloopsof unknown size

donotaccessenoughdatato �ush theprefetchesfrom memory, or assumethatthey doaccessa largevolume

of dataandusethenestedpipeliningstrategy instead.In our experiments,we compilewith theassumption

thatimperfectly-nestedloopswill notcauseprefetcheddatato be�ushed from memory, to show theeffectof

applyingcontinuouspipeliningin all cases.

5.3 Evaluation

Theenhancedprefetchschedulingtechniqueswehaveintroducedin thischapterweremotivatedby prob-

lemswith theoriginal algorithmasobservedin theNAS Parallelbenchmarks.We now examinehow effec-

tively ournew algorithmscanaddresstheseproblems.

Whenexecutingtheseapplicationson our prototypesystem,we have encounteredseveralpracticallimi-

tationsthatmake it dif�cult for thenew schedulingalgorithmsto achieve their full potential.First, someof

thebenchmarksarebandwidth-limited,andthehardwarewehavesimplycannotdeliverdataat thenecessary
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rate.In thesecases,althoughthenew schedulingalgorithmssmooththerequestpatternsthey cannotsubstan-

tially decreasethestall time. Second,thealgorithmsweredesignedto scheduleprefetchesmoreeffectively,

with releasesbeinghandledby a straightforward applicationof the original strategy. On IRIX, generating

correctreleasehints is alsoof critical importancefor performance.We have madesomeminor adjustments

to the run-time layer codethat handlesreleaserequeststo betteradaptto the new schedulingalgorithms,

however, this wasnot theprimaryfocusof this partof thework. As a result,thenew schedulingalgorithms

doaworsejob of releasingpagesin somecases,maskingthebene�tsof betterprefetching.

To addresswhetherthecompileralgorithmscouldbebene�cial in a futuresystemcapableof delivering

higherparallelbandwidth(a network-attachedstoragesystem,for instance),andto eliminatetheeffectsof

the releasehints,we �rst evaluatetheNAS benchmarkson anexpandedversionof our disk simulator. For

thesesimulations,we provide a morerealisticnotion of time spentexecutinga loop, usingthe numberof

SUIF instructionsin the loop body. Releasehints aredisabledin the benchmarks.We chosethe pagesize

andnumberof pagesto matchthoseon our prototypeIRIX system(16kB and4500pages,respectively). We

chargea modest100cycle penaltyfor issuinga prefetch,which is intendedto re�ect the IRIX setupwhere

mostof thework of a prefetchrequestis handledby a separatethread.Our simulateddisk systemcontinues

to have in�nite bandwidth.

Table5.5 givesthe overall resultsof our new algorithmson the NAS Parallel benchmarkswith nested

loops,obtainedvia thesimulator. For eachversion,wereportthetotalsimulatedtime,andthesimulatedstall

time, aswell asthenumberof pagefaults.For theprefetchingversions,we reportthenumberof pagesthat

wereprefetched(this is thetotalnumberof prefetchrequeststhatcausedapageto befetchedfrom disk), the

numberof prefetchedpagesthat werereplacedbeforethey wereused(prefetchedpagesareplacedon the

top of theLRU stackwhentheI/O completes),andthenumberof pagesthatwerenot prefetched.The“Not

Prefetched”category countsall pagefaultsfor which a prefetchedpagewasnot pendingor in memory, thus

someof thesepagesmayhave beenprefetched,but werereplacedbeforethereferenceoccurred.

FromTable5.5, somebroadtrendsareevident. First, theoriginal pipeliningalgorithmhasvastlymore

prefetchedpagesthatarereplacedbeforethey areused.This re�ects theaggressive over-prefetchingthatwe
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�rst discussedwith regard to Figure5.6(e). For MGRID, theseextra prefetchesaregenerallybene�cial, in

that very few pagefaultsarenot prefetched,but greaterthan�fteen timesthe total memorycapacityof the

simulatedsystemis transferredbetweendiskandmainmemoryunnecessarily. MGRID only paysslightly for

this excessive fetchingsinceprefetchrequestsarecheap,however theadditionalstrainon thememoryand

I/O bandwidthif thesefetchesoccurredin a realsystemwould besubstantial.Theexcessive prefetchesare

evenworsein APPLU with theoriginalpipeliningalgorithm.Thenestedpipeliningalgorithmhasmuchbetter

memoryusage,but this doesnot translateinto an overall reductionin stall time for MGRID, sinceslightly

morepagesarenot prefetched.For FFTPDE thesituationis different. In this benchmark,thereplacedpages

arenotprefetchedagainbeforethey areneeded,andtheresultis a largenumberof pagefaultsfor theoriginal

algorithm. In this case,thenestedpipeliningalgorithmshows a largebene�t, both in termsof reducedstall

time,andbettermemoryusage.

Thecontinuouspipeliningalgorithmshowssomewhatmixedresults.Typically, weseefewerlateprefetches

thanany otheralgorithm,indicatingthatour ability to take advantageof multiple loop neststo hide latency

is effective. On the otherhand,we seemorepagesreplacedbeforeuse,andmorepagesnot prefetchedas

comparedto nestedpipelining,indicatingthatwe maybeprefetchingtoo early in somecases.In two cases

(APPBT andAPPSP) theseeffectscombineto givecontinuouspipeliningthebestoverallperformance,andin

MGRID it is nearlyasgoodastheoriginal algorithm(andbetterthannestedpipelines)with largereductions

in unnecessarydisk-to-memorytraf�c. In theothertwo cases,FFTPDE andAPPLU, thecontinuouspipelining

algorithmit not thebestperformer. For FFTPDE, however, thebestchoiceis nestedpipelining,whereasfor

APPLU the bestchoiceis the original pipelining algorithm. Overall, in the idealizedsimulatorsetting,the

continuouspipeliningalgorithmdeliverscompetitive performancefor all thebenchmarksweexamined.

We now considerthe effect of our new pipelining algorithmsfor the NAS Parallel benchmarkswith

multiply-nestedloopsonour IRIX prototypesystem.Figure5.16showstheoverallexecutiontimeof original

algorithmusingdynamiclatency calculations(barslabeled“D”), thenestedpipeliningalgorithm(barslabeled

“N”) andthecontinuouspipeliningalgorithm(barslabeled“C”), normalizedto theoriginal,non-prefetching

case(barslabeled“O”). The resultsarenot asdramaticaswith the idealizedsimulator, sinceour ability to
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Figure 5.16. Effect of new scheduling algorithms. Bars labeled “O” are the original, non pref etching ver­
sion; bars labeled “D” use a dynamic latenc y value with the original scheduling algorithm; bars labeled
“N” use the nested pipelining algorithm; bars labeled “C” use the contin uous pipelining algorithm.

eliminatestall timeis limited by thephysicalcapacityof themachine,however thenew algorithmshaveclear

bene�ts for FFTPDE, APPBT andAPPSP.

In FFTPDE andMGRID, nestedpipeliningproducesa small increasein executiontime over theoriginal

algorithm,primarily theresultof anincreasein systemtime. In eachof thesecases,however, thecontinuous

pipeliningalgorithmdeliversanadditional7%reductionover theoriginalalgorithm.For APPBT andAPPSP,

however, it is thenestedpipeliningalgorithmthatmakesthe largestdifference,reducingexecutiontime by

18%and36%respectively. In thesecases,mostof theadvantagecomesfrom beingableto selectthebest

loop nestfor softwarepipelining. A largeamountof time is spentin thesteady-stateoncethis is done,and

so the bene�t of avoiding repeatedpipeline �lls anddrainsis relatively small. Continuouspipelining has

little effect here,leadingto an additional3% reductionin executiontime for APPBT anda 1% increasein

executiontime for APPSP.

In the �nal case,APPLU, we seethat nestedpipelining performsworsethanthe original pipelining al-

gorithm,aswasthecasefor thesimulatedresults.For this benchmark,thecontinuouspipeliningalgorithm
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resultsbringstheexecutiontimewithin 7%of theoriginal,reducingthepenaltyof nestedpipeliningby nearly

half.

Even underthe limitations of the real system,we seethat the continuouspipelining algorithmhasthe

best,or nearlybest,overallperformancein 4 of the5 benchmarksthatwestudied.In theworstcase,wewere

still ableto reduceexecutiontime by 54%relative to theoriginal, non-prefetchingcase,losingonly 6% of

the bestalgorithm's performance.The �e xibility of the algorithm,andthe ability to adaptto a wide range

of conditions,make continuouspipelining a goodchoicefor schedulingprefetchesin out-of-corenumeric

applications.

5.4 Chapter Summary

In this chapter, we demonstratedthat generatingcodeto calculateprefetchdistancesat run-time is a

usefulextensionto the compileralgorithm. It hasa negligible performanceimpact in mostcases,andcan

improveschedulingby itself in somecasesby allowing therun-timevaluesof loopboundsto beused,rather

thanassumingworst-caseexecutions.It alsoenablesmoresophisticatedtechniquesfor adaptingtheprefetch

distancedynamically, however, anexplorationof suchtechniquesis beyondthescopeof this thesis.

We also presentedand evaluateda progressionof re�nementsto the compiler schedulingalgorithm.

The �nal result, continuoussoftwarepipelining, allows us to schedulefor large latenciesin the presence

of multiply-nestedloopswith unknown bounds. It is further capableof handlingimperfectly-nestedloops

correctly. Using our simpledisk simulator, we areable to show that the new schedulingalgorithmelimi-

natesthe bursty behavior of the original algorithm,keepingthe pipelineof outstandingprefetchesfull and

increasingopportunitiesto overlapI/O with computation.

On our prototypeIRIX system,the applicationsthat inspiredthesetechniquesgenerallybene�tedfrom

them,with a largereductionin stall timeobservedfor APPSP, previously theworstbenchmarkin thesuite.In

somecases,bandwidthlimitationsonourprototypesystempreventedthefull potentialof thenew scheduling

algorithmsfrom beingvisible. However, technologytrendssuchasnetworked-attachedstoragesuggestthat

futuresystemswill beableto supplygreaterbandwidthandshouldseelargerbene�ts from thecontinuous
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pipelining algorithm. To explore the utility of the algorithmswithout bandwidthlimitations, we usedout

disk simulatorto show that thenew algorithmscanhave even greaterbene�ts for theNAS benchmarkson

systemswith signi�cantly-higherbandwidthcapabilities.Even in caseswheretheremay not be an overall

performancebene�t, thenew algorithmsmakemuchmoreef�cient useof memory.
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Chapter 6

Conclusions
Whenwill youmake anend?— PopeJuliusII (from TheAgonyandtheEcstasy)

I/O performanceremainsa �rst-order bottleneckfor computersystems,asthegapbetweenprocessorspeed

anddisk latency is only growing wider. For out-of-coreapplicationswhich rely on disk accessesthroughout

their execution,techniquesthat addressthe I/O bottleneckareessential.As we discussedin Chapter1, it

is importantto make goodreplacementdecisionsto maximizethebene�t of cachingpreviously-usedpages

in memory, aswell asto make goodprefetching decisionsto hide the latency of the remainingI/O opera-

tionswhenever possible.Many techniqueshave beenproposedin thepastto addresstheissueof �le system

I/O performance,however, we areconcernedwith improving the performanceof a demand-pagedvirtual

memorysystem.This settinghasthepotentialto simplify the taskof writing anout-of-coreapplicationby

relieving theprogrammerof concernsrelatedto I/O, providedacceptableperformancecanbeobtained.The

useof demand-pagedvirtual memory, however, alsohasthe potentialto degradethe performanceof other

applications(particularly interactive ones)which must sharea machinewith an out-of-coreprogram. In

this dissertation,we have addressedtheopenquestionof whetheror not compiler-insertedmemorymanage-

menthintscanreducetheexecutiontime of out-of-coreapplicationswhile limiting their negative impacton

interactive applicationssharingthesamemachine,in ademand-pagedvirtual memoryenvironment.

Thekey resultsof thisdissertationareasfollows:

153
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1. Compiler-insertedprefetch andreleasedirectivescanbeveryeffectiveatreducingtheoverallexecution

timeof numericapplications.A combinationof user-level run-timesupportandoperatingsystemlevel

supportis requiredto adaptthecompile-timedecisionsaccordingto dynamicconditions.

2. The useof replacementhints is surprisinglyimportanton a systemwith high overheadfor making

replacementdecisions,evenif noattemptis madeto improvethereplacementpolicy itself. OnourIRIX

prototype,we found that simulatinga hardwarereferencebit in softwareled to high contentionover

locksin thememorysystemfor applicationswith heavy memorydemands.Explicitly identifyingpages

to be replacedreducedthe needfor the operatingsystemto collect detailedpageusageinformation,

resultingin a substantialdecreasein lock contentionanda correspondingreductionin executiontime.

Althoughthegoalof thisdissertationis not to investigatehardwaresupport,this resultarguesstrongly

for theinclusionof a referencebit in thehardwarememorymanagementunit.

3. Allowing memory-intensive applicationsmore control over their pagingstrategies can alleviate the

pressureonotherapplications,leadingto vastlyimprovedresponsivenessfor interactive jobs.

4. Adaptationto run-timeconditionsis critical whendealingwith the large andvariablelatenciesthat

occurwith diskI/O. Compiler-generatedcodeshouldnotrequirea�x edpre-speci�edlatency parameter

to scheduleprefetchoperations.We demonstratedthatcalculatingprefetchdistancesat run-timedoes

not have a negative impacton performance,and in onecaseresultedin a substantialimprovement.

We also introducednew software pipelining algorithmscapableof handlingvery large latenciesin

thepresenceof multiply-nestedloopswith unknown bounds.Althoughthebenchmarksthat inspired

thesetechniquesremaininherentlyI/O bound,we showedthat futuresystemswith greaterbandwidth

capabilitieswill beableto bene�t from them.

6.1 Futur eWork

The ultimategoal of our researchon I/O prefetchingfor out-of-coreapplicationsis to reducethe I/O

bottleneckasmuchaspossible,expandingtherangeof systemsonwhich it is feasibleto conductlarge-scale
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scienti�c computingresearch.To this end,we desirethe ability to run unmodi�ed applicationson eithera

high-endsupercomputerwith massivephysicalmemorycapacity, oramoremodestsmall-scaleserversystem.

We considerrecompilationfor a rangeof systemsto bea reasonablerequirement,while manuallyre-writing

thecodeto dealwith I/O requirementson a smallersystemis too largea burden.In this section,we brie�y

discusshow our researchcanbeextendedto furtherimprove theperformanceof out-of-coreapplications.

In Section5.1.1wedescribedseveraloptionsfor determininganappropriateprefetchdistanceatrun-time.

An obviousnext stepis to explorethesealternatives.Althoughsettingtheprefetchdistanceat theentryto a

setof loopsis straightforward,it maybenecessaryto investigatestrategiesfor adjustingtheprefetchdistance

astheloopsexecute.

We observed that several of our benchmarksremainI/O-bound,despiteour bestefforts to schedulethe

prefetchesmoreeffectively. In caseswhereI/O bandwidthis thelimiting factor, performancecanbeimproved

with betterlayoutsof pagesto swapdisks.In thecontext of parallel�le systems,theneedto matchthelayout

of dataon disk to applicationaccesspatternshasbeenwell-studied[17,33,62]. For swap I/O, however,

thelayout is largely controlledby theoperatingsystempagerandis optimizedfor generatinglargenumbers

of cleanpagesquickly, without regard for theapplication's accesspattern.Theuseof replacementhints to

managethe layout of pageson swap spacedeservesfurther study. Strategiessuchasstriping, replication,

andextentsthat have beendeployed in persistent�le systemsshouldbe investigatedfor swap space.We

anticipatethat thecompileranalysiswill needto beextendedto a largerprogramscopefor thesedecisions,

sincethebestlayoutonswapis determinedby theshapeof thenext accessto thedata,whichmayoccurin a

differentprocedureentirely.

Finally, the new softwarepipelining algorithmsintroducedin this dissertationaredesignedto address

theproblemof hiding long latencies.Similar problemsarelikely to occurfor applicationsthatusenetwork

I/O, suchasgrid computingproblems. Exploring compiler-directedprefetchingusingthe new scheduling

algorithmsin thesesettingsis anotherdirectionfor futurework.
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6.2 Final Observations

Theresearchbehindthisdissertationhasled to severalinsightsandlessonsaboutworkingwith computer

systemsthat arenot speci�c to the problemof prefetchingpagefaults in virtual memorysystems.These

larger lessonsmay be obvious in hindsight,but they may be of useto othersdoing researchin the broader

systemsarea.We thusdiscussthreeof themhere.

� Be careful of the effectsof assumingthat a particular phenomenonwill alwaysbe a performance

bottleneck. For example,in IRIX (asin many operatingsystems),thereis an underlyingassumption

that oncean applicationbegins paging,performancewill suffer so severely that thereis little point

optimizingsoftwareoperations.Otherperformancekillers arehiddenby themagnitudeof thecostof

I/O. Simulatingreferencebits in software,andlockingdisciplinesthatpreventnew memoryfrom being

referencedwhile pagesarebeingwrittenoutareexamplesof choicesthatareonly reasonableif paging

activity representsa severelossof performanceanyway. Eliminatingthe”smokinggun” performance

problem(stallsdueto pagefaults in this example)may not immediatelyleadto betterperformance

becauseall it doesis exposeanotherlimitation thatwaspreviouslymasked.

� Goodperformancemonitoringtools are critical for developingcomplex high-performancesoftware.

Without a reliablemeansto attributeexecutiontime (or othermetricsof interest)to particularevents,

debuggingaperformanceproblemcanbevirtually impossible.

� Cooperationbetweendifferentlevelsandcomponentsof a complex systemis moreeffectivethanhaving

each componentmakea bestguessaboutwhatneedsto bedone. In thisdissertation,wehaveexplored

cooperationbetweencompile-timeandrun-time,andbetweenuser-level andoperatingsystemcode

to enablebettermemorymanagementfor someapplications. We had an explicit goal of requiring

no interventionon the part of the applicationprogrammer. In the real world, however, including the

programmerasa “cooperative component”that canprovide hints to the restof the systemis alsoan

effective approach.For example,in our implementationwe compiletheoriginal programto C source

codethatincludestheprefetchandreleasedirectives.In combinationwith theperformancemonitoring
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andreportinginfrastructurethatwedeveloped,thismakesit tractablefor thecompilerto handlemostof

thereferences,andtheprogrammerto manuallyinsertprefetchesfor asmallnumberof key references

thatthecompilerwasunableto analyzecompletely. Wehaveobservedseveralcasesof thissort,where

thesurroundingcodehasalreadybeentransformedinto anappropriately-pipelinedform,sothemanual

effort is simply a matterof copying a prefetchcall andreplacingthememoryaddress.Theadditional

compilereffort to capturethesecornercasesis probablynot justi�ed andit is valuableto provide those

programmersthathaveextremeperformancerequirementswith thetoolsto understandandmodify the

resultsof theautomatictransformations.
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