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Abstract

TheDesignandImplementationof aRegion-BasedParallelProgramming

Language

by BradfordL. Chamberlain

Chairof SupervisoryCommittee:

ProfessorLawrenceSnyder
ComputerScience& Engineering

Programmingparallelcomputersis anextremelychallengingtaskfor expertcomputerpro-

grammers,let alonefor scientistsin otherdisciplineswhosecomputationsoftendrive the

acquisitionof suchmachines.Thisdissertationdescribesthedesignandimplementationof

ZPL, a programminglanguagecreatedto simplify the taskof programmingparallelcom-

puters.ZPL allows programmersto write codeusinga globalview thatdescribestheir al-

gorithmsatahigh level ratherthanimplementingper-processorbehavior. However, unlike

otherglobal-view languages,ZPL permitsusersto reasonabouttheparallelimplementation

of their codeat thesyntacticlevel, allowing themto make informedalgorithmicdecisions

basedon the program’s parallel implementation.The languagefeaturethat supportsthis

duality is calledthe region. A region is simply a language-level index set that program-

merscandefine,name,andmanipulateusinghigh-level operators.Regionsconstitutea

uniquemeansof specifyingarraycomputation,servingasanalternativeto traditionalarray

indexing andslicing. By distributingeachregion’s indicesacrossaprocessorset,aparallel

interpretationof aZPL programis achieved.

Thisdissertationstudiestheimpactof theregionconceptthroughoutthedesignandim-





plementationof ZPL. It beginsby definingtheregionconceptandits usein thelanguage.It

thengivesa parallelinterpretationof regions,which resultsin ZPL’s syntax-basedperfor-

mancemodel. ZPL’s implementationandruntimelibrariesaredescribedin detail to show

how regions are representedand usedat runtime. The designand implementationof a

paradigm-neutralinterfacefor efficient portablecommunicationis alsodescribed.Finally,

two extensionsto thebasicregion conceptaregiven: parameterizedregionswhich canbe

usedto implementhierarchicalalgorithmssuchasthemultigrid method,andsparseregions

which canbeusedto specifysparsecomputationover sparseor densearrays.Throughout

thedissertation,regionsareevaluatedby comparingZPL programsto otherlanguagesin

termsof clarity andperformance.Theconclusionis that regionsarea crispandpowerful

mechanismfor array-basedparallelprogramming.
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Chapter1

INTRODUCTION TO PARALLEL PROGRAMMING

The pastfew decadeshave seenlarge fluctuationsin the perceived value of parallel

computing.At times,parallelcomputationhasoptimisticallybeenviewedasthesolution

to all of our computationallimitations. At othertimes,many have arguedthat it is a waste

of effort giventherateat which processorspeedsandmemorypricescontinueto improve.

Perceptionscontinueto vacillatebetweenthesetwo extremesdueto a numberof factors,

amongthem: thecontinualchangesin the“hot” problemsbeingsolved,theprogramming

environmentsavailableto users,thesupercomputingmarket, thevendorsinvolvedin build-

ing thesesupercomputers,andtheacademiccommunity’sfocusatany givenpointandtime.

Theresultis asomewhatmuddiedpicturefrom which it is difficult to objectively judgethe

valueandpromiseof parallelcomputing.

In spiteof therapidadvancesin sequentialcomputingtechnology, thepromiseof par-

allel computingis the samenow asit wasat its inception. Namely, if userscanbuy fast

sequentialcomputerswith gigabytesof memory, imaginehow muchfastertheir programs

couldrunif 	 of thesemachineswereworkingin cooperation!Or, imaginehow muchlarger

aproblemthey couldsolveif thememoriesof 	 of thesemachineswereusedcooperatively!

Thechallengesto realizingthis potentialcanbegroupedinto two mainproblems:the

hardwareproblemandthesoftwareproblem.Theformerasks,“how do I build a parallel

machinethat will allow these	 processorsandmemoriesto cooperateefficiently?” The

softwareproblemasks,“givensuchaplatform,how doI expressmy computationsuchthat

it will utilize these	 processorsandmemorieseffectively?”
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In recentyears,therehasbeena growing awarenessthatwhile theparallelcommunity

canbuild machinesthatarereasonablyefficient and/orcheap,mostprogrammersandsci-

entistsare incapableof programmingthemeffectively. Moreover, even the bestparallel

programmerscannotdo sowithout significanteffort. The implication is that thesoftware

problemis currently lacking in satisfactory solutions. This dissertationfocuseson one

approachdesignedto solve thatproblem.

In particular, this work describesan effort to improve a programmer’s ability to uti-

lize parallelcomputerseffectively usingtheZPL parallelprogramminglanguage.ZPL is

a languagewhoseparallelismstemsfrom operationsappliedto its arrays’elements.ZPL

derivesfrom thedescriptionof OrcaC in Calvin Lin’s dissertationof 1992[Lin92]. Since

thattime,OrcaC hasevolvedto thepoint thatit is hardlyrecognizable,althoughthefoun-

dationalideashave remainedintact. ZPL hasprovento besuccessfulin that it allows par-

allel programsto bewritten at a high level, without sacrificingportability or performance.

This dissertationwill alsodescribeaspectsof AdvancedZPL (A-ZPL), ZPL’s successor

languagewhich is currentlyunderdevelopment.

Oneof thefundamentalconceptsthatwasintroducedto OrcaC duringZPL’s inception

wastheconceptof theregion. A region is simply a user-specifiedsetof indices,a concept

which mayseemtrivially uninterestingat first glance.However, theuseof regionsin ZPL

hashada pervasive effect on thelanguage’s appearance,semantics,compilation,andrun-

timemanagement,resultingin muchof ZPL’s success.This dissertationdefinestheregion

in greaterdepthanddocumentsits role in definingandimplementingtheZPL language.

This dissertation’s studyof regionsbegins in thenext chapter. Therestof this chapter

providesageneraloverview of parallelprogramming,summarizingthechallengesinherent

in writing parallelprograms,thetechniquesthatcanbeusedto createthem,andthemetrics

usedto evaluatethesetechniques.Thenext sectionbeginsby providing a roughoverview

of parallelarchitectures.
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1.1 Parallel Ar chitectures

1.1.1 Parallel ArchitectureClassifications

This dissertationcategorizesparallel platformsas being one of threerough types: dis-

tributedmemory, shared memory, or shared addressspace. This taxonomyis somewhat

coarsegiventhewide varietyof parallelarchitecturesthathavebeendeveloped,but it pro-

videsausefulcharacterizationof currentarchitecturesfor thepurposesof thisdissertation.

Distributedmemorymachinesareconsideredto be thosein which eachprocessorhas

a local memorywith its own addressspace.A processor’s memorycannotbeaccesseddi-

rectlyby anotherprocessor, requiringbothprocessorsto beinvolvedwhencommunicating

valuesfrom onememoryto another. Examplesof distributedmemorymachinesinclude

commodityLinux clusters.

Sharedmemorymachinesarethosein whichasingleaddressspaceandglobalmemory

aresharedbetweenmultiple processors.Eachprocessorownsa local cache,andits values

arekeptcoherentwith theglobalmemoryby theoperatingsystem.Datacanbeexchanged

betweenprocessorssimply by placing the values,or pointersto values,in a predefined

locationandsynchronizingappropriately. Examplesof sharedmemorymachinesinclude

theSGI Origin seriesandtheSunEnterprise.

Sharedaddressspacearchitecturesarethosein which eachprocessorhasits own local

memory, but a singlesharedaddressspaceis mappedacrossthedistinct memories.Such

architecturesallow a processorto accessthe memoriesof otherprocessorswithout their

directinvolvement,but they differ fromsharedmemorymachinesin thatthereis noimplicit

cachingof valueslocatedon remotemachines.Theprimaryexampleof a sharedaddress

machineis Cray’s T3D/T3Eline.

Many modernmachinesare also built using a combinationof thesetechnologiesin

a hierarchicalfashion,known asa cluster. Most clustersconsistof a numberof shared

memorymachinesconnectedby a network, resultingin a hybrid of sharedanddistributed

memorycharacteristics.IBM’ s large-scaleSPmachinesareanexampleof thisdesign.
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CPU CPU CPU CPUCPU CPU CPUCPU

Controller

Sparse Network

Figure1.1: TheCandidateTypeArchitecture(CTA)

1.1.2 TheCTA MachineModel

ZPL supportscompilationandexecutionon thesediversearchitecturesby describingthem

usinga singlemachinemodelknown astheCandidateTypeArchitecture (CTA) [Sny86].

The CTA is a reasonablyvaguemodel,anddeliberatelyso. It characterizesparallelma-

chinesasa groupof von Neumannprocessors,connectedby a sparsenetwork of unspeci-

fied topology. Eachprocessorhasa localmemorythatit canaccessatunit cost.Processors

can also accessother processors’valuesat a cost significantly higher than unit cost by

communicatingoverthenetwork. TheCTA alsospecifiesacontrollerusedfor globalcom-

municationsandsynchronization,thoughthatwill notbeof concernin thisdiscussion.See

Figure1.1for asimplediagramof theCTA.

Why usesuchanabstractmodel?Thereasonis thatparallelmachinesvarysowidely in

designthatit is difficult to developamorespecificmodelthatdescribesthemall. TheCTA

successfullyabstractsthevastmajorityof parallelmachinesby emphasizingtheimportance

of locality andthe relatively high costof interprocessorcommunication.This is in direct

contrastto theoverly idealizedPRAM [FW78] modelor theextremelyparameterizedLogP

model[CKP
 93], neitherof which form ausefulfoundationfor acompilerconcernedwith

portableperformance.For moredetailson theCTA, pleaserefer to the literature[Sny86,

Sny95, Lin92].
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1.2 Challengesto Parallel Programming

Writing parallel programsis strictly more difficult than writing sequentialones. In se-

quentialprogramming,the programmermustdesignan algorithmand thenexpressit to

thecomputerin somemannerthat is correct,clear, andefficient to execute.Parallel pro-

gramminginvolvesthesesameissues,but alsoaddsanumberof additionalchallengesthat

complicatedevelopmentandhavenocounterpartin thesequentialrealm.Thesechallenges

include:finding andexpressingconcurrency, managingdatadistributions,managinginter-

processorcommunication,balancingthecomputationalload,andsimply implementingthe

parallelalgorithmcorrectly. Thissectionconsiderseachof thesechallengesin turn.

1.2.1 Concurrency

Concurrency is crucial if a parallel computer’s resourcesare to be usedeffectively. If

an algorithmcannotbe divided into groupsof operationsthat canexecuteconcurrently,

performanceimprovementsdueto parallelismcannotbeachieved,andany processorsafter

the first will be of limited usein acceleratingthe algorithm. To a large extent, different

problemsinherentlyhavedifferingamountsof concurrency. Formostproblems,developing

an algorithmthat achievesits maximalconcurrency requiresa combinationof cleverness

andexperiencefrom theprogrammer.

As motivating examples,considermatrix additionandmatrix multiplication. Mathe-

matically, wemightexpresstheseoperationsasfollows:

Matrix addition: Givenmatrices� and �� ������� �
���������� ������� � where��� � � �!�"� � �#���"� � � $

Matrix multiplication: Givenmatrices�% ������� and �� �&��'(� �
�%�������� ����')� � where� � � * �%+!,� -/. � � � �10 � � � *

Considerthecomponentoperationsthatarerequiredto implementthesedefinitions. Ma-

trix additionrequires� 0 � pairwisesumsto becomputed.Matrix multiplicationrequires
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theevaluationof 243(5�3(6 pairwiseproductsand 798 243): ;(<#5�3)6(= pairwisesums. In con-

sideringtheparallelimplementationof eitherof thesealgorithms,programmersmustask

themselves,“can all of the componentoperationsbe performedsimultaneously?”Look-

ing at matrix addition,a wiseparallelprogrammerwould concludethat they canbecom-

putedconcurrently—eachsumis independentfrom the others,andthereforethey canall

be computedsimultaneously. For matrix multiplication, theprogrammerwould similarly

concludethat all of the productscouldbe computedsimultaneously. However, eachsum

is dependenton valuesobtainedfrom previouscomputations,andthereforethey cannotbe

computedcompletelyin parallelwith theproductsor oneanother.

As a resultof this analysis,aprogrammermightconcludethatmatrixadditionis inher-

entlymoreconcurrentthanmatrixmultiplication.Asasecondobservation,theprogrammer

shouldnotethat for matricesof a givensize,matrix multiplication tendsto involve more

operationsthanmatrixaddition.

If theprogrammeris designinganalgorithmto runon > processorswhere>@?A2�B 5CB 6 ,
a relatedquestionis “are therebetterandworsewaysto divide thecomponentoperations

into > distinctsets?”It seemslikely thatthereare,althoughtherelevantfactorsmaynotbe

immediatelyobvious.Therestof this sectiondescribesomeof themostimportantones.

1.2.2 DataDistribution

Anotherchallengein parallelprogrammingis the distribution of a problem’s data. Most

conventionalparallelcomputershaveanotionof datalocality. This impliesthatsomedata

will be storedin memorythat is “closer” to a particularprocessorandcan thereforebe

accessedmuchmorequickly. Datalocality mayoccurdueto eachprocessorhaving its own

distinct local memory—asin a distributedmemorymachine—ordueto processor-specific

cachesasin a sharedmemorysystem.

Due to the impactof datalocality, a parallelprogrammermustpayattentionto where

datais storedin relation to the processorsthat will be accessingit. The more local the

valuesare,thequicker theprocessorwill beableto accessthemandcompleteits work. It
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shouldbeevidentthatdistributing work anddistributing dataaretightly coupled,andthat

anoptimaldesignwill considerbothaspectstogether.

For example,assumingthat the DFE�G sumsin a matrix additionhave beendivided

betweenasetof H processors,it wouldbeidealif thevaluesof I , J , andK weredistributed

in a correspondingmannerso that eachprocessor’s sumscould be computedusinglocal

values.Sincethereis a one-to-onecorrespondencebetweensumsandmatrix values,this

caneasilybe achieved. For example,eachprocessorHML could be assignedmatrix values

I"N O P , J"N O P , and K�N O P , QMR#SUTWV X@Y[Z�HM\ ] Q_^a`cb1d d d G .

Similarly, the implementorof a parallelmatrix multiplicationalgorithmwould like to

distributethematrix values,sums,andproductsamongtheprocessorssuchthateachnode

only needsto accesslocal data. Unfortunately, due to the data interactionsinherently

requiredby matrix multiplication, this turnsout to be possibleonly whenmatrix values

areexplicitly replicatedon multiple processors.While this replicationmay be an option

for certainapplications,it runscounterto the generalgoal of runningproblemsthat are

H timesbiggerthantheir sequentialcounterparts.Suchalgorithmsthat rely on replication

to avoid communicationare not consideredscalable. Furthermore,replicationdoesnot

solve theproblemsincematrix productsareoftenusedin subsequentmultiplicationsand

would thereforerequirecommunicationto replicatetheir valuesacrossthe processorset

afterbeingcomputed.

To createa scalablematrix multiplicationalgorithm,thereis no choicebut to transfer

datavaluesbetweenthe local memoriesof the processors.Unfortunately, the reality is

that most interestingparallelalgorithmsrequiresuchcommunication,makingit the next

parallelprogrammingchallenge.

1.2.3 Communication

Assumingthat all the datathat a processorneedsto accesscannotbe madeexclusively

local to that processor, someform of datatransfermustbe usedto move remotevalues

to a processor’s local memoryor cache.On distributedmemorymachines,this communi-
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cationtypically takesthe form of explicit calls to a library designedto move valuesfrom

one processor’s memoryto another. For sharedmemorymachines,communicationin-

volvescachecoherenceprotocolsto ensurethat a processor’s locally cachedvaluesare

keptconsistentwith themainmemory. In eithercase,communicationconstituteswork that

is time-consumingandwhich wasnot presentin the sequentialimplementation.There-

fore, communicationoverheadsmustbe minimized in order to maximizethe benefitsof

parallelism.

Over time,a numberof algorithmshave beendevelopedfor parallelmatrix multiplica-

tion, eachof which hasuniqueconcurrency, datadistribution,andcommunicationcharac-

teristics. A few of thesealgorithmswill be introducedandanalyzedduring thecourseof

thenext few chapters.For now, we returnto our final parallelcomputingchallenges.

1.2.4 LoadBalancing

Theexecutiontime of a parallelalgorithmon a givenprocessoris determinedby thetime

requiredto performits portionof thecomputationplustheoverheadof any timespentper-

forming communicationor waiting for remotedatavaluesto arrive. Theexecutiontime of

thealgorithmasa wholeis determinedby thelongestexecutiontime of any of theproces-

sors. For this reason,it is desirableto balancethe total computationandcommunication

betweenprocessorsin suchaway thatthemaximumper-processorexecutiontime is mini-

mized.This is referredto asloadbalancing, sincetheconventionalwisdomis thatdividing

work betweentheprocessorsasevenlyaspossiblewill minimizeidle timeoneachproces-

sor, therebyreducingthetotal executiontime.

Load balancinga matrix additionalgorithmis fairly simpledueto the fact that it can

beimplementedwithoutcommunication.Thekey is simply to giveeachprocessorapprox-

imatelythesamenumberof matrix values.Similarly, matrix multiplicationalgorithmsare

typically loadbalancedby dividing theelementsof e amongtheprocessorsasevenly as

possibleandtrying to minimizethecommunicationoverheadsrequiredto bring remotef
and g valuesinto theprocessors’localmemories.
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1.2.5 ImplementationandDebugging

Onceall of the paralleldesigndecisionsabove have beenmade,the nontrivial matterof

implementinganddebuggingtheparallelprogramstill remains.Programmersoftenimple-

mentparallelalgorithmsby creatingasingleexecutablethatwill executeoneachprocessor.

Theprogramis designedto performdifferentcomputationsandcommunicationsbasedon

theprocessor’s uniqueID to ensurethat thework is dividedbetweeninstancesof theexe-

cutable.This is referredto astheSingleProgram,Multiple Data (SPMD)model,andits

attractivenessstemsfrom thefactthatonly oneprogrammustbewritten(albeitanontrivial

one). The alternative is to usethe Multiple Program, Multiple Data (MPMD) model, in

which severalcooperatingprogramsarecreatedfor executionon theprocessorset. In ei-

thercase,theexecutablesmustbewritten to cooperatively performthecomputationwhile

managingdatalocality andcommunication.They must alsomaintaina reasonablybal-

ancedloadacrosstheprocessorset. It shouldbeclearthat implementingsucha program

will inherentlyrequiregreaterprogrammereffort than writing the equivalent sequential

program.

As with any program,bugsarelikely to creepinto theimplementation,andtheeffects

of thesebugscanbedisastrous.A simpleoff-by-oneerrorcancausedatato beexchanged

with the wrong processor, or for a programto deadlock,waiting for a messagethat was

neversent.Incorrectsynchronizationcanresultin datavaluesbeingaccessedprematurely,

or for raceconditionsto occur. Bugsrelatedto parallelissuescanbenondeterministicand

show upinfrequently. Or, they mayoccuronly whenusinglargeprocessorsets,forcing the

programmerto sift througha large numberof executioncontexts to determinethe cause.

In short,paralleldebugginginvolvesissuesnot presentin thesequentialworld, andit can

oftenbeahugeheadache.
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1.2.6 Summary

Computingeffectively with asingleprocessoris achallengingtask.Theprogrammermust

be concernedwith creatingprogramsthat perform correctly and well. Computingwith

multiple processorsinvolvesthesameeffort, yet addsa numberof new challengesrelated

to the cooperationof multiple processors.Noneof thesenew factorsaretrivial, giving a

goodindicationof why programmersandscientistsfind parallelcomputingsochallenging.

Thedesignof theZPL languagestrivesto relieveprogrammersfrommostof theburdens

of correctlyimplementinga parallelprogram.Yet, ratherthanmakingthemblind to these

details,ZPL’s regionsexposethe crucial parallel issuesof concurrency, datadistribution,

communication,andloadbalancingto programmers,shouldthey careto reasonaboutsuch

issues.Thesebenefitsof regionswill be describedin subsequentchapters.For now, we

shift ourattentionto thespectrumof techniquesthatonemightconsiderwhenapproaching

thetaskof parallelprogramming.

1.3 Approachesto Parallel Programming

Techniquesfor programmingparallelcomputerscanbedividedinto threeroughcategories:

parallelizingcompilers,parallelprogramminglanguages,andparallel libraries. This sec-

tion considerseachapproachin turn.

1.3.1 ParallelizingCompilers

The conceptof a parallelizingcompiler is an attractive one. The idea is that program-

merswill write their programsusinga traditional languagesuchasC or Fortran,andthe

compilerwill beresponsiblefor managingtheparallelprogrammingchallengesdescribed

in the previous section. Sucha tool is ideal becauseit allows programmersto express

codein a familiar, traditionalmanner, leaving the challengesrelatedto parallelismto the

compiler. Examplesof parallelizingcompilersinclude SUIF, KAP, and the Cray MTA

compiler[HAA h 96, KLS94,Ter99].



11

Listing 1.1: SequentialC Matrix Multiplication

for ( i=0; i< m; i ++) {
for ( k=0; k<o; k++) {

C[i ][k ] = 0;
}

}
for ( i=0; i< m; i ++) {

for ( j=0; j< n; j ++) {
for (k =0; k<o; k++) {

C[i][ k] += A[i][ j ] * B[ j][ k];
}

}
}

The primary challengeto automaticparallelizationis that converting sequentialpro-

gramsto parallelonesis an entirely non-trivial task. As motivation, let us return to the

exampleof matrix multiplication. Written in C, a sequentialversionof this computation

mightappearasin Listing 1.1.

Well-designedparallel implementationsof matrix multiplication tend to appearvery

differentthanthis sequentialalgorithm,in orderto maximizedatalocality andminimize

communication. For example,one of the most scalablealgorithms,the SUMMA algo-

rithm [vdGW95], bearslittle resemblanceto the sequentialtriply nestedloop. SUMMA

consistsof i iterations.Onthe j th iteration,A’s j th columnis broadcastacrosstheprocessor

columnsandB’s j th row is broadcastacrossprocessorrows. Eachprocessorthencalculates

thecrossproductof its local portionof thesevalues,producingthe j th termin thesumfor

eachof C’selements.Figure1.2showsanillustrationof theSUMMA algorithm.

Thepoint hereis thateffective parallelalgorithmsoftendiffer significantlyfrom their

sequentialcounterparts.While having aneffective parallelcompilerwould bea godsend,

expectinga compiler to automaticallyunderstandan arbitrarysequentialalgorithm well

enoughto createanefficient parallelequivalentseemsa bit naive. Thecontinuinglack of

suchacompilerservesasevidenceto reinforcethis claim.
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repeat for all i

multiply
elementwise

matrix A matrix B

accumulate

matrix C

replicated rowreplicated column

column

replicate

row

replicate

i

i

Figure1.2: TheSUMMA Algorithm For Matrix Multiplication
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Many parallelizingcompilers,including thosenamedabove, take an intermediateap-

proachin which programmersadddirectivesto their codesto provide the compilerwith

informationto aid it in thetaskof parallelizingthecode.Themoreof thesethatneedto be

reliedupon,themorethis approachresemblesa new programminglanguageratherthana

parallelizingcompiler, sofurtherdiscussionof thisapproachis deferredto thenext section.

1.3.2 Parallel ProgrammingLanguages

A secondapproachto parallelprogrammingis thedesignandimplementationof parallel

programminglanguages.Thesearelanguagesdesignedto supportparallelcomputingbetter

thansequentiallanguages,thoughmany of themarebasedon traditionallanguagesin the

hopethatexistingcodebasescanbereused.Thisdissertationcategorizesparallellanguages

asbeingeitherglobal-view or local-view.

Global-view Languages

Global-view languagesarethosein which the programmerspecifiesthe behavior of their

algorithm as a whole, largely ignoring the fact that multiple processorswill be usedto

implementthe program. The compiler is thereforeresponsiblefor managingall of the

parallelimplementationdetails,includingdatadistributionandcommunication.

Many global-view languagesareratherunique,providing language-level conceptsthat

are tailoredspecificallyfor parallel computing. The ZPL languageand its regions form

onesuchexample. Otherglobal-view languagesincludethedirective-basedvariationsof

traditional programminglanguagesusedby parallelizingcompilers,sincethe annotated

sequentialprogramsareglobaldescriptionsof thealgorithmwith noreferenceto individual

processors.As a simpleexampleof a directive-basedglobal-view language,considerthe

pseudocodeimplementationof the SUMMA algorithmin Listing 1.2. This is essentially

a sequentialdescriptionof the SUMMA algorithmwith somecomments(directives)that

indicatehow eacharrayshouldbedistributedbetweenprocessors.
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Listing 1.2: Pseudo-Codefor SUMMA UsingaGlobalView

double A[m][ n];
double B[n ][ o];
double C[m][ o];
double ColA [ m];
double RowB[ o];

// distribute C [block,block]
// align A[:,:] with C[:,:]
// align B[:,:] with C[:,:]
// align ColA[:] with C[:,*]
// align RowB[:] with C[*,:]

for ( i=0; i< m ; i++) {
for (k =0; k<o; k++) {

C[i][ k] = 0;
}

}

for ( j=0; j< n; j ++) {
for (i =0; i< m; i++) {

ColA [i ] = A[ i][ j];
}
for (k =0; k<o; k++) {

RowB[k ] = B[ j][ k];
}

for (i =0; i< m ;i++) {
for (k =0; k<o; k++) {

C[ i][ k] += ColA [i ] * RowB[ k];
}

}
}
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The primary advantageto global-view languagesis that they allow the programmer

to focuson the algorithmat handratherthan the detailsof the parallel implementation.

For example,in thecodeabove, theprogrammerwrites the loopsusingthearray’s global

bounds.Thetaskof transformingtheminto loopsthatwill causeeachprocessorto iterate

over its localdatais left to thecompiler.

This conveniencecanalsobe a liability for global-view languages.If a languageor

compilerdoesnot provide sufficient feedbackabouthow programswill be implemented,

knowledgeableprogrammersmay be unableto achieve the parallel implementationsthat

they desire.For example,in theSUMMA codeof Listing 1.2,programmersmight like to

beassuredthatanefficientbroadcastmechanismwill beusedto implementtheassignments

to ColA andRowB, so that theassignmentto C will becompletelylocal. Whetheror not

they havesuchassurancedependson thedefinitionof thegloballanguagebeingused.

Local-view Languages

Local-view languagesarethosein which theimplementoris responsiblefor specifyingthe

program’s behavior on a per-processorbasis. Thus,detailssuchascommunication,data

distribution, andload balancingmustbe handledexplicitly by the programmer. A local-

view implementationof theSUMMA algorithmmight appearasshown in Listing 1.3.

The chief advantageof local-view languagesis that usershave completecontrol over

the parallel implementationof their programs,allowing themto implementany parallel

algorithmthat they canimagine. Thedrawbackto theseapproachesis thatmanagingthe

detailsof a parallelprogramcanbecomea painstakingventurevery quickly. This contrast

canbeseenevenin shortprogramssuchastheimplementationof SUMMA in Listing 1.3,

especiallyconsideringthattheimplementationsof its Broadcast ...() , IOwn...() ,

andGlobToLoc ...() routineshave beenomittedfor brevity. Themagnitudeof these

detailsare suchthat they tend to make programswritten in local-view languagesmuch

moredifficult to maintainanddebug.
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Listing 1.3: Pseudo-Codefor SUMMA Usinga LocalView

int m_loc = m/proc_rows ;
int o_loc = o/ proc_cols ;
int n_loc_col = n/proc_cols ;
int n_loc_row = n/proc_rows ;

double A[m_loc ][ n_loc_col ];
double B[n_loc_row ][ o_loc ];
double C[m_loc ][ o_loc ];
double ColA [ m_loc ];
double RowB[ o_loc ];

for ( i=0; i< m_loc ; i ++) {
for (k =0; k<o_loc ; k++) {

C[i][ k] = 0;
}

}

for ( j=0; j< n; j ++) {
if (IOwnCol ( j)) {

BroadcastColSen d( A, GlobToLocCol ( j));
for (i =0; i< m_loc ; i++) {

ColA [i ] = A[i ][ j];
}

} else {
BroadcastColRec v( ColA );

}
if (IOwnRow ( j)) {

BroadcastRowSen d( B, GlobToLocRow ( j));
for (k =0; k<o_loc ; k++) {

RowB[k ] = B[j ][ k];
}

} else {
BroadcastRowRec v( RowB);

}

for (i =0; i< m_loc ; i++) {
for (k =0; k<o_loc ; k++) {

C[ i][ k] += ColA [i ] * RowB[ k];
}

}
}
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1.3.3 Parallel Libraries

Parallel librariesarethe third approachto parallelcomputingconsideredhere. Theseare

simply librariesdesignedto easethetaskof utilizing a parallelcomputer. Onceagain,we

categorizetheseasglobal-view or local-view approaches.

Global-view Libraries

Global-view libraries,like their languagecounterparts,arethosein which theprogrammer

is largely kept blissfully unawareof the fact that multiple processorsare involved. As a

result,thevastmajority of theselibrariestendto supporthigh-level numericaloperations

suchasmatrix multiplicationsor solvinglinearequations.Thenumberof theselibrariesis

overwhelming,but afew notableexamplesincludetheNAGParallelLibrary, ScaLAPACK,

andPLAPACK [NAG00, BCCk 97,vdG97].

Theadvantageto usingaglobal-view library is thatthesupportedroutinesaretypically

well-tunedto take full advantageof a parallel machine’s processingpower. To achieve

similar performanceusinga parallellanguagetendsto requiremoreeffort thanmostpro-

grammersarewilling to make.

Thedisadvantagesto global-view librariesarestandardonesfor any library-basedap-

proachto computation.Librariessupportafixedinterface,limiting theirgeneralityascom-

paredto programminglanguages.Libraries can either be small and extremely special-

purposeor they can be wide, either in termsof the numberof routinesexportedor the

numberof parameterspassedto eachroutine[GL00]. For thesereasons,librariesareause-

ful tool, but oftennot assatisfyingfor expressinggeneralcomputationasa programming

language.

Local-view Libraries

Like languages,librariesmayalsobelocal-view. For ourpurposes,local-view librariesare

thosethataid in thesupportof processor-level operationssuchascommunicationbetween
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processors.Local-view librariescanbe evaluatedmuch like local-view languages:they

give the programmera greatdeal of explicit low-level control over a parallel machine,

but by naturethis requirestheexplicit managementof many painstakingdetails. Notable

examplesincludetheMPI andSHMEM libraries[Mes94, BK94].

1.3.4 Summary

Thissectionhasdescribedanumberof differentwaysof programmingparallelcomputers.

To summarize,generalparallelizingcompilersseemfairly intractable,leaving languages

andlibrariesasthe mostattractive alternatives. In eachof theseapproaches,the tradeoff

betweensupportingglobal- and local-view approachesis often one of high-level clarity

versuslow-level control. Thegoalof theZPL programminglanguageis to take advantage

of theclarity offeredby a global-view languagewithout sacrificingtheprogrammer’sabil-

ity to understandthe low-level implementationandtunetheir codeaccordingly. Further

chapterswill developthis point andalsoprovide a morecomprehensive survey of parallel

programminglanguagesandlibraries.

1.4 Evaluating Parallel Programs

For any of theparallelprogrammingapproachesdescribedin theprevioussection,thereare

a numberof metricsthat canbe usedto evaluateits effectiveness.This sectiondescribes

five of the most importantmetricsthat will be usedto evaluateparallelprogrammingin

thisdissertation:performance,clarity, portability, generality, andaprogrammer’sability to

reasonabouttheimplementation.

1.4.1 Performance

Performanceis typically viewedasthebottomline in parallelcomputing.Sinceimproved

performanceis oftentheprimarymotivationfor usingparallelcomputers,failing to achieve

goodperformancereflectspoorlyona language,library, or compiler.
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Figure 1.3: A Sample SpeedupGraph. The dotted line indicates linear speedup
( m n_o o p[q(n(rtsWn ), which representsideal parallel performance.The “program A” line
representsanalgorithmthatscalesquitewell astheprocessorsetsizeincreases.The“pro-
gramB” line indicatesanalgorithmthatdoesnot scalenearlyaswell, presumablydueto
paralleloverheadslikecommunication.Notethatthesenumbersarecompletelyfabricated
for demonstrationpurposes.

Thisdissertationwill typically measureperformancein termsof speedup, definedto be

the fastestsingle-processorexecutiontime (usinganyapproach)dividedby theexecution

timeon n processors:

m n_o o p[q(n(rus�v�w x(y z {)v[r
If theoriginal motivatinggoalof runninga programn timesfasterusing n processors

is met, then m nMo o p(q(n[r&s|n . This is known as linear speedup. In practice,this is chal-

lengingto achievesincetheparallelimplementationof mostinterestingprogramsrequires

work beyondthatwhich wasrequiredfor thesequentialalgorithm: in particular, commu-

nicationandsynchronizationbetweenprocessors.Thus,theamountof work perprocessor

in a parallelimplementationwill typically bemorethan } { n of thework of thesequential

algorithm.

On theotherhand,notethat theparallelizationof many algorithmsrequiresallocating
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approximately~)� � of thesequentialprogram’smemoryoneachprocessor. Thiscausesthe

working setof eachprocessorto decreaseas � increases,allowing it to make betteruseof

thememoryhierarchy. Thiseffectcanoftenoffsettheoverheadof communication,making

linear, or evensuperlinearspeedupspossible.

Parallel performanceis typically reportedusinga graphshowing speedupversusthe

numberof processors.Figure1.3 shows a samplegraphthatdisplaysfictional resultsfor

a pair of programs.Thespeedupof programA resemblesa parallelalgorithmlike matrix

additionthatrequiresnocommunicationbetweenprocessorsandthereforeachievesnearly

linearspeedup.In contrast,programB’s speedupfalls away from the idealasthenumber

of processorsincreases,asmight occurin a matrix multiplication algorithmthat requires

communication.

1.4.2 Clarity

For the purposesof this dissertation,the clarity of a parallel programwill refer to how

clearly it representsthe overall algorithmbeingexpressed.For example,given that list-

ings 1.2 and1.3 both implementthe SUMMA algorithmfor matrix multiplication, how

clear is eachrepresentation?Conversely, how muchdo the detailsof the parallel imple-

mentationinterferewith a reader’s ability to understandanalgorithm?

The importanceof clarity is oftenbrushedasidein favor of theall-consumingpursuit

of performance.However, this is a mistake thatshouldnot bemade.Clarity is perhapsthe

singlemostimportantfactorthatpreventsmorescientistsandprogrammersfrom utilizing

parallelcomputerstoday. Local-view librariescontinueto bethepredominantapproachto

parallelprogramming,yet their syntacticoverheadsaresuchthatclarity is greatlycompro-

mised.This requiresprogrammersto focusmostof their attentionon makingtheprogram

work correctlyratherthanspendingtime implementingandimproving their original algo-

rithm. Ideally, parallelprogrammingapproachesshouldresult in clearprogramsthat can

bereadilyunderstood.
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1.4.3 Portability

A program’s portability is practicallyassuredin the sequentialcomputingworld, primar-

ily due to the universalityof C andFortrancompilers. In the parallelworld, portability

is not asprevalentdue to the extremedifferencesthat exist betweenplatforms. Parallel

architecturesvary widely not only betweendistinct machines,but alsofrom onegenera-

tion of a machineto thenext. Memorymaybeorganizedasa singlesharedaddressspace,

a singledistributedaddressspace,or multiple distributedaddressspaces.Networks may

becomposedof buses,tori, hypercubes,sparsenetworks,or hierarchicalcombinationsof

theseoptions.Communicationparadigmsmayinvolvemessagepassing,single-sideddata

transfers,or synchronizationprimitivesoversharedmemory.

This multitudeof architecturalpossibilitiesmaybeexposedby local-view approaches,

makingit difficult to implementa programthatwill run efficiently, if at all, from onema-

chineto thenext. Architecturaldifferencesalsocomplicatethe implementationof global-

view compilersand librariessincethey must run correctlyandefficiently on all current

parallelarchitectures,aswell asthosethatmayexist in thefuture.

Ideally, portability implies that a given programwill behave consistentlyon all ma-

chines,regardlessof theirarchitecturalfeatures.

1.4.4 Generality

Generalitysimply refersto theability of aparallelprogrammingapproachto expressalgo-

rithms for varying typesof problems.For example,a library which only supportsmatrix

multiplicationoperationsis not very general,andwould not bevery helpful for writing a

parallelquicksortalgorithm.Conversely, a global-view functionallanguagemight make it

simpleto write a parallelquicksortalgorithm,but difficult to expresstheSUMMA matrix

multiplicationalgorithmefficiently. Ideally, aparallelprogrammingapproachshouldbeas

generalaspossible.
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Listing 1.4: Two matrixadditionsin C. Which oneis better?

double A[m][ n];
double B[m][ n];
double C[m][ n];

for ( i=0; i< m; i ++) {
for (j =0; j< n; j++) {

C[i][ j ] = A[ i][ j] + B[i ][j ];
}

}

for ( j=0; j< n; j ++) {
for (i =0; i< m; i++) {

C[i][ j ] = A[ i][ j] + B[i ][j ];
}

}

1.4.5 PerformanceModel

Thisdissertationdefinesaperformancemodelasthemeansby whichprogrammersunder-

standtheimplementationsof their programs.In this context, theperformancemodelneed

notbeaprecisetool, but simplyameansof weighingdifferentimplementationalternatives

againstoneanother.

As anexample,C’s performancemodelindicatesthatthetwo loop nestsin Listing 1.4

mayperformdifferently in spiteof the fact that they aresemanticallyequivalent. C spec-

ifies that two-dimensionalarraysarelaid out in row-majororder, andthememorymodels

of modernmachinesindicatethat accessingmemorysequentiallytendsto be fasterthan

accessingit in astridedmanner. Usingthis information,asavvy C programmerwill always

chooseto implementmatrixadditionusingthefirst loopnest.

NotethatC doesnotsayhow muchslower thesecondloopnestwill be. In fact,it does

not evenguaranteethat thesecondloop nestwill beslower. An optimizingcompilermay

reorderthe loopsto make themequivalentto thefirst loop nest.Or, hardwareprefetching

maydetectthememoryaccesspatternandsuccessfullyhidethememorylatency normally
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associatedwith stridedarrayaccesses.In thepresenceof theseuncertainties,experienced

C programmerswill recognizethat thefirst loop nestshouldbeno worsethanthesecond.

Given the choicebetweenthe two approaches,they will choosethe first implementation

every time.

C’s performancemodelgivestheprogrammersomeideaof how C codewill becom-

piled down to a machine’s hardware,even if the programmeris unfamiliar with specific

detailslike themachine’s assemblylanguage,its cachesize,or its numberof registers.In

the sameway, a parallelprogrammershouldhave somesenseof how their codeis being

implementedon a parallelmachine—forexample,how the dataandwork aredistributed

betweentheprocessors,whencommunicationtakesplace,whatkind of communicationit

is, etc. Note thatusersof local-view languagesandlibrarieshave accessto this informa-

tion, becausethey specifyit manually. Ideally, global-view languagesandlibrariesshould

also give their usersa parallel performancemodel with which different implementation

alternativescanbecomparedandevaluated.

1.5 This Dissertation

Thisdissertationwasdesignedto servemany differentpurposes.Naturally, its mostimpor-

tantrole is to describethecontributionsthatmake up my doctoralresearch.With this goal

in mind, I have worked to createa documentthatexaminesthecompleterangeof effects

that regionshave hadon the ZPL language,from their syntacticbenefitsto their imple-

mentation,andfrom their parallelimplicationsto their ability to supportadvancedparallel

computations.I alsodesignedthis dissertationto serve asdocumentationfor many of my

contributionsto theZPL compilerfor useby futurecollaboratorsin theproject. As such,

somesectionscontainlow-level implementationdetailsthatmaynotbeof interestto those

outsidetheZPL community. Throughouttheprocessof writing, my unifying concepthas

beento tell the story of regionsascompletelyandaccuratelyas I could in the time and

spaceavailable.
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In telling sucha broadstory, someof this dissertation’s contributionshave beenmade

as a joint effort betweenmyself and other membersof the ZPL project—mostnotably

Sung-EunChoi,StevenDeitz,E ChristopherLewis, Calvin Lin, TonNgo,andmy advisor,

LawrenceSnyder. In describingaspectsof theprojectthatweredevelopedasa team,my

intent is not to take credit for work that othershave beeninvolved in, but ratherto make

this treatmentof regionsascompleteandseamlessaspossible.

Thenovel contributionsof this dissertationinclude:

� A formal descriptionandanalysisof theregionconceptfor expressingarraycompu-

tation,includingsupportfor replicatedandprivatizeddimensions.

� A parallel interpretationof regions that admitssyntax-basedevaluationof a pro-

gram’scommunicationrequirementsandconcurrency.

� Thedesignandimplementationof aruntimerepresentationof regionswhichenables

parallelperformancethatcomparesfavorablywith hand-codedparallelprograms.

� Thedesignof theIronmanphilosophyfor supportingefficientparadigm-neutralcom-

munications,andan instantiationof the philosophyin the form of a point-to-point

datatransferlibrary.

� A meansof parameterizingregionsthatsupportstheconciseandefficientexpression

of hierarchicalindex setsandalgorithms.

� Region-basedsupportfor sparsecomputationthat permitsthe expressionof sparse

algorithmsusingdensesyntax,andan implementationthat supportsgeneralarray

operations,yet canbeoptimizedto acompactform.

Thechaptersof thisdissertationhaveaconsistentorganization.Thebulk of eachchap-

ter describesits contributions. Most chapterscontainan experimentalevaluationof their
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ideasalongwith asummaryof previouswork thatis relatedto their contents.Eachchapter

concludeswith adiscussionsectionthataddressesthestrengthsandweaknessesof its con-

tributions,mentionssideissuesnotcoveredin thechapterproper, andoutlinespossibilities

for futurework.

This dissertationis organizedasfollows. The next threechaptersdefineandanalyze

the fundamentalregion concept. First, Chapter2 describesthe role of the region as a

syntacticmechanismfor sequentialarray-basedprogramming,usingZPL as its context.

Then,Chapter3 explainstheparallelimplicationsof regions,detailingtheirusein defining

ZPL’s performancemodel. The implementationof regionsandof ZPL’s runtimelibraries

is coveredin Chapter4. The two chaptersthat follow eachdescribean extensionto the

basicregionconceptdesignedto supportmoreadvancedparallelalgorithms.Thenotionof

a parameterizedregion is definedin Chapter5 andits usein implementingmultigrid-style

computationsis detailed. Chapter6 extendsthe region to supportsparsesetsof indices,

anddemonstratesits effectivenessin a numberof sparsebenchmarks.Finally, Chapter7

presentsmy concludingremarksandsummarizesopportunitiesfor futurework.
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Chapter2

REGIONS AND THE ZPL LANGUAGE

This chapterdescribesthe ZPL language,concentratingon the role of regions in its

design. To make this discussionboth readableandprecise,somelanguageconceptsare

introducedinformally at first and are then reconsideredwith increasedformality as the

chapterprogresses.While this format would not be appropriatefor a languagereference

manual,it is designedto provide an appropriatemixture of clarity andprecisionfor this

presentation.

Notethat this chapterfocuseson thesequentialinterpretationof ZPL, largely ignoring

theparallelimplicationsof regionsandthelanguageitself. Sinceparallelismis inherentin

thedefinitionanduseof regions,thiswill leavesomequestionsunansweredatthechapter’s

conclusion.Thesequestionswill beaddressedin thefollowingchapter, whichdescribesthe

parallelimplicationsof regions.

This chapter’s descriptionof ZPL is meantto provide a generaloverview of the lan-

guage. For a morecompletedescription,refer to the ZPL Programmer’s Guideand the

ZPL webpage[Sny99, ZPL01].

Thestructureof thischapteris asfollows.Sections2.1–2.14describetheZPL language,

includingsuchfundamentalconceptsasregions,arrays,andarrayoperators.Section2.15

illustratesZPL’s usein a numberof small sampleapplicationsthatwill beusedin subse-

quentchapters.Section2.16describesothersequentialapproachesfor arrayprogramming

includingvectorindexing andslicing. Finally, Sections2.17and2.18provideanevaluation

of ZPL’s featuresin thesequentialcontext, listing bothbenefitsandliabilities of theregion

asit currentlyexists. This chapter’s contentsserveasanexpandeddiscussionof work that

waspublishedpreviously [CLLS99,CLS99].
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2.1 ZPL’s Guiding Principles

Languagesare for Communicating

Oneof theprimaryprinciplesthathasguidedZPL’sdevelopmentis thenotionthatprogram-

ming languagesaremeantto beameansof communicationbetweenhumanandcomputer.

Programmershavealgorithmsin theirmindsthatthey would liketo executeonacomputer.

Computershavefinite resourcesandanextremelylimited capacityfor understandinghigh-

level languages.Programminglanguagesshouldform a bridgebetweenthesetwo points,

spanningthegapbetweenprogrammerandcomputerusingadirect,naturalroutethatcom-

plementsthe abilities of both. Whenthis principle is violated,communicationis broken

anda heroiceffort is requiredby the userand/orcompiler if the programis to have its

intendedeffect.

Suchbroken languagescanresult in macho compiling, in which tremendouseffort is

put into helpinga compilerrecognizeidioms thatarenot madeapparentby the language

andto implementthemefficiently. Theseefforts tendto resultin brittle optimizationsthat

areeasilybrokenif theprogrammerdoesnotstickto thespecificsetof idiomsthatthecom-

piler recognizes[Lew00]. Whentheoptimizationdoesnot fire, programmersmustexpend

greateffort to achieve their desiredresults.Frustrationaboundsfor bothprogrammersand

compilerimplementors.

In contrast,creatinga languagethatis naturalto compileto a givenarchitectureallows

implementorsmoretime to work on generalimprovementsandoptimizations,ratherthan

worrying aboutparticularsyntacticpatternsor cornercases.It shouldbenotedthatmost

programminglanguageswhich have enjoyed widespreadusehave not relied on sophisti-

catedcompileroptimizationsto achieveacceptablebaselineperformance.

ZPL strivesto implementthisprinciplefor parallelprogrammingby providing asyntax

thatdirectlyreflectsparallelism.Thisallowsusersto expresstheparallelismthatis inherent

in their algorithmsandto evaluatetheparalleloverheadsof their programs.It alsoallows

ZPL’s implementorsto detectparallelismtrivially and createa straightforward baseline
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implementation.By avoiding therecognitionproblem,implementorscanconcentratetheir

effortson optimizationsthatimprovethebaselineimplementation.

TheFalseSeductionof LegacyCodeReuse

Many parallelcomputingapproacheshave beendesignedin hopesof takingadvantageof

existing sequentialcodeswith minimal programmereffort. For example,a perfectpar-

allelizing compilerwould transformsequentialprogramsinto parallelcodeautomatically.

Similarly, languagessuchasHigh PerformanceFortran(HPF)[Hig94] andCo-ArrayFor-

tran (CAF) [NR98] weredesignedwith the ideaof leveragingexisting codeasa primary

goal. Ideally, programmerscan take their existing sequentialprograms,make minimal

modificationsto them,andendup with agoodparallelimplementation.

While this is a laudablegoal,theassumptionthatincrementalchangescanturn a good

sequentialalgorithm into a goodparallelone is naive. The seductive pitch of theseap-

proachesis that the compilerwill do all of the hardwork for you onceyou adda line of

codehereor thereto help it out. The reality of the situationis that the work requiredto

transformsequentialprogramsinto an optimal parallelizableform is often nontrivial for

both the programmerandthe compiler[FJY98]. This effect is demonstratedby the con-

ceptualleapbetweenthe sequentialandSUMMA matrix multiplication implementations

of Chapter1. Often,a parallelcodebearslittle resemblanceto its sequentialcounterpart.

In suchcases,theeffort requiredto convert a sequentialprograminto aneffective parallel

onecanbegreaterthanthatwhich would have beenrequiredto write a new programfrom

scratchwith parallelismin mind.

StartingfromFirstPrinciples

ZPL approachesthis problemfrom theoppositedirection. Ratherthanstartingwith a se-

quentiallanguageandstriving to detecttheparallelisminherentin its (sequential)syntax,

ZPL’s designstartswith nothingandincrementallyaddsconceptsandoperationsthatare
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Listing 2.1: SimpleType,Constant,andVariableDeclarationsin ZPL

type
age = shortint ;
coord = record

x: integer ;
y: integer ;

end ;

constant
pi : double = 3.14159265;
tabsize : integer = 1000;
maxage: age = 128;

var done : boolean ;
length : integer ;
name: string ;
origin : coord ;
table : array [1.. tabsize ] of complex ;

implicitly parallel. By startingfrom first principlesin this way, ZPL was able to avoid

supportinglanguageconstructsthatdisableparallelism.As anexample,ZPL doesnotper-

mit traditionalscalarindexing of its parallelarrays,dueto the fact that it is an inherently

sequentialconstruct.This approachforcesprogrammersto considertheopportunitiesfor

parallelismin aprogramfrom its inception,ratherthandoingtheminimalamountof work

to getthecompilerto accepttheir sequentialcode,andthenspendinghourswith feedback

toolstrying to determinewhy it is notachieving goodparallelperformance.

ZPL’s syntaxis basedon Modula-2[Wir83] ratherthana morepopularlanguagelike

C or Fortran.This decisionreinforcestheideaof “startingfrom scratch”by forcing C and

Fortranusersto confrontthenotionthatcertainfeaturesof thoselanguagesarenot present

in ZPL dueto their interferencewith parallelism(e.g., pointers,scalararrayindexing, and

commonblocks). It also reinforcesthe idea that programmersshouldconsidertheir se-

quentialalgorithmsafreshwhenimplementingthemin parallelby makingit difficult for

existingC andFortrancodesto betweakedslightly andrun throughthecompiler.
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Listing 2.2: SampleConfigurationVariableDeclarationsin ZPL

config var
n: integer = 100; -- a sample problem size
verbose : boolean = true ; -- use to control output

logn : integer = lg2 ( n); -- log of the problem size
nsq : integer = nˆ2; -- the problem size squared
npi : double = pi * n; -- n times the constant pi

A secondreasonfor choosingModula-2was to supporta languagewhosesyntaxis

bothreadableandintuitive. While it would bepossibleto createC andFortrandialectsof

ZPL, nosucheffort hasbeenmadeat thispoint. Theprimarychallengewouldbeto ensure

that the featuresof C andFortranwhich have beendeliberatelyomittedfrom ZPL would

interactappropriatelywith its parallelconcepts(or simplyoutlaw themaltogether).

As Chapter4 will discuss,ZPL is compiledby translatingit to C. For this reason,C’s

influenceis occasionallyseenin the language’s syntax.For example,thenamesof ZPL’s

datatypesandits formattingof I/O bothstronglyreflectC.

2.2 ScalarZPL Concepts

ZPL’sscalarconceptsarelargelyun-originalanduninteresting,but form animportantfoun-

dationfor therestof thelanguage,soaredescribedherequitebriefly.

2.2.1 Data types,Constants,andVariables

To startwith thebasics,ZPL supportsstandarddatatypes,typedeclarations,anddeclara-

tionsfor constantsandvariables,asin mostlanguages.It supportsintegersof varyingsizes

aswell asfloatingpoint andcomplex valuesof varyingprecision.ZPL supportshomoge-

neousarraytypes(referredto asindexedarrays) andheterogeneousrecordtypes.For some

sampletype,constant,andvariabledeclarations,referto Listing 2.1.
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Table2.1: A Summaryof ZPL’s ScalarOperators

Arithmetic Operators
+ addition
- subtraction
* multiplication
/ division
% modulus
ˆ exponentiation

Logical Operators
& and
| or
! not

Relational Operators
= equality

!= inequality
< lessthan
> greaterthan

<= lessthan/equal
>= greaterthan/equal

Bitwise Operators
band and
bor or

bnot complement
bxor xor

AssignmentOperators
:= standard
+= accumulative
-= subtractive
*= multiplicative
\= divisive
&= conjunctive
|= disjunctive

2.2.2 ConfigurationVariables

ZPL’s configuration variablesarea somewhatmoreuniquescalarconcept.Eachconfig-

urationvariablerepresentsa loadtimeconstant—a valuethat canbe definedat the outset

of a program’s executionbut which cannotbe changedthereafter. This allows usersto

definevaluesthat they maynot want to constrainat compiletime, suchasproblemsizes,

verbositylevels,or tolerancevalues.The advantageof makingsuchvaluesconfiguration

variablesratherthantraditionalvariablesis that it allows thecompilerto treatthevariable

asaconstantof unknown valueduringanalysisandoptimization.

Configurationvariablesaredefinedsimilarly to normalconstants,exceptthattheir ini-

tializing valuesaremerelydefaultsthatcanbeoverriddenontheprogram’scommand-line.

Configurationvariableinitializersmaybedefinedusingexpressionscomposedof constants,

scalarprocedures,andotherconfigurationvariables.Currently, ZPL only supportsconfig-

urationvariablesof scalartypes(includingrecordsandindexedarrays).Listing 2.2shows

somesampleconfigurationvariabledeclarations.
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Listing 2.3: SampleUsesof ZPL’sControlStructures

if (age > maxage) then
writeln (" Age too large !");

end ;� � �
for i := 1 to tabsize do

table [ i] := 0;
end ;� � �
repeat

length /= 2;
done := (length < 100);

until (done );� � �
while (origin . x > origin . y) do

leftshift ( origin );
end ;

2.2.3 ScalarOperators

ZPL supportsastandardsetof scalararithmetic,logical,relational,bitwise,andassignment

operators.SeeTable2.1for anoverview.

2.2.4 Control Structures

ZPL supportsstandardcontrolstructuressuchasconditionals,for loops,while loops,and

repeat-untilloops.SeeListing 2.3for somesimpleexamples.

2.2.5 BlankArrayReferences

To encouragearray-basedthinking, ZPL’s indexedarrayssupporta shorthandnotationto

operateover their entireindex rangewithout a loop. This is doneby omitting theindexing

expressionfor an arrayreference.For example,the assignmentto table in Listing 2.3

couldbewrittenasfollowsusingblankarrayreferences:

table [] := 0;
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Listing 2.4: SampleZPL Procedures

prototype mycomp(x : double ; y: double ): integer ;

procedure leftshift ( var pt : coord );
begin

pt . x -= 10;
end ;

procedure mycomp(x : double ; y: double ): integer ;
begin

if (x < y) then
return -1;

elsif (x = y) then
return 0;

else
return 1;

end ;
end ;

This syntacticshortcutis designedto aid with thecommoncaseof performingpurelyele-

mentwiseoperationson indexedarrays.In many codes,blankarrayreferencescanelimi-

nateanumberof trivial anduninterestingloopsoveranarray’s indices.

2.2.6 Procedures

ZPL’s primary functionalunit is the procedure,which canacceptvalueor referencepa-

rametersandreturna singlevalueof arbitrary type. Proceduresstrongly resembletheir

Modula-2counterpartsandmay be recursive. ZPL alsosupportsprototypesthat allow a

procedure’s signatureto be declaredfor usebeforethe procedureis defined. Listing 2.4

containssomesampleprototypeandproceduredefinitions.

2.2.7 Interfacingwith ExternalCode

ThoughZPL’s choiceof Modula-2asa basesyntaxlimits theamountof codere-usethat

cantake placewithin the parallelportion of a ZPL program,existing scalarcodecanbe



34

Listing 2.5: An Exampleof Usingextern in ZPL

extern constant M_PI: double ;
extern var errno : integer ;

extern type timezone = opaque ;
timeval = record

tv_sec : longint ;
tv_usec : longint ;

end ;

extern prototype gettimeofday ( var tv : timeval ; var tz : timezone );

integratedinto a ZPL programif it canbecalledby andlinkedinto a C program.This is

achievedusingtheextern keyword which canbeappliedto types,constants,variables,

andprocedures.Externaltypesmaybepartially specifiedor omittedcompletelyusingthe

opaque keyword, which allows the programmerto storevariablesof externaltypesand

passthemaround,but not to operateon themdirectly or modify them.SeeListing 2.5 for

somesampleexternaldeclarations.

2.3 Regionsand Parallel Arrays

As mentionedin theintroduction,ZPL’sfundamentalconceptis thatof theregion. A region

is simplyanindex set—asetof indicesin acoordinatespaceof arbitrarydimensions.ZPL’s

regionsareregular andrectilinearin nature. In this sensethey aremuchlike traditional

arrayswith no associateddata.This similarity is emphasizedsyntactically:simpleregions

are definedusing syntax that resemblesa traditional array’s bounds. For example, the

following showsasimpletwo-dimensionalregionandthesetof indicesthatit describes:

[1.. m, 1.. n] �U�[� �)� �)� � � �)� �(� � � � � � � �(� ��� � � �(� �)� � � � � � � ��� ��� �
Regionsmaycontainsingletondimensionswhichdescribeonly asingleindex value.These

aredefinedby replacingthedegeneraterangewith asingleindex (e.g., [1, 1.. n] rather

than[1..1, 1.. n] ).
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(a) (b) (c)

BigR

TopRow

R

C
B

A

[R] A := B + C;

A CB

Figure2.1: UsingRegionsandArrays. (a) An illustrationof thethreeregionsdeclaredin
Section2.3: R, TopRow, andBigR . (b) Threeparallelintegerarraysof sizeBigR —A, B,
andC. (c) An exampleof how a statement’s enclosingregion scoperestrictstherangeof
its operators.Only indiceswithin R (interior to thearrays)arereferencedin thisstatement.

ZPL programmerscannameregions.For example,thefollowing declarationsnamethe

simpleregionsabove “R” and“TopRow.” They alsocreatea third region, “BigR ”, which

extendsbothdimensionsof Rby asingleindex in eachdirection.

region R = [1.. m, 1.. n];
TopRow = [1, 1.. n];
BigR = [0.. m+1, 0.. n+1];

SeeFigure2.1afor anillustrationof theseregions.

The dimensionboundsof namedregionsmustbe expressionscomposedof constants

or configurationvariables.The rankor dimensionalityof a region refersto thenumberof

dimensionsthatit contains.For example,all of theregionsabovehave rank2.

Regionshave two primary purposes.The first is to declareparallel arrays. This is

doneby specifyinga region and an elementtypeasa variable’s type declaration. Such

declarationsresult in the allocationof an arraywith an elementof the specifiedtype for

eachindex describedby the region. For example,the following declarationcreatesthree� �����)����� �����(�
arraysof integersnamedA, B, andC (Figure2.1b):

var A, B, C: [BigR ] integer ;

The rank of a parallelarray is definedto be the rank of its region. For example,all of
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theparallelarraysabove have a rankof 2. Parallelarraysmaynot benested.That is, the

elementtypeof a parallelarraymaynotcontainaparallelarrayitself.

Parallelarraysaretheprimarydatastructurein ZPL, andwill generallybereferredto

as“arrays” within this dissertation.The traditionalscalararraysdescribedin Section2.2

will alwaysbe referredto as“indexed arrays”to avoid confusion. Note that this chapter

doesnotexplainwhyparallelarraysaresonamed,but merelyusesthetermasa label.The

following chapterprovidesthe justificationfor the name(thoughdiscerningreaderswill

possiblyfigureit out on their own).

Thesecondpurposeof regionsis to provide indicesfor arrayreferenceswithin a ZPL

statement.Unlike indexedarrays,ZPL’sparallelarrayelementscannotbereferencedusing

traditionalindexing mechanisms.Instead,regionsarerequiredto specifytheindicesfor an

arrayreference.As anexample,considerthefollowing statement:

[R ] A := B + C;

This statementsaysto addarraysB andC elementwise,assigningtheir resultingsumsto

thecorrespondingvaluesin A. Thestatementis prefixedby theregion scope“ [R] ” which

specifiesthat the additionandassignmentoperationsshouldbe performedfor all indices

describedby R—namely, the interior ���&� elements.Thus,this statementdescribesthe

matrix additioncomputationfrom Chapter1. Region scopesserve asa form of universal

quantification.For example,thestatementabove is equivalentto:

�"� � � �F�"� � �# �¡�� � � ¢ £#¤ ¥ ¢ ¦[§�¨
R

SeeFigure2.1cfor anillustration.

Using region scopes,any of ZPL’s standardscalaroperatorscanbe appliedto arrays

in anelementwisemanner. Thechief constraintis thatarrayscannotbereador written at

indicesthatwerenot in their definingregion (sinceno datais allocatedfor thoseindices).

Region definitionsmay alsobe specifiedexplicitly within a region scope. Theseare

calleddynamicregions, sincetheirboundsaretypically basedonexpressionswhosevalues
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are not known until runtime. For example,the following codefragmentaddsrow i of

arraysB andC, wherei maybecomputedduringtheprogram’sexecution.

[i , 1.. n] A := B + C;

Notethattechnically, this region scopeshouldcontainanothersetof squarebracketsto be

consistentwith theregionspecificationsyntaxdescribedpreviously. However, ZPL allows

programmersto droptheredundantsquarebracketsfor readability.

Subsequentsectionswill describeregions in more depth,but for now this example-

basedoverview of theZPL languagecontinues.

2.4 Array Operators

If ZPL couldonly expresselementwisecomputationson its arrays,it would not bea very

useful language.More generalcomputationsaresupportedby usingarray operators to

modify a region scope’s indices for a given array variableor expression. This section

providesabrief introductionto themostimportantarrayoperators:the@ operator, floods,

reductions, andremaps.

2.4.1 The@ Operator

The@operator(@) is ZPL’ssimplestarrayoperator, providingameansfor translatingarray

referencesusingconstantoffsetvectorsknown asdirections. Directionsarespecifiedand

namedin ZPL asfollows:

direction north = [-1, 0];
south = [ 1, 0];
east = [ 0, 1];
west = [ 0,-1];

Thesedeclarationscreatefour vectors,onefor eachof thecardinaldirections(Figure2.2a).

The@ operatoris appliedto anarrayreferencein a postfixmanner, takinga direction

asits secondoperand.Applying the @ operatorto an arraycausesthe indicesof the en-

closingregionscopeto betranslatedby thedirectionvectorasthey areappliedto thearray
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(b)(a) (c)

A BA B C

[R] A := B@west + C@east;

east west

southnorth

[BigR] A := B@^east;

Figure2.2: The@ Operator. (a) An illustrationof thedirectionsdeclaredin Section2.4.1.
(b) A useof the @ operatorto add shifted referencesof B and C, storing the result in
regionRof A. (c) A diagramillustratingtheapplicationof thewrap-@operatorto assigna
cyclically-shiftedversionof B to A.

reference.For example,theexpressionA@south wouldincrementall indicesin theregion

by 1 in thefirst dimension.As a slightly moreinterestingexample,considerthefollowing

statement:

[R ] A := B@west + C@east ;

This replaceseachinterior elementof A with theelementjust to its left in B andjust to its

right in C. More formally:

© ª « ¬ A®"ª « ¬ ¯_°�±�²�ª « ¬ ³M° ´ µ#¶ · ´ ¸[¹�º
R

Referto Figure2.2bfor anillustration.

Note that the legality of this codehingeson the fact that B andC aredeclaredusing

region BigR , causingthe@-referencesto accessdeclaredvalues.Hadthey beendeclared

usingregionR, the@-referenceswouldreferto valuesoutsideof theirdeclaredboundaries,

whichwouldbeillegal.

Expressionsusingthe@operatormaybeusedoneithersideof anassignment,but may

not bepassedby referenceto a procedure.This dissertationwill primarily concentrateon

reading@-referencesandnot writing them.
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(b)(a)

A

(c)
[TopRow] A := +<<[R] B;[R] A := >>[TopRow] B;

A B B B

[R] biggest := max<< B

biggest

Figure2.3: TheFloodandReductionOperators.(a) An illustrationof theflood operator,
causingthetop row of B within R to bereplicatedacrossall rowsof A within R. (b) An ap-
plicationof thesumreductionoperator, which totalsthevaluesof B within eachcolumnof
Randassignsthesumto thecorrespondingvalueof A within TopRow. (c) A full reduction
whichfindsthebiggestvalueof B within Randassignstheresultto thescalarbiggest .

TheWrap-@Operator

Onevariationon the @ operatoris the wrap-@operator (@ )̂, which causesaccessesto

thearraythatfall outsideof its declaredboundariesto wraparoundandaccesstheopposite

side.Thusastatementlike:

[BigR ] A := B@ êast ;

wouldcyclically shift B onepositionto theleft, assigningit to A.

2.4.2 TheFloodOperator

Thefloodoperator (>>) providesameansfor replicatingasliceof anarray’svalues,either

explicitly or implicitly. Symbolically, it canbeviewedastakinga smallpieceof thearray

expressionto its right andexpandingit to make it biggerwhenusedto the left. Theflood

operatoris a prefix operatorwhich is followedby a region to indicatethesliceof thearray

to bereplicated.This region is referredto asthesourceregion, while theenclosingregion

of matchingrank is calledthe destinationregion. As anexample,considerthe following

assignment:

[R ] A := >>[TopRow ] B;
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This statementassignsthe first row of B (restrictedto columns1 through n) to rows

1 throughmof A. SeeFigure2.3afor anillustration.

In thisstatement,thefloodoperator’sroleis to replicatethevaluesof B describedby the

sourceregion (TopRow or [1, 1.. n] ) suchthatthey conformto thedestinationregion

(R). This actioncanbeinterpretedin eitheranactive or a passiveway. Actively, theflood

operatoris taking the row of valuesdescribedby TopRow andusingit to createanarray

of sizeR for assignmentto A. Passively, theoperatorcanbethoughtof ascausingthefirst

dimensionof indicesin R to be ignoredwhenaccessingB, replacingthemby theindex 1.

Formally, this statementcanbeinterpretedasfollows:

¿ À Á Â ÃAÄ9Å Á Â Æ ÇCÈ É Æ Ê[Ë1Ì
R

Themainlegality issuesfor thefloodoperatorconcerntheconformabilityof thesource

anddestinationregions. First, they mustbe the samerank. In addition,eachdimension

of thesourceregion musteitherbea singleton(asin this example’s first dimension),or it

mustbe identicalto thedestinationregion (asin theseconddimension).The formercase

resultsin replicationof thevaluesdescribedby thesingletonindex. Thesecondresultsin a

traditionalarrayreference.

2.4.3 TheReductionOperator

The reductionoperator (<<) is the dual of the flood operator. It compressesan array’s

valuesdown to form asmallerarray. As with theflood operator, it usesprefixnotationand

expectsasourceregion to describethevaluesthatshouldbereduced.Theresultingsizeof

theexpressionis describedby theenclosingregionscopeof matchingrank.

Becausemultiple valuesarebeingcollapsedinto a singleitem, somesortof reduction

operationmustalsobespecifiedto indicatehow this collapsingshouldtake place. These

operationsaretypically commutativeandassociative,andthey precedethereductionoper-

atorsyntactically. Built-in reductionoperationsincludeaddition,multiplication,min, and
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max, as well as logical and bitwise operators.Usersmay also createcustomreduction

operationsusingscalarZPL procedures.

As asimpleexample,considerthefollowing statementwhichusesaplusreduction:

[TopRow ] A := +<<[ R] B;

Thisstatementcomputesthesumof eachcolumnof B (for therowsandcolumnsspecified

by R), storingeachresultin thefirst row of thecorrespondingcolumnof A. SeeFigure2.3b

for an illustration. Again, this operatorhasboth an active and a passive interpretation.

Actively, it compressesB from rows1 throughmdown to asinglerow (thefirst). Passively,

it expandsthe referenceto row 1 of B so that it refersto rows 1 throughm, ascombined

usingaddition.Formally:

Í"Î Ï Ð ÑAÒÔÓuÕ Ï Ö × ØCÙ Ú × Û[Ü1Ý
TopRow

× ØCÙ ÞM× ß Ü�Ý
R
×

suchthat
ß�à�Û

Thelegality rulesfor reductionsaresimilar to thosefor theflood operator. Thesource

anddestinationregionsmusthavethesamerank. In addition,eachdimensionof thesource

anddestinationregionsmust eitherbe the same(causingthe dimensionto be readnor-

mally), or the destinationdimensionmustcontaina singleton(causingthe valuesin that

dimensionto bereduced).

Full Reductions

Onespecialcasefor reductionscollapsesan entirearrayto a singlescalarvalue. This is

known asa full or completereduction, in contrastwith the partial reductionsdescribed

previously. Full reductionsrequireonly a singlecoveringregion sincethescalarreference

requiresno indices.A simpleexampleis shown here:

var biggest : integer ;

[R ] biggest := max<< B;

Thisstatementfindsthemaximumvalueof B within theindicesdescribedby Randassigns

it to thescalarvaluebiggest . SeeFigure2.3cfor anillustration.Notethatfull reductions
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A A B C

[R] A := A#[B,C];

Figure2.4: TheRemapOperator. TheB andCarraysserveasthemaparraysfor theremap
of A in thisassignment,thusthey mustcontainvaluesfrom0 to 5 within regionR(displayed
hereusingvarying levelsof grey). As a specificexample,considertheassignmentto row
2, column3, outlinedwith a dottedline. Thecorrespondingvaluesin B andC areboth0,
indicatingthatelement[0,0] of A shouldbeassignedto this location.

computethesamevalueasa partialreductionoverall dimensions,but they storetheresult

in a scalarratherthananarrayelement.For example,thefull reductionabove is similar to

thefollowing partialreduction:

[k1 , k2 ] A := max<<[ R] B;

2.4.4 TheRemapOperator

The remapoperator (#) servesasa catch-alloperator, supportingparallel randomarray

accesses.Unlike traditionalarrayindexing, the remapoperatorrequiresanentirearrayof

indicesperdimensionratherthanasingleindex. Thefollowing is asimpleexample:

[R ] A := A#[B ,C];

This useof the remapoperatorrandomlyaccessesthe source array A asspecifiedby

themaparraysB andC. In this statement,theresultis assignedbackinto A. TheB array

providestheindicesin thefirst dimensionfor eachaccessto A, while Cprovidestheindices

for theseconddimension.This is actuallyeasiestto seein theformalversion:

å"æ ç è éFåuê[ë ì í ç î(ë ì í ï ð#ñ ò ï ó[ô�õ
R

Thisstatementis illustratedin Figure2.4.
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The main legality constraintfor the remapoperatoris that the numberof maparrays

mustbeequalto therankof thesourcearraysothateachof its dimensionshasanindex. In

addition,themaparraysmustnotreferto indicesthatareoutsideof thesourcearray’sdefin-

ing region,sincethatwouldreferto valueswith noallocatedstorage.As Section2.15.2will

demonstrate,remapoperatorscanbeusedto operateonarraysof differentranks(andarein

factZPL’s only mechanismfor doingso). Remapoperatorsmaybeappliedto expressions

on eithersideof anassignment,thoughthis dissertationfocuseson useson theright-hand

side.

2.4.5 OtherArrayOperators

ZPL hasa few otherarrayoperatorsthatwill not bedescribedin this thesis,mostnotably

thescanoperator for performingparallel prefixoperations,andthewrap andreflectoper-

atorsfor supportingboundaryconditions.Theseareomittedin this discussionfor brevity

andbecausethey do not posesignificantchallengesor intriguesin ZPL’s designandim-

plementationbeyond the arrayoperatorsdescribedhere. For more informationon these

operators,pleasereferto theliterature[Sny99].

2.5 Formal RegionDefinition

Given the intuitive definitionsof array operators,we now reconsiderregions more for-

mally. Eachdimensionof a region canbe representedby a 4-tuplesequencedescriptor,
ö@÷|ø ù ú û/ú ü)ú ý[þ . Thevariablesù and û representthe low andhigh boundsof thesequence.

The ü value representsthe sequence’s stride, and ý encodesits alignment. A sequence

descriptor, ö , is interpretedasdefiningasetof integers,ÿ ø ö(þ , asfollows:

ÿ ø ö(þ ÷ � ��� ù�� � �!û and
��� ýÔø 	�
��ü þ � (2.1)

For example,thedescriptorø �(ú �[ú �[ú �(þ describesthesetof even integersbetweenoneand

six, inclusive:
� �[ú �[ú ��� .
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A � -dimensionalregion, � , is definedasa list of � sequencedescriptors,� ��� � � � � , where

� � representstheindicesof theregion’s � th dimension:

���! � � " � # " � � � " � � $
Theindex set, %�& �(' , definedby a region � is simply thecross-productof thesetsspecified

by eachof its sequencedescriptors:

%�& �(')�+*,& � � '.-/*,& � # '.-/� � �0-/*,& � � '
For example,the index setof the 2-dimensionalregion  & 1(" 2�" 34" 5' " & 1(" 2�" 34" 1(' $ would be

definedasfollows:

%0&  & 1(" 2�" 34" 5' " & 1(" 2�" 34" 1(' $ '6�+*,& 1(" 2�" 34" 5'7-8*,& 14" 2" 3" 1 '
�!9(34" :�" 2;<-=9414" >" ?;
�!9& 34" 1(' " & 34" >' " & 34" ?4' " & :" 1(' " & :" >' " & :�" ?(' " & 2" 1('

& 2�" >4' " & 2�" ?(' ;
Recallthesimpleregiondeclarationsdescribedin Section2.3which take thefollowing

generalform:

R = [ @ � .. A� , @ # .. A4# , B B B , @ � .. A4� ]
Suchdeclarationscorrespondto thefollowing formal regiondefinition:

���! & C � " D0� " 14" 54' " & C # " D�# " 14" 54' " � � � " & C � " D�� " 14" 54' $
Thesesequencedescriptorsspecifythateachdimension� containsall indicesfrom C � to D � ,
due to the trivial valuesusedfor the stride and alignment. Note that while ZPL could

allow programmersto expressregions in a sequencedescriptorformat, the syntaxused

hereallows thecommoncaseto bedescribedin aclearer, moreintuitivemanner.
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2.6 RegionOperators

In additionto thesimpleregion declarationsof Section2.3, ZPL providesa setof region

operators thatallow new regionsto becreatedrelativeto existingones.Theseareprovided

to give theusera moredescriptive way of creatingregionsthanspecifyingthemby hand.

They alsoprovide theonly meansof changinga region’sstrideor alignment.

Region operatorsare definedusing a set of prepositionaloperators—of, in, at, and

by—thataredefinedfor sequencedescriptors.Eachof theseoperatorsmodifiesasequence

descriptorusinganintegervalue,E . Theoperatorsaredefinedasfollows:

E of F G H I�H J(H KLNM
OPPPQ PPPR
F G0STE H G�UWV(H J(H K�L if EYXWZ
F G H I�H J(H KL if E<[\Z
F IYSWV4H IYSTE H J(H K�L if EY]WZ

E in F G H I�H J(H KLNM
OPPPQ PPPR
F G H G0U\F E,SWV(L H J(H KL if EYXWZ
F G H I�H J(H KL if E<[\Z
F I^U\F E_UWV(L H I�H J(H KL if EY]WZ

F G H I�H J(H KL at E�M`F G0STE H IYSTE H J(H K<STE(L

F G H I�H J(H KL by E�M
OPPPQ PPPR
F G H I�H(a E�a b J(H F I^U\F F I^UTK�L�c�defJ L LgS\F a E�a b(J L L if E^XhZ
F G H I�H J(H KL if EY[WZ
F G H I�H(a E�a b J(H F G0S\F F KYU=G L�c�defJ L LgS\F a E0a b(J L L if E^]hZ

To summarize,the of and in operatorsmodify the sequenceboundsrelative to the ex-

isting bounds,leaving the strideandalignmentunchanged.The of operatordescribesa

rangeadjacentto theoriginal range,whereasin describesa rangeinterior to theprevious

range.Theat operatortranslatesthesequenceboundsandalignmentof a sequence.The

by operatoris usedto scalethe strideof the sequenceandpossiblyshift the alignment,

leaving theboundsunchanged.
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Listing 2.6: Applicationsof RegionOperators

direction north = [-1, 0];
east2 = [ 0, 2];
n2e3 = [-2, 3];
step2 = [ 2, 2];

region R = [1.. m, 1.. n];
NorthernBounda ry = north of R;
EasternInterio r = east2 in R;
ShiftedN2E3 = R at n2e3 ;
OddCols = R by east2 ;

ZPL definesa region operatorfor eachprepositionaloperator. Eachregion operator

takesabaseregionandanoffsetvectorin theform of adirection.Theoperatoris evaluated

by distributing eachcomponentof the direction to the region’s correspondingsequence

descriptorandapplyingtheprepositionaloperator. For example,theat operatorwouldbe

distributedasfollows:

i at j k l m k n oqp!r s t l m u0l m v l m wl x m s t n m u�n m v n m wn x y at j k l m k n o
p!r s t l m u0l m v l m wl x at k l m s t n m u�n m v n m wn x at k n y
p!r s t l�z k l m u l�z k l m v l m w l�z k l x m s t n�z k n m u n�z k n m v n m w n�z k n x y

As amoreconcreteexample,thecodein Listing 2.6showssomedirectiondeclarations

followedby regiondeclarationsthatusetheregionoperators.Theseregions,aswell assev-

eralothers,areillustratedrelative to thebaseregion R in Figure2.5. In eachcase,therole

of thedirectionin definingthenew region is indicated.Thoughthe formulasdefiningthe

prepositionaloperatorsseemfairly complex at first glance,they defineregionswhich intu-

itively matchtheEnglishdefinitionof thepreposition,makingthemathematicaldefinitions

simplya formality. Intuitively, theof operatordefinesregionsthatareadjacentto thebase

regionwhile in definesregionsthatarejustwithin thebaseregion. Theat operatorshifts

thebaseregion, while by stridesthebaseregion. In eachcase,theoffsetvectorprovides

thenotionof thedirectionandmagnitudeof theoperation.
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R by step2

n2e3

east2

R by step2

R

north

R

east2

R

n2e3

base region/
direction of in at by

NorthernBoundary

EasternInterior

ShiftedN2E3

OddCols

Region Operator

Figure2.5: The Region Operators.This diagramillustratesthe region operatorsapplied
usingthe declarationsof Listing 2.6. Eachcolumnof picturesrepresentsa singleregion
operator(of , in , at , andby ), while eachrow illustratesa differentbaseregion/direc-
tion pair. The indicesof the regionscreatedby applyingthe region operatorto the base
regionanddirectionareshown in grey. Arrows givesa senseof thedirections’rolesin the
definition.Thoseregionsthatweregivennamesin Listing 2.6arelabeled.
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(c)
[R] A := F; [R] F := >>[1, 0..n+1] B;

(d)(b)

A F

(a)

FloodRow F

F B

Figure2.6: FloodDimensionsandFloodArrays. (a) An illustrationof a regionwhosefirst
dimensionis flooded.It representsa singlerow of valuesthatareconformableto any row.
(b) An arrayF declaredusingregion FloodRow . (c) An assignmentfrom F to A within
regionR. (d) An assignmentfrom arow of B to F usingtheflood operator.

Although therearecertainlyotherregion operatorsthatcouldbeusefulto a program-

mer, thoselistedherewereselectedasa basissetsincethey supportcommonarrayrefer-

encesandareclosedover our region notation.This chapter’s discussionsectionconsiders

this topic further.

2.7 Flood Dimensions

2.7.1 Introductionto FloodDimensions

In additionto traditionaldimensions(e.g., l.. h) andsingletondimensions(e.g., i ), re-

gionscanhave a third typeof dimension,theflooddimension. Flooddimensionsaresyn-

tacticallyrepresentedusinganasterisk(* ), andthey representasingleindex thatconforms

to any otherindex in thedimension.As anexample,considerthefollowing codefragment:

region FloodRow = [*, 0.. n+1];

var F:[ FloodRow ] integer ;

[R ] A := F;

This codebegins by declaringa region which is floodablein the first dimensionand

containscolumns1 throughn in thesecond(Figure2.6a).It thenusestheregionto declare
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a row of integersnamedF (Figure2.6b). Theassignmentto A readsfrom theappropriate

columnof F for all rowsin R. Thatis, thesinglerow of valuesfromF is explicitly replicated

in rows1 throughmof A. SeeFigure2.6cfor anillustration.

Note that FloodRow differs from a row declaredusing a singletondimensionlike

TopRow. In particular, if F wasdeclaredusingTopRow in the exampleabove, the as-

signmentwould attemptto readfrom F in rows other than the first. This constitutesan

error sinceF did not allocatestoragefor thoserows. The useof the flood dimension

in FloodRow allows it to conformto all indices,makingtheassignmentlegal.

2.7.2 Relationshipwith theFloodOperator

Thecodeabove illustratesa similarity betweenflood dimensionsandtheflood operator—

bothareusedto representreplicatedvalues.In fact,thefloodoperatorcanbeusedto assign

to thevaluesof afloodarray. Considerthefollowing example:

[FloodRow ] F := >>[1, 0.. n+1] B;

In thiscodefragment,row 1 of B is replicatedby thefloodoperatorto conformto theflood

dimensionof FloodRow (Figure2.6d). Similar assignmentswithout the flood operator

wouldbeillegal:

[FloodRow ] F := B;
[1, 0.. n+1] F := B;

The first assignmentis illegal becauseB is definedfor rows 1 throughm, makingit am-

biguouswhich row of B shouldbestoredin F. Evenif B wasdeclaredto bea singlerow

(e.g., [1, 0.. n+1] ), this assignmentwould remainillegal sincethe right-handsideof

the assignmentneedsto conformto “all” row indices,not simply a particularone. For a

standardarraylike B, this canonly be achievedusingthe flood operator. The secondas-

signmentis illegal becauseit attemptsto assignto a singlerow of F ratherthanassigning

all of its rowsusingaflood dimension.
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2.7.3 FormalDefinition

As describedabove,anarraywith aflooddimensioncanintuitivelybethoughtof ashaving

asinglesetof valuesin thatdimensionwhichconformto all indices.Equivalently, theflood

dimensioncanbethoughtof asrepresentinganinfinite numberof indices,all of which are

constrainedto containthesamevalues.

Flooddimensionsarerepresentedusinga specialsequencedescriptor:( {<| , | , 0, 0).

This statesthat the dimensioncoversall indices( {<|~} } } | ). The strideandalignment

of 0 reflectsthefact thatthereis a singleimplementingsetof valuesandthereforeno way

to stepfrom oneindex to the next. The flood sequencedescriptorcannotbe interpreted

likethoseof traditionaldimensionsdueto thenonsensicalnatureof working in amodulo-0

system.Rather, it servesasa placeholderthatreadilydistinguishesflood dimensionsfrom

traditionalones.By convention,�,� {<|\� |\� �� �� is definedto be �4{�|\� } } } � |\� . Theindex

definingthesinglesetof values,will bereferredto as � . For example,theelementin the

fourthcolumnof F wouldbereferredto as ��� � � .
Only theidentity forms( �Y��� ) of theprepositionaloperatorsfor sequencedescriptors

aredefinedfor flood dimensionsequencedescriptors.Thismatchestheintuitivesensethat

adimensionwhichrepresentsaninfinite numberof indicescannothaveadjacentor interior

indices,cannotbe shifted,andcannotbe strided. Thus,only directioncomponentsof 0

maybeappliedto aflood dimensionusingZPL’s regionoperators.

Thelegalityof interactionsbetweenflooddimensions,traditionaldimensions,andarray

operatorswill besummarizedin Section2.12,which containsa moreformal treatmentof

thesesubjects.

2.8 Index Constants

ZPL provides a set of built-in array constantsreferredto collectively as the index con-

stants. Theseare a group of built-in virtual parallel arraysnamedIndex1 , Index2 ,

Index3 , etc. Whenread,eachelementof Index i evaluatesto its index in the � th dimen-
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1 n

Index2Index1Index1 Index2 A

(b)
[R] A := (Index1 − 1)*n + Index2;
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Figure2.7: TheIndex Constants.(a) PicturesdepictingIndex1 andIndex2 . BigR and
R areindicatedby theoutlines.(b) A diagramshowing theuniquenumberingof elements
in RusingIndex1 andIndex2 .

sion. Thus,Index1 ’s elementsevaluateto their row indices,Index2 ’s elementsto their

columnindices,etc. More formally:

� ����(�
i � � � � � � � � � � � �_�T� �

Figure2.7agivesapictorialdepictionof Index1 andIndex2 within regionsRandBigR .

As a sampleuse,the following codefragmentnumbersthevaluesof A within R from

1 to m� n in row-majororder:

[R ] A := ( Index1 - 1)* n + Index2 ;

Usingtheformal definitionof index constants,this assignmentis interpretedasfollows:

� � � �¡ £¢ ¤4¥�¦§ ¨�© � � �.ªh©(«g¬,¥fT¤4¥�¦§ ¨g® � � �
 £¢ ¯�ªW©(«g¬,¥f �

SeeFigure2.7bfor anillustration.

Asasecondexample,thefollowingcodeusestheremapoperatorto assignthetranspose

of B to A within region R, assumingthatm= n (if it did not, themaparraysmight refer to

valuesoutsideof B’sdeclaredsize).

[R ] A := B#[ Index2 , Index1 ];
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° ° ° ° ° ° ° ° °± ± ± ± ± ± ± ± ² ² ² ² ² ² ² ²³ ³ ³ ³ ³ ³ ³ ³
A B Index2 Index1

[R] A := B#[Index2,Index1];
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Figure2.8: An Array Transpose.This diagramillustrateshow theIndex constantscanbe
usedto transposearrayswhenusedasthemaparraysin a remapoperation.By usingcol-
umnindicesasthemaparrayfor B’s rowsandrow indicesfor its columns,theelementsof
B aretransposedduringtheirassignmentto A. Thedottedlinesindicatehow element́ µ¶ ·(¸
of A is assignedelement́ ·(¶ µ¸ of B.

Usingtheformal definitionof index constants,this assignmentis interpretedasfollows:

¹,º » ¼¾½À¿_Á Â Ã Ä Å Æ Ç È É » Á Â Ã Ä Å Ê Ç È É
½À¿ ¼ » º

SeeFigure2.8for anillustrationof thisassignment.

Eachindex constantcanbethoughtof asbeingfloodablein everydimensionotherthan

the Ë th, sinceits sizeis arbitrarily largeandits valuesonly differ in dimensionË . However,

notethat Index i conformsto arraysof rank Ë , ËgÌ\· , Ë�Ì\Í , etc., makingit moreflexible

thanasimilar user-definedflood array.

2.9 Masks

As definedin Section2.3, regionsmustbe rectilinear. This resultsin index setsthat are

very rectangularandregular, thoughpossiblystrided.In many applications,programmers

maywant to refer to a morearbitrarysetof indicesthanthosepermittedby regions. For

this reason,regionsmaybemodifiedby booleanmasksto selecta subsetof indicesfrom

theregion. Themaskmusthave thesamerankastheregion that it is modifying andmust

beallocatedfor all indicesdescribedby theregion.
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[R with Mask] A := B;
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Figure2.9: An Exampleof UsingMasks.(a) Themaskis assignedtrue for all locations
in Rwherethesumof therow andcolumnindicesis even. (b) Themaskis usedto restrict
theindicesof Rwhenassigningfrom B to A.

Hereis asimpleexamplethatusesmasks:

var Mask: [ R] boolean ;

[R ] Mask := (( Index1 + Index2 )%2 = 0);
[R with Mask] A := B;

Thefirst assignmentinitializesthevaluesof Mask to betruewherever thesumof therow

andcolumnindicesis even (Figure2.9a). Thesecondassignmentis prefixed by a region

scopein which R is modifiedby Mask. This causestheassignmentof B to A to take place

only at thoseindiceswherethesumof therow andcolumnindicesis even.More formally:

Î,Ï Ð Ñ,Ò¾Ó_Ï Ð Ñ Ô Õ�Ö × Ô ØÙ.Ú
Rsuchthat Û\Ü�Ý Þ Ï Ð Ñ,ß true

SeeFigure2.9bfor anillustration.Maskscanalsobeappliedusingthewithout keyword,

which reversesthesenseof themask,computingonly at indiceswherethemask’svalueis

false.

Maskswill not becoveredwith any moredepthor formality in this chapter, asthey are

fairly intuitive andnot a centralconceptin this dissertation.In general,any region scope

can be masked, and the maskhasthe effect of filtering the region’s indicesas they are

appliedto arrayexpressionswithin theregion’sscope.
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Listing 2.7: A Demonstrationof RegionScoping

1 [ R] begin
2 A := B@west + C@east ;
3 [ BigR ] A := B@̂ east ;
4 A := >>[ TopRow] B;
5 [ TopRow] A := +<<[ R] B;
6 biggest := max<< B;
7 [ k1 , k2 ] A := max<<[ R] B;
8 A := A#[ B, C];
9 end ;

2.10 RegionScoping

2.10.1 Region ScopingOverview

Up to this point, eachstatementthathasreferredto a parallelarrayhasbeenprefixed by

a region scopeto provide the statement’s baseindices. In general,region scopescanbe

appliedto an entireblock of statementsusingcompoundstatementslike control flow or

a simplebegin à à à end block. Moreover, new region scopescanbeappliedto individual

statementswithin thecompoundstatement,eclipsingtheenclosingscopefor thatstatement

but no others.

As an example,all of the arraystatementsin Section2.4 could be written in a single

block of statements(thoughanadmittedlynonsensicalone)asshown in Listing 2.7. The

outermostregionscope,[ R] , servesastheenclosingregionfor lines2, 4,6,and8. Lines3,

5, and7 areenclosedby an overridingregion scope.Floodsandpartial reductions(asin

lines4, 5, and7) openadditionalregion scopesthatenclosetheir arrayarguments(B, for

eachstatementin this example).

Region scopesshouldbe thoughtof asbeingpassive ratherthanactive objects.They

do not causethingsto occur, but merelysupplyindices,if needed,for thearrayreferences

that they enclose.To this end,statementsmay be enclosedby multiple region scopesof

differentranks,eachof whichcanprovide indicesfor arrayreferencesof matchingrank.
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Listing 2.8: An Exampleof Multiple EnclosingRegion Scopes

region R1D = [1.. m];
R2D = [1.. n, 1.. p];

var x: integer ;
Y: [R1D] integer ;
Z: [R2D] integer ;

[ R1D] [ R2D] begin
x := 1;
Y := 2;
Z := 3;

end ;

As anexample,considerListing 2.8. In this fragment,theassignmentto x is a scalar

and thereforedoesnot requirethe enclosingregion scopesat all. The assignmentto Y

refersto a 1-dimensionalarrayand thereforemakesuseof the enclosing1-dimensional

region scope[R1D] . Likewise,theassignmentto Z is 2-dimensionalanduses[ R2D] as

its enclosingregion scope.Theenclosingregion scopethatcontrolsanexpression’s array

referencesis referredto asits coveringregion.

2.10.2 DynamicRegionScoping

Region scopingoccursnot only within static blocks of code,but also acrossprocedure

calls. As an example,considerListing 2.9. The addmat () proceduretakesthreearray

variablesasarguments,addingtwo of themandassigningto thethird. Note thatsinceno

region scopeis specifiedwithin theprocedure,eachprocedurecall’s enclosing2D region

scopewill beusedduringexecution. Thus,thefirst call performsthecomputationfor all

indiceswithin R, thesecondperformsit for thetop row of R, andthethird performsit for

the á th columnof R.
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Listing 2.9: A Demonstrationof DynamicRegionScoping

procedure addmat ( var X, Y, Z: [BigR ] integer );
begin

X := Y + Z;
end ;

[ R] addmat ( A,B ,C );
[ TopRow] addmat ( A,B ,C );
[1.. m,k] addmat ( A,B ,C );

2.10.3 Region Inheritance

Due to the scopednatureof regions, it is often useful to inherit aspectsof the enclosing

regionscopewhenopeninga new regionscope.ZPL providestwo mechanismsfor inheri-

tance,theblankdimensionandthedouble-quotereference(" ). Eachis describedhere.

BlankDimensions

Whenopeninga dynamicregion, oneor moredimensionsmaybe inheritedfrom theen-

closingregion scopeby omitting their definitions. As anexample,considerthat line 4 of

Listing 2.7canbere-writtenusingadynamicregionasfollows:

A := >>[1, 1.. n] B;

However, sincethisstatementis enclosedby regionR, whichalsospanscolumns1 â â â n, the

seconddimensioncanbeinheritedusinga blankdimensionasfollows:

A := >>[1, ] B;

Sincefloodsrequirethatall non-replicateddimensionsmatch,thissyntaxcansavesomere-

dundantspecification.It is especiallyusefulwhenthesourceregion’sindicesarecomputed

dynamically. Thesametechniquecanbeusedto rewrite thepartial reductionof line 5 in

Listing 2.7asfollows:

[1, ] A := +<< [1.. m, ] B;
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Listing 2.10:Region InheritanceUsingDouble-QuoteReferences

[ R] begin
[ north of "] A := 0; -- " refers to R
[ south of "] A := 0; -- " refers to R
[ east of "] A := 0; -- " refers to R
[ west of "] A := 0; -- " refers to R

end ;

Listing 2.11:MaskInheritanceUsingaDouble-QuoteReference

[ R with Mask] begin
A := 0;
[[ k, ] without "] A := 1; -- " refers to Mask

end ;

Blankdimensionscaninherit from aprocedure’sdynamicallyenclosingscope.In addi-

tion, they canbeusedto leavethesizeof formalarrayparametersunspecified.For example,

theaddmat () procedureof Listing 2.9couldbewritten in a moregeneralmannerusing

blankdimensionsasfollows:

procedure addmat ( var X, Y, Z: [ , ] integer );

This specifiesthataddmat () takesthree2-dimensionalparallelarraysasits parameters,

but doesnot specifytheir sizeor indices.

Double-QuoteReferences

Double-quotereferencesareusedwithin regionscopesto referto theenclosingregionasa

whole. This is especiallyusefulwith region operators.For example,thecodefragmentin

Listing 2.10zeroesout the four boundariesof variableA (Figure2.10a).The rank of the

inheritedregion is inferredfrom thedirectionsuppliedto theregionoperator. For example,

in this listing, sincenorth is 2-dimensional,the enclosing2-dimensionalregion, R, is

inherited.As with blankdimensions,thedouble-quotecanbeusedto referto aprocedure’s

dynamicallyenclosingregionscope.
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(a) (b)

Figure2.10:Region InheritanceExamples.In bothdiagrams,white is usedto represent0,
black to represent1, andgrey to indicatevaluesthatareuntouched.(a) The resultof the
assignmentsusingdouble-quotereferencesin Listing 2.10.(b) Theresultof thestatements
in Listing 2.11usingthesamecheckerboardmaskasFigure2.9.

Thedouble-quotecanalsobeusedto inherit a maskfrom theenclosingregion scope.

For example,in Listing 2.11,the inner region scoperestrictstheenclosingscopeR down

to its ã th row. It theninheritsthemaskfrom theenclosingscope,determiningits rankusing

thatof thedynamicregion. Thus,this codefirst zeroesout A for all indicesin R for which

Mask is true. It thenassignsthevalue1 to all elementsfor which it is falsein the ã th row

of R. SeeFigure2.10bfor anillustration.

2.11 ScalarPromotion

Scalar promotion is the idea of permitting a conceptthat is scalarin natureto interact

naturallywith a parallelarrayconcept.Scalarpromotionis an intrinsic conceptin ZPL.

For example,mostof thesamplecodesin this chapterhave madeuseof scalarpromotion

by using the scalarassignmentoperator, := , to assignone array expressionto another.

Similarly, thecodeshave appliedscalaraddition,subtraction,multiplication,andmodulus

operatorsto arrayexpressionswith the understandingthat the operatorwould be applied

to correspondingelementsof the arrays. In theseinstances,scalarpromotioncausesthe

operatorto be appliedto the arrayexpressionsonescalarat a time for all indicesin the

enclosingregion. Theuseis sointuitivethatit is virtually transparent.
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Listing 2.12:An Exampleof ScalarProcedurePromotion

var W, V: [R ] double ;
Res: [R ] integer ;

[ R] Res := mycomp( W, V);
[ R] Res := mycomp( W, 0);

Therestof thissectionexplorestheconceptof promotionandits usesin ZPL,beginning

with adiscussionof scalarconformability.

2.11.1 Conformabilityof ScalarPromotion

Whena scalaroperatoris promotedandappliedto two arrayarguments,ZPL requiresthat

theexpressionsbeof thesamerank. This means,for example,thatscalaradditioncannot

be usedto add a one-dimensionalarray to a two-dimensionalarray (althougha similar

effect canbe achieved by storingthe one-dimensionalvaluesin a two-dimensionalarray

with a floodeddimension).Furthermore,the resultof any promotedscalaroperatoris an

arrayexpressionwith thesamerankasits operands.Thesearetherequirementsfor array

conformabilityin ZPL.

Justas scalaroperatorscan be promoted,so can scalarvalues. As an example, in

Listing 2.8, the scalarconstants2 and 3 were assignedto parallel arraysY and Z. In

theseassignments,thescalaris promotedmuchlike a scalaroperator. Thescalarvalueis

treatedasanarrayof appropriaterankthatstoresthescalarvaluein every location.Scalar

variablesaremuchlike arraysthatarefloodedin every dimension:they areconformable

with arbitrary indices in any dimension,and they hold the samevalue at all locations.

However, scalarsarestrictly morepowerful thanflood arraysin that they areconformable

with arraysof arbitrary rank. That is, scalarvaluesmay interactwith arraysof rank 1,

2, etc., whereasany user-definedflood arraywill haveafixedrank.
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Listing 2.13:UsingShatteredControlFlow to ComputeanArray’s AbsoluteValue

[ R] if ( A < 0) then
B := - A;

else
B := A;

end ;

2.11.2 ProcedurePromotion

Justasscalaroperatorscanbepromotedusingarrayoperands,socanscalarproceduresbe

promotedusingarrayactualparameters.As anexample,thescalarproceduremycomp()

in Listing 2.4canbeappliedto arrayargumentsasshown in Listing 2.12. In thefirst call,

arraysWandV arepassedto mycomp() anelementat a time for all indicesin R, with the

returnvaluebeingassignedto thecorrespondingvalueof Res. In thesecondcall, only the

first argumentis promoted,forcing thesecondargument,a scalar, to bepromotedto actas

a2D array, makingtheparametersconformable.

A promotedscalarprocedure’s actualparametersmust have the samerank. For ex-

ample,it would be illegal to call mycomp() with arrayargumentsthatwere2D and3D,

respectively. As expected,thereturnvalueof apromotedscalarprocedurewill bepromoted

to therankof its arrayparameters.

Note thatprocedurepromotiononly appliesto scalarprocedures.That is, procedures

which refer to regions,parallelarrays,or ZPL’s arrayoperatorsmaynot bepromoted.In

addition,regionsthatuseI/O, modify globalvariables,or call otherparallelproceduresare

consideredto beparallelto ensuredeterministicexecution.

2.11.3 ShatteredControl Flow

Justasscalaroperatorsandfunctionscanbe promoted,so cancontrol structures(condi-

tionals,loops)thataretraditionallyscalarin nature.For example,considertheconditional

in Listing 2.13 which branchesbasedon an array expressionratherthana scalarvalue.
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Listing 2.14:UsingPromotedProceduresInsteadof Shards

procedure abs ( x: integer ): integer ;
begin

if (x < 0) then
return - x;

else
return x;

end ;
end ;

[ R] B := abs (A );

Thisconditionalis evaluatedfor eachelementof A describedby regionR. Array references

within the body of the conditionalrefer to elementswith the sameindicesat which the

conditionalwasevaluated.Thus,theconditionalin this examplewill assigneachelement

of B theabsolutevalueof its correspondingelementin A for all indicesin R.

This promotionof control structuresis referredto asshattered control flow because

thesinglethreadof controlwhich is implicit in traditionalZPL statementsmaynow take

differentactionson an element-by-elementbasis. In effect, it is “shattered,” giving each

index its own logical threadof control.At theendof theshatteredcontrolflow statement(or

shard for short),theconceptualthreadsarejoinedandasinglethreadof executionresumes.

It shouldbe notedthat shardsaresimilar to inlining a promotedscalarfunction. For

example,the codein Listing 2.13 could be rewritten asshown in Listing 2.14. For this

reason,the bodiesof shatteredcontrol flow statementshave many restrictionssimilar to

thosefor promotedscalarprocedures.In particular, they maynotcontainregionsor parallel

array referenceswhoserank differs from that of the controlling expression. Most array

operatorsare also disallowed in shatteredcontrol flow expressions,thoughlimited uses

of the @ operatorareallowed (correspondingto passing@-referencesto a procedureby

value).
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Table2.2: FormalDefinitionof Writing anArray Within a RegionScope

[ ä ] å := æ æ æ (whereå is definedover ç )
ç is normalor singleton ç is flooded

ä is normalor singleton
Legal if èé ä ê�ë8èé çê .
Writes å7ì í îï�ð^èé ä ê .

Illegal sinceèé ä ê�ñ8èé çê and

å ’s valuesmustbeidentical.

ä is flooded Illegal,sinceè�é ä ê�ò8è�é ç�ê . Legal. Writes å.ó .

2.12 Array Operators, Mor eFormally

Now that regions have beenformally defined,and their useshave beendescribedmore

completely, the arrayoperatorscanbe definedmoreformally. This sectiongivesa more

precisedefinition of the arrayoperators,andalso for the legality of readingandwriting

arrayswithin anenclosingregion. For simplicity, thesedefinitionsaregivenfor thesingle-

dimensionalcase.Multidimensionalcasessimply extendtheserulesby applyingthemto

eachdimensionindependentlyin the naturalmanner. We begin by definingsimplearray

writesandreads.

2.12.1 ArrayWrites

Arrays can be modified by being on the left-handside of an assignmentoperatoror by

beingpassedby referenceto a promotedscalarprocedure.To testthelegality of a write to

anarray, eachdimensionof its definingregion, ô , mustbecomparedto thatof theenclosing

regionscopeof matchingrank, õ . Table2.2summarizesthedifferentcasesthatarepossible,

classifyingthembasedon whetherthedimensionsof theenclosingregion andthearray’s

definingregionaresingleton,flooded,or a normalrangeof indices.

In thecasethatneitherdimensionis flooded,thewrite is legal so long asthearrayis

declaredover theindicesreferencedby theregion. Whenbothdimensionsareflooded,the
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Table2.3: FormalDefinitionof ReadinganArray Within a RegionScope

[ ö ] ÷ ÷ ÷ := ÷ ÷ ÷ ø�÷ ÷ ÷ (whereø is definedover ù )
ù is normalor singleton ù is flooded

ö is normalor singleton
Legal if ú�û ö ü�ý8ú�û ù�ü .
Readsø7þ ÿ �����^ú�û ö ü .

Legal.

Readsø�� ÿ �����^úû ö ü .
ö is flooded Illegal,sinceúû ö ü	�8úû ùü . Legal. Readsø�� .

write is legal,andthesinglereplicatedvaluewill bemodified.As describedin Section2.7,

thecasesin which onedimensionis floodedbut theotheris not areillegal dueto the fact

thatoneindex setrepresentsaninfinite index rangewhile theotheris finite.

2.12.2 ArrayReads

Thelegality of anarrayreadis definedin Table2.3. In mostcases,arrayreadsareidentical

in legality to arraywrites. Theoneexceptionis that it is legal to readanarray’s flood di-

mensionwithin anon-floodedregiondimension.In thiscase,theprogrammeris specifying

thata finite subsetof theinfinite index spaceberead,which makessense.All of theother

casesmatchtheir arraywrite counterparts.

2.12.3 The@ Operator

To belegal,thearrayanddirectionsuppliedto an@operatormustmatchin dimensionality.

This rankis alsousedto determinetheenclosingregion 
 . As with arrayreadsandwrites,

the dimensionsof 
 , and the array’s defining region, � , must be considered.Table 2.4

definesthe legality of eachcase. For eachlegal reference,the transformationfrom the

array’s dataspaceto the region’s index spaceis alsogiven, indicatingwhich arrayvalues

arereadfor eachindex in theenclosingregion.



64

Table2.4: Formaldefinitionof the@ Operator

[ � ]    � @[� ]    (where� is definedover � )
� is normalor singleton � is flooded

� is normalor singleton
Legal if ��� � at � �	����� ��� .
Returns��� ��� at � � ���	� ��� � � .

Legal.

Returns��! at � , ����� ��� � � .
� is flooded Illegal,since��� � ��"���� ��� . Legal. Returns��! at # .

Thecasesin which oneor bothof theregionshavea flood dimensionareidenticalto a

traditionalarrayread.This implies thatapplyingthe@ operatorto a flood dimensionhas

no effect, asonewould expect. Whenneitherdimensionis flooded,the legality condition

is similar to thatof anarrayread:if thearrayis declaredfor theregion’s indicesshiftedby

theoffset,thereferenceis legal. Thearrayreferenceevaluatesto thevalueslocatedat those

shiftedindices.

2.12.4 TheFloodOperator

Evaluatingafloodoperatordiffersfromprevioussectionsin thattwo regionsareinvolved—

thesource( $ ) anddestination( % ) regionsof theflood. Thefirst legality constraintis that

the arrayexpressionbeingfloodedmustmatchthe sourceregion in dimensionality. This

rankis alsousedto determinetheenclosingregion,sothesewill matchaswell. In addition,

it mustbelegal to readthearrayexpressionusingthesourceregionasits coveringregion.

If theseconditionsare met, correspondingdimensionsof the sourceand destination

region are compared,with the possibleoutcomessummarizedin Table 2.5. Floodsare

typically usedto replicateasinglevalueacrossa rangeof indices,makingthecaseswhere

$ is a singletonand % is normalor floodedthe interestingones. Theseusesof the flood

operatorcausethe valueat the index indicatedby the sourceregion to be referencedfor
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Table2.5: FormalDefinitionof theFloodOperator

[ & ] ' ' ' >>[ ( ] )*' ' '
( is normal ( is singleton ( is flooded

& is normal

Legal if +�, ( -/.0+�, &/- .
Returns)�1 at 2 ,3 2�4 +�, &/- .

Legal. Returns)�5 at 2 ,
where+�, ( -/.76 8�9 ,3 2�4 +�, &�- .

Legal.

Returns)�: at 2 ,3 2�4 +�, &�- .

& is singleton
Illegal,since; +�, &�- ;�<7; +�, ( - ; .

Legal. Returns) 5 at 2 ,
where+�, ( -/.76 8�9 ,
+�, &/-/.76 2 9 .

Legal.

Returns)�: at 2 ,
where+�, &�-/.76 2 9 '

& is flooded
Illegal,since; +�, &�- ;�=7; +�, ( - ;�=?> .

Legal. Returns)�5 at @ ,
where+�, ( -/.76 8�9 .

Legal.

Returns)�: at @ .

all indicesin the destinationregion. The casewhere A is alsoa singletonis considered

a degeneratecase—thevalue is replicatedover that single index. When B is floodedor

B and A arebothnormalandequal,thereferenceis treatedasatraditionalarrayread.When

B is normalbut A is not, replicationis nonsensical,sothesecasesareillegal.

2.12.5 TheReduceOperator

Thereduceoperatoralsoutilizesasourceanddestinationregion. Onceagain,theargument

expressionand the sourceregion must match in rank, and it must be legal to readthe

argumentin thecontext of thesourceregion.

Table2.6summarizesthedifferentcasesfor reductionoperators.Thecasesareessen-

tially thedualof thefloodoperator, asonewouldexpect.For simplicity, thetabledescribes

asumreduction,thoughotheroperatorsmaybesubstitutedby replacingthesummationsin

thedefinitions.Theinterestingcasesreducea rangeof valuesto a singlevalue,andthese

occurwhen B is normaland A is eitherasingletonor flooddimension.Thedegeneratecase
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Table2.6: FormalDefinitionof the(plus)ReduceOperator

[ C ] D D D +<<[ E ] F*D D D
E is normal E is singleton E is flooded

C is normal

Legal if G�H E I = G�H C�I .
ReturnsF�J at K ,L K�M G�H C/I .

Illegal,since N G�H E I N O7P
and N G�H C/I NRQ?P .

Legal.

ReturnsF�S at K ,L K�M G�H C/I .

C is singleton

Legal. ReturnsT�U V W X E Y F U at K ,
whereG�H C/I/O7Z K [ .

Legal. ReturnsF U at K ,
whereG�H E I/O7Z \�[ and

G�H C�I/O7Z K [ .

Legal.

ReturnsF�S at K ,
whereG�H C/I/O7Z K [ .

C is flooded
Legal. ReturnsT U V W X E Y F U at ] .

Legal. ReturnsF U at ] ,
whereG�H E I/O7Z \�[ .

Legal.

ReturnsF�S at ] .

occurswhen ^ is a singleton,causingthereductionto betrivial. If ^ is floodedor ^ and _
arenormalandequal,thedimensionis treatedasatraditionalarrayread.Theonly casethat

is illegal is trying to reduceasinglevaluedown to a rangeof values,which is nonsensical.

Full reductionsarelesscomplicatedthanpartial reductions.Legality is determinedby

whetherthearraycanbelegally readwithin thecoveringregionof matchingrank. If it can,

all valuesdescribedby that region arecombinedby thegivenoperationandreturnedasa

scalar.

2.12.6 TheRemapOperator

The covering region for a remapexpressionis determinednot by the rank of the source

array, but by that of the maparraysbeingappliedto it (all of which musthave the same

rank). The numberof map arraysmust equalthe rank of the sourcearray, so that they

provide anindex for eachof its dimensions.In addition,it mustbelegal to readeachmap

arraywithin thecontext of thecoveringregion.
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Table2.7: FormalDefinitionof theRemapOperator

[ ` ] a a a b #[ c ] a a a (whereb is definedover d )
d is normalor singleton d is flooded

` is normalor

singleton

Legal if c*e/f g�h d�i , j�k	flg�h ` i .
Returnsb�m�n at k , j�k�f g�h ` i .

Legal.

Returnsb�o at k , j�k�f g�h ` i .
` is flooded

Legal if cpoqf g�h d�i .
Returnsb�m�r at s .

Legal.

Returnsb�o at s .

Thesingle-dimensionalcaseis definedby Table2.7. If neitherthecoveringregion, t ,
nor thesourcearray’s definingregion, u , areflooded,thereferenceis legal aslong asthe

arrayis declaredfor the indicesdescribedby themaparray. Thevaluescorrespondingto

themapindiceswill bereturnedby thereference.

If t is flooded,themaparraymustbefloodedaswell in orderto beread.Thereference

will thereforebelegal if thesourcearrayis definedfor theindex storedin themaparray’s

uniquelocation,andthevaluecorrespondingto thatindex will bereturned.If u is flooded,

thevalueof themaparrayis inconsequential.Regardlessof its value,thesingledefining

valueof thesourcearraywill bereturned.Thiscasecorrespondsto atraditionalarrayread.

Themultidimensionalcaseis handledusingtheobviousextension:thelegality of each

dimensionis testedindependently, andthe indicesfor eachdimensionaredeterminedby

readingeachmaparrayin turn. For eachindex in thecoveringregion, thesinglevaluein

thesourcearraydefinedby themaparrays’indicesis referenced.

2.13 Filesand Input/Output

Consoleandfile I/O havenotbeenaprimaryfocusof researchin ZPL,norwill they servea

largerole in this dissertation,but they deserve theverybriefestmention.ZPL supportsthe
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ability to openfiles for readingandwriting, andalsosupportsthestandardconsoleinput,

output,anderrorstreams(zin , zout , andzerr , respectively). ZPL supportsread () ,

write () , andwriteln () statementsthat canbe usedto reador write expressionsto

oneof thesestreamsor to a file. Expressionscanbe formattedusingcontrol stringslike

thoseacceptedby C’s printf () andscanf () routines.Binary I/O is supportedusing

the bread () andbwrite () statements.Array expressionsarereador written for all

indicesin the enclosingregion scopeof the samerank, in row-major order (with some

minimal formattingin thecaseof text output).

2.14 ZPL Summary

This chapter’s descriptionof ZPL concludeswith a brief recapof its contents.To summa-

rize, ZPL containstraditionalscalarlanguageconstructsusinga Modula-basedsyntax.In

addition,ZPL supportsconfigurationvariablesthatserve asruntimeconstantsandcanbe

seton theresultingexecutable’scommandline.

ZPL supportsarray-basedprogrammingusing the conceptof the region to represent

a regular, rectilinearset of indices. Regions may be namedor specifiedin-line. A re-

gion’s dimensionscanrepresenta rangeof indices(potentiallystrided),a singleindex, or

a replicatedindex usinga flood dimension.Region operatorsmay alsobe usedto create

new regionsfrom existing ones.Regionsareusedto declareparallelarrays,which arethe

primary unit of computationin ZPL. The languagealsosuppliesbuilt-in Index i array

constantswhich evaluateto their own indicesin aparticulardimension.

Regionsarealsousedto defineregionscopes,whichpassivelyprovideindicesfor paral-

lel arrayreferencesandexpressionsof matchingrank.Array operatorsareusedto transform

aregion’s indicesasappliedto aparticulararrayexpression.Array operatorssupporttrans-

lation,replication,reduction,or generalremappingof anarray’s values.Regionscopesare

dynamicallyscopedandmayinherit from their enclosingscopesof matchingrank. Masks

canbeappliedto regionscopesto filter out asubsetof their indices.
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ZPL allows the promotionof scalaroperators,values,functions,andcontrol flow to

interactwith arraysin a naturalmanner. It alsocontainssupportfor binaryandtext I/O of

scalarandarrayexpressionsto filesor theconsole.

NaggingQuestions

At this point, it is likely that thereare several aspectsof ZPL which seemarbitrary or

strange.For example:Why doesZPL prevent interactionsbetweenregionsandarraysof

differentrankif they arethesameshape?Sincetheremapoperatorcanbeusedto express

translations,floods,andreductions,why doesZPL bothersupportingotherarrayoperators?

Why canZPL regionsonly beappliedto statementsandcertainarrayoperatorsratherthan

arbitraryexpressions?Why areflood dimensionsnon-conformablewith singletondimen-

sions,giventhatthey eachrepresentasinglesetof definingvalues?Why are@-references

notallowedto bepassedby referenceto parallelprocedures?

The answersto thesequestionsarebasedon the parallelinterpretationof regionsand

arrays,andthereforewill have to wait until thefollowing chapter. For now, let usturn our

attentionto somesampleapplicationswritten in ZPL.

2.15 SampleCodes

This sectioncontainsseveral sampleapplicationswritten in ZPL. The problemsconsid-

eredaretheJacobiiteration,matrix-vectormultiplication,matrix multiplication,andtridi-

agonalmatrix multiplication. Theseapplicationswere chosenbecausethey are simple,

well-known, and useful for demonstratingthe languagefeaturesdescribedin this chap-

ter. Most of the problemshave a few differentimplementationsto illustratedifferentap-

proachesin ZPL. For a larger variety of applicationdomainsin ZPL, pleaseconsultthe

literature[WGS00,DLMW95, RBS96, LLST95, Sny99].
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4

Figure2.11:TheJacobiIteration

2.15.1 JacobiIteration

The Jacobiiteration is a simple relaxationmethodfor solving Laplace’s equationon a

regular grid [BBC v 94]. Givenan initial approximatesolution,it refinesthe valuesusing

a five-pointstencil until the solution convergeswithin sometolerancew . The five-point

stencilsimply replaceseachvalueby theaverageof its neighborsin the four cardinaldi-

rections.SeeFigure2.11for anillustration.TheJacobiiterationcanbeused,for example,

to approximatetheelectricpotentialin a flat metalsheetwhoseedgeshavea fixedelectric

potential.

Listing 2.15shows animplementationof theJacobiiterationin ZPL. This codemakes

useof many of theconceptsthat this chapterintroduced:configurationvariables,regions,

directions,andparallelarrays;regioninheritanceusingblankdimensionsanddouble-quote

references;the@ operatorandfull reductions;promotionof scalars,operators,andproce-

dures;andI/O.

Thecodebeginswith theprogram statement,whichnamestheprogramandidentifies

thecode’sentryprocedure.Lines3–5declarethreeconfigurationvariables:n, whichserves

asthesizeof thegrid; epsilon whichspecifiestheterminationcondition;andverbose

which indicateswhetheror not to print verboseoutputduringtheprogram’s run.

Lines7–8declaretwo regionsfor theprogram.Thefirst,R, is theregionwhichspecifies

thesizeof theregulargrid. Thesecondregion,BigR , is usedto declarethemaindataarray,

which requiresanextra row andcolumnin eachdirectionto storeboundaryvalues.
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Listing 2.15:TheJacobiIteration
1 program jacobi ;
2

3 config var n: integer = 100; -- the problem size
4 epsilon : double = 0.00001; -- the convergence condition
5 verbose : boolean = false ; -- verbose output?
6

7 region R = [1.. n, 1..n]; -- the computation indices
8 BigR = [0.. n+1, 0..n+1 ]; -- the declaration indices
9

10 var A: [BigR ] double ; -- the main data values
11 New: [R] double ; -- the new iteration’s values
12 delta : double ; -- change between iterations
13

14 direction north = [-1, 0]; -- the four cardinal directions
15 south = [ 1, 0];
16 east = [ 0, 1];
17 west = [ 0,-1];
18

19 procedure init ( var X: [ , ] double ); -- array initialization routine
20 begin
21 X := 0;
22 [north of "] X := 0.0;
23 [south of "] X := 1.0;
24 [east of "] X := 0.0;
25 [west of "] X := 0.0;
26 end ;
27

28 procedure jacobi (); -- the main entry point
29 [ R] begin
30 init (A );
31

32 repeat
33 New := (A @north + A@south + -- five-point stencil on A
34 A@east + A@west)/4.0;
35

36 delta := max<< fabs( A - New); -- find maximum change
37

38 A := New; -- copy back
39 until (delta < epsilon ); -- continue while change is big
40

41 if (verbose ) then
42 writeln (" A:\n", A); -- write data if desired
43 end ;
44

45 writeln ("delta : %le": delta); -- always write delta
46 end ;
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Lines10–12declarethevariablesfor theproblem.Array A servesastheprimarydata

array, which is declaredover region BigR to storetheboundaryvalues.Array Newstores

the new valuescomputedduring eachiterationandrequiresno boundaryvalues,so it is

declaredusing region R. The variabledelta is a scalarvalue that is usedto storethe

maximumchangethatanarrayvalueundergoesin asingleiteration.

Lines14–17declarethefour cardinaldirections,usedto expressthefive-pointstencil.

Lines 19–26declarea procedureinit () that is usedto initialize the dataarray A.

Notethatthisprocedureis writtenin agenericmannerfor two-dimensionalarrays,takinga

2D arrayof any sizeasits input parameterandcontainingstatementsthatrely on dynamic

region inheritance. The procedurezeroesout the array for all indicesspecifiedby the

dynamicallyenclosingregion scope,aswell asits north,east,andwestboundaries.The

southernboundaryis initialized to 1.0.

The main procedurespanslines 28–46. It opensa region scopeusingR that supplies

indicesto all parallel expressionswithin the procedure. It also serves as the enclosing

region for thecall to init () on line 30.

The main computationtakesplacein lines 32–39. Lines 33-34computethe 5-point

stencilon A usingthe@ operatorandthe four cardinaldirections.Theresult is storedin

the arrayNew. Next, in line 36, the scalarfabs () routineis promotedacrossthe array

expressionA - New. Thefabs() routineis partof thestandardC libraryandis included

in ZPL’s standardcontext. This computesthe absolutevalueof the differencebetween

correspondingelementsof A andNew. The resultingarrayof valuesis thencollapsedto

a scalarusing the max reductionoperator, andassignedto delta . The new valuesare

assignedbackinto A in preparationfor thenext iterationin line 38. This loop is repeated

until delta falls below theconvergencevalue,epsilon .

Lines41–45outputthe results. If theverbose flag is true, line 42 prints thevalues

of A describedby R to theconsolein row-majororder. Thefinal valueof delta is printed

usingexponentialnotationin line 45 andtheprogramexits.
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2.15.2 Matrix-VectorMultiplication

Matrix-vectormultiplication is a fundamentaloperationthat is usedin a wide variety of

numericalcomputations.This sectionconsiderstwo possibleimplementationsusing2D

and1D vectorrepresentations.

2D VectorImplementation

Listing 2.16 shows an implementationof matrix-vectormultiplication in ZPL. Thougha

fairly simpleprogram,it demonstratestheuseof flood dimensions,file I/O, partial reduc-

tions,andtheremapoperator.

Typically, matricesarethoughtof asbeing2-dimensionalwhile vectorsareconsidered

1-dimensional.However, sinceZPL makesinteractionsbetween1D and2D arraysnon-

trivial, this programrepresentsall vectorsusing2D arrayswith eithera flood or singleton

dimension.In particular, it usesa floodedrow arrayto storethevectorargumentsothatits

valueswill conformto all rowsof thematrix.

Lines 3–5 declarethe configurationvariables.The valuesmandn areusedto repre-

sentthenumberof rows andcolumnsof thematrix, respectively. The third configuration

variableis of thestring typeandstoresthefilenamefor readingthematrixandvector.

Lines 7–10declarethe regions for this program. Region R is the baseregion which

describesthematrix indices.Lines8–9declaretwo row regions:TopRow, asingletonrow,

andRowVect , afloodedrow. Line 10declaresasingletoncolumnregion,ColVect , that

describestheresultof themultiplication.Arraysaredeclaredfor eachregionin lines12–15.

Thematvectmult () procedureitself spanslines17–34.Lines20–23openthefile

specifiedby the filename configurationvariableandreadvaluesfor matrix Mandinput

vectorI from it. Line 25 usesthe flood operatorto assigna replicatedcopy of the input

vectorto V, thefloodedvector. Notethatthesourceregionfor thefloodis adynamicregion

thatinheritsits seconddimensionfrom RowVect . Equivalently, theregionTopRowcould

haveservedasthesourceregion. Thedynamicregion is usedherefor illustrativepurposes.
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Listing 2.16:Matrix-VectorMultiplication Using2D Vectors
1 program matvectmult ;
2

3 config var m: integer = 100; -- number of matrix rows
4 n: integer = 100; -- number of matrix columns
5 filename : string = "MV. dat"; -- input filename
6

7 region R = [1.. m, 1..n]; -- matrix index set
8 TopRow = [1, 1.. n]; -- top row of the matrix
9 RowVect = [*, 1.. n]; -- row vector index set

10 ColVect = [1.. m, n]; -- col vector index set
11

12 var M: [R] double ; -- the matrix
13 I: [TopRow ] double ; -- the input vector
14 V: [RowVect ] double ; -- the vector flooded
15 S: [ColVect ] double ; -- the solution vector
16

17 procedure matvectmult ();
18 var infile : file ;
19 begin
20 infile := open (filename , file_read ); -- open file
21 [R] read (infile , M); -- read matrix values
22 [TopRow ] read (infile , I); -- read vector values
23 close (infile ); -- close file
24

25 [RowVect ] V := >>[1, ] I; -- flood the input vector
26

27 [ColVect ] begin
28 S := +<<[ R] (M * V); -- matrix-vector mult.
29

30 writeln (S );
31 end ;
32

33 -- [RowVect] V := S#[Index2, n]; -- transpose solution?
34 end ;
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The actualmatrix-vectormultiplication takesplaceon line 28. SinceV is floodedin

its dimension,all of thevectorvaluesarealignedwith theappropriatematrix valuesin M.

Thus,they cansimplybemultipliedelementwiseusingscalarmultiplicationoverregionR.

Sincethe solutionvector is formedby summingthe productsin eachrow, a partial sum

reductionis usedto reducethedatafrom Rdown to thesingletoncolumn,ColVect . This

representsthesolution,which is written to theconsolein line 30.

In many matrix-vector multiplications, the matrix is square,and the solution vector

mustbe usedin subsequentmultiplications. With this in mind, line 33 indicateshow the

solutionvectorcouldbere-assignedto arow vectorusingtheremapoperator. In particular,

thecolumnindex (Index2 ) of therow is usedto accessthefirst dimensionof S while the

configurationvariablen is promotedto accesstheseconddimension.

It shouldbenotedthatregionRowVect andarrayV couldbecompletelyomittedfrom

this programby inlining the flood expressioninto the matrix-vectormultiplication state-

mentasfollows:

S := +<<[ R] ( M * ( >>[1, ] I));

For this discussion,this versionwasnot useddueto thefact that it is somewhatlessclear,

anddoesnotdemonstratetheuseof flood dimensions.

Alternatively, regionTopRowandarrayI couldberemovedfrom theprogramby read-

ing directly into arrayV. While this would make theprogramevenclearer, it wasnot used

for this discussionin orderto demonstratetheflood operator.

1D VectorImplementation

What if usersreally want to store their vectorsas 1-dimensionalarrays—isit possible

in ZPL? Certainly, althoughthe next chapterdemonstratesthat theremay be compelling

reasonsto avoid suchan implementation.This sectionillustratesmatrix-vectormultipli-

cationusinga 1D vectorrepresentation.For this programandall that follow, I/O will be

omittedfor brevity.
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Listing 2.17:Matrix-VectorMultiplication Using1D Vectors
1 program matvectmult ;
2

3 config var m: integer = 100; -- number of matrix rows
4 n: integer = 100; -- number of matrix columns
5

6 region R = [1.. m, 1..n]; -- matrix index set
7 InVect = [1.. n]; -- 1D input vector indices
8 OutVect = [1.. m]; -- 1D output vector indices
9

10 var M: [R] double ; -- the matrix
11 V: [InVect ] double ; -- the input vector
12 P: [R] double ; -- an array of products
13 S: [OutVect ] double ; -- the solution vector
14

15 procedure matvectmult ();
16 [R ] begin
17 P := M * V#[ Index2 ]; -- compute the mults
18 -- then sum the rows:
19 [OutVect ] [ , n] S := ( +<<[R] P) #[ Index1 , n];
20 end ;

Listing 2.17showsonewayof writing suchacode.To makearathercomplex operation

somewhatmorereadable,it hasbeenbrokeninto two lines(17 and19). Line 17 computes

the xzy { products,storingthemin arrayP. Theseproductsarecomputedusingtheremap

operatorto readthe1D input vectorV asthoughit wasa 2D array. Recallthatthenumber

of maparraysin a remapmustmatchtherankof thesourcearray(1 in this case),andthat

therankof theresultis inferredby therankof themaparrays.ThisprogramusesIndex2

asits maparraywhich hasambiguousranksinceit is conformableto arraysof rank2 or

greater. However, in this caseit mustbe2D to allow theremapexpressionto conformto

themultiplicationwith 2D arrayM.

Line 19 addsup the rows of P, assigningthe result to S. This is doneusinga partial

reductionasin thepreviousversionusingsourceregionRanddestinationregion [ , n] ,

which inheritsrows 1.. mfrom R. Sincestoringthe result in a 2D columnvectorseems

contraryto thespirit of thisapproach,it is immediatelyremappedfor assignmentto S using

Index1 andn asits maparrays.As in thepreviousstatement,Index1 andthescalarn
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Listing 2.18:TheSUMMA Algorithm in ZPL
1 program summa;
2

3 config var m: integer = 100; -- first dimension
4 n: integer = 100; -- inner dimension
5 o: integer = 100; -- last dimension
6

7 region RA = [1..m , 1..n ]; -- indices for A
8 RB = [1..n , 1..o ]; -- indices for B
9 RC = [1..m , 1..o ]; -- indices for C

10

11 var A: [RA] double ; -- matrix A
12 B: [RB] double ; -- matrix B
13 C: [RC] double ; -- result matrix C
14

15 procedure summa();
16 var i: integer ;
17 [ RC] begin
18 C := 0; -- zero C
19

20 for i := 1 to n do -- loop over inner dim
21 C += ( >>[ , i] A) * ( >>[i , ] B); -- cross ith col of A
22 end ; -- ...with ith row of B
23 end ;

have ambiguousrank,but they canbe inferredto be1D by context dueto theassignment

to S. Theassignmentitself is controlledby theenclosing1D regionscopeOutVect .

Thatwasfairly painful. Thenext chapterwill show thatthis is notwithoutgoodreason.

2.15.3 Matrix Multiplication

Matrix multiplication is yet anotherfundamentaloperation,andonethatwasusedasmo-

tivationthroughoutChapter1. This sectionpresentsthreedifferentalgorithmsfor matrix

multiplication.

TheSUMMAAlgorithm

As describedin the introduction,theSUMMA algorithmfor matrix multiplication is con-

sideredoneof the mostscalableparallelapproaches[vdGW95]. It hasa fairly straight-
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forward implementationin ZPL dueto the supportfor replicationprovided by the flood

operator. SeeListing 2.18for animplementation.

Theprogramis fairly simple.Thesizeof thematricesis specifiedby threeconfiguration

variablesm, n, ando. A regionisdeclaredfor eachof thematrixsizes,andanarraydeclared

for eachmatrix. Theexecutionis controlledby region RC, sinceall computationsaredone

with respectto theresultmatrix,C. First C is zeroedout in line 18. Then,a loop is opened

which specifiesthe | iterationsof thealgorithm. On iteration } , column } of A androw }
of B arefloodedacrossRCandmultipliedelementwise,accumulatinginto C. At theendof

theloop,Choldstheresult.

Cannon’sAlgorithm

Cannon’s algorithmtakesa systolicapproachto matrix multiplication, illustratedin Fig-

ure 2.12. The algorithm begins by skewing the rows of ~ and the columnsof � . In

particular, eachrow } of A is cyclically shifted }���� columnsto theleft. Similarly, column }
of B is shifted }/��� rows upward.This hastheeffect of shifting A’s maindiagonalinto its

first columnandB’s maindiagonalinto its first row. Matrix C is initialized to containall

zeroes.

Themainalgorithmconsistsof | iterations.Oneachiteration,theinitial ����� elements

of eachmatrix aremultiplied elementwiseandaccumulatedinto C. The A matrix is then

cyclically shiftedonerow to theleft andB is cyclically shiftedonecolumnupward.When

all | iterationshavecompleted,Ccontainstheresultingmatrix.

Listing 2.19showsanimplementationof Cannon’salgorithmwritten in ZPL. Thedec-

larationsareidenticalto thoseof theSUMMA algorithm,exceptthatadditionalcopiesof

A andB aredeclaredto hold theskewedversionsof thearrays.This wasdonein orderto

leave theoriginal arraysunperturbed.Notethatthesecopiescouldbeeliminatedby skew-

ing theoriginal matricesandthenun-skewing themat theendof thecomputation.Here,

theextra copiesareusedfor simplicity. In additionto theextra arrays,two directionsare

declaredfor usein theshifting.
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Figure2.12:Cannon’sAlgorithm For Matrix Multiplication
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Listing 2.19:Cannon’sAlgorithm in ZPL
1 program cannon ;
2

3 config var m: integer = 100; -- first dimension
4 n: integer = 100; -- inner dimension
5 o: integer = 100; -- last dimension
6

7 region RA = [1.. m, 1..n ]; -- indices for A
8 RB = [1.. n, 1..o ]; -- indices for B
9 RC = [1.. m, 1..o ]; -- indices for C

10

11 var A: [RA] double ; -- matrix A
12 ASkew: [RA] double ; -- skewed matrix A
13 B: [RB] double ; -- matrix B
14 BSkew: [RB] double ; -- skewed matrix B
15 C: [RC] double ; -- result matrix C
16

17 direction nextcol = [0, 1]; -- directions for shifting
18 nextrow = [1, 0];
19

20 procedure cannon ();
21 var i: integer ;
22 [RC] begin
23 /* Skew A’s rows and B’s columns */
24 [ RA] ASkew := A#[ Index1 , (( Index2 + Index1 - 2)%n) + 1];
25 [ RB] BSkew := B#[(( Index1 + Index2 - 2)%n) + 1, Index2 ];
26

27 C := 0; -- zero C
28

29 for i := 1 to n do
30 C += ASkew * BSkew; -- accumulate into C
31

32 [RA] ASkew := ASkew@ n̂extcol ; -- shift ASkew
33 [RB] BSkew := BSkew@ n̂extrow ; -- shift BSkew
34 end ;
35 end ;
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Figure2.13:ThePSPAlgorithm For Matrix Multiplication

Theinitial skewingof thearraysis implementedin lines24–25usingtheremapoperator

andmap expressionsinvolving the Index1 and Index2 constantarrays. Matrix C is

zeroedout in preparationfor themaincomputation.

Within the main loop, line 30 performsa single elementwisemultiplication of the

skewed matrices,accumulatingthe productsinto C. Lines 32–33usethe wrap-@oper-

ator to shift ASkew andBSkew for the next iteration. At theendof the program,C will

containtheresultmatrixasexpected.

PSPAlgorithm

A third algorithmto consideris an instanceof problemspacepromotion(PSP)[CLS99].

Problemspacepromotionis theideaof turninginstancesof iterationsin analgorithminto

explicit datadimensions.In particular, the PSPmatrix multiplication algorithmconverts

the loop from 1 to � in theSUMMA andCannonalgorithmsinto a third datadimension.

By doingso, the �����p��� multiplicationsrequiredfor thematrix productarerepresented

by a 3D index space(Figure2.13a). Conceptually, matrix � representsone faceof the

box while matrix � representsa secondperpendicularface. The algorithmproceedsby
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Listing 2.20:PSPMatrix Multiplication in ZPL
1 program matmultpsp ;
2

3 config var m: integer = 100; -- first dimension
4 n: integer = 100; -- inner dimension
5 o: integer = 100; -- last dimension
6

7 region RA = [1.. m, 1..n ]; -- 2D indices for A
8 RB = [1.. n, 1..o ]; -- 2D indices for B
9 RC = [1.. m, 1..o ]; -- 2D indices for C

10 R3D = [1.. m, 1.. n, 1.. o]; -- 3D index space
11 RA3D = [1.. m, 1.. n, * ]; -- 3D indices for A
12 RB3D = [ * , 1.. n, 1.. o]; -- 3D indices for B
13 RC3D = [1.. m, 1 , 1.. o]; -- 3D indices for C
14

15 var A: [RA] double ; -- matrix A
16 B: [RB] double ; -- matrix B
17 C: [RC] double ; -- result matrix C
18 A3D: [RA3D] double ; -- matrix A in 3D
19 B3D: [RB3D] double ; -- matrix B in 3D
20 C3D: [RC3D] double ; -- matrix C in 3D
21

22 procedure matmultpsp ();
23 begin
24 [RA3D] A3D := A#[ Index1 , Index2 ]; -- promote A to 3D
25 [RB3D] B3D := B#[ Index2 , Index3 ]; -- promote B to 3D
26

27 [RC3D] C3D := +<<[R3D] (A3D * B3D); -- compute C in 3D
28

29 [RC] C := C3D#[ Index1 , 1, Index2 ]; -- demote C to 2D
30 end ;

replicatingthesefacesthroughoutthebox,computingtheirelementwiseproducts,andthen

summingalongthethird dimensionto form � . This ideais illustratedin Figure2.13.

In ZPL, the ���R�*��� elementwiseproductsneednot berepresentedexplicitly, but can

beexpressedusingflooddimensionsandapartialreduction.SeeListing 2.20for animple-

mentation.Thecodedeclaresthesame2D configurationvariables,regions,andarraysas

in thepreviouscodes.However, it alsodeclaresa3D region to representthe3-dimensional

computationspaceandthreefaceswithin thatspace—two flood regionsfor theargument

arraysanda third singletonregion for theresult.
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The algorithmbegins by using the remapoperatorto align the 2-dimensionalA and

B matricesin the 3D space(lines 24–25). Thecomputationitself is expressedin line 27,

which multipliesvaluesof A andB within R3Dandthenreducestheproductsto thethird

planeof thespace.Finally in line 29, theresultarrayis mappedfrom 3D backto 2D.

2.15.4 TridiagonalMatrix Multiplication

As afinal applicationarea,considerthemultiplicationof two tridiagonalmatrices.Though

any of thealgorithmsfrom theprevioussectioncanbeusedfor this problem,thepresence

of somany zeroesallows morespecializedtechniquesto beused.In particular, theresult-

ing productwill bea pentadiagonalmatrix whosevaluesareformedfrom theproductsof

neighboringvaluesin thetridiagonalargumentmatrices.SeeFigure2.14for anillustration.

Sincethiscodeonly needsto referencenearbyneighbors,our implementationswill usethe

@ operatorratherthanthefloodsandreductionsof thepreviousmatrix multiplicational-

gorithms.

Mask-basedSolution

Oneapproachfor implementingtridiagonalmatrix multiplication in ZPL is to usea mask

to restrictcomputationto oneof thefive resultingdiagonalsat a time. An implementation

of thisapproachis givenin Listing 2.21.

The implementationbegins by declaringthe problemsize in line 3 and a region to

describethe matrix indicesin line 5. A larger region, BigR is alsodeclaredto storethe

argumentmatricessuchthat@-referencescanspill outsideof themainproblemarea.The

mask,arrays,anddirectionsaredeclaredin lines8–16.

Theimplementationbeginsby zeroingoutCsothatall valuesnot lying on thepentadi-

agonalwill becorrect.Thiscouldbedoneusingamaskoverall non-pentadiagonalindices,

but theapproachshown is asymptoticallyequivalentandusedfor simplicity. Next, eachdi-

agonalis computedoneata timeby settingthemaskusinganexpressionthatcomparesthe
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Figure2.14:TridiagonalMatrix Multiplication
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Listing 2.21:TridiagonalMatrix Multiplication in ZPL UsingMasks
1 program trimask ;
2

3 config var n: integer = 100; -- assume n x n arguments
4

5 region R = [1.. n, 1..n]; -- the base matrix size
6 BigR = [0.. n+1, 0..n+1 ]; -- matrix with boundaries
7

8 var A: [BigR ] double ; -- matrix A
9 B: [BigR ] double ; -- matrix B

10 C: [R] double ; -- the product matrix, C
11 Mask: [R ] boolean ; -- mask for selecting diagonals
12

13 direction north = [-1, 0]; -- the four cardinal directions
14 south = [ 1, 0];
15 east = [ 0, 1];
16 west = [ 0,-1];
17

18 procedure trimask ();
19 [ R] begin
20 /* Assume we’ve zeroed A and B’s boundaries */
21

22 C := 0; -- zero out C
23

24 /* Mask lowest diagonal (-2) and compute */
25 Mask := ( Index1 = Index2 + 2);
26 [" with Mask] C := A@east * B@north ;
27

28 /* compute diagonal -1 */
29 Mask := ( Index1 = Index2 + 1);
30 [" with Mask] C := (A * B@north ) + (A @east * B);
31

32 /* compute main diagonal */
33 Mask := ( Index1 = Index2 );
34 [" with Mask] C := (A @west * B@north ) + (A * B) +
35 (A @east * B@south );
36

37 /* compute diagonal 1 */
38 Mask := ( Index1 = Index2 - 1);
39 [" with Mask] C := (A @west * B) + (A * B@south );
40

41 /* compute diagonal 2 */
42 Mask := ( Index1 = Index2 - 2);
43 [" with Mask] C := A@west * B@south ;
44 end ;
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Index1 andIndex2 arrays.Thecomputationof eachdiagonal’s valuesis expressedin

astraightforwardmanner, usingthemaskto restrictit to theappropriatevalues.At theend

of theprogram,Ccontainsthematrixproduct.

ShatteredControl Flow Solution

A secondimplementationis very similar to thefirst, but usesshatteredcontrolflow rather

thana mask.Theobviousadvantageis thatno time or spacearerequiredto computeand

storethemask.

Thedeclarationsareidenticalto themask-basedversion. Themaincomputationcon-

sistsof a shatteredconditionalthatbranchesbasedon the relative valuesof Index1 and

Index2 . Sincethecomparisonof thesearraysimpliesthatthey canbeof any rankgreater

than1, the body of the conditionalis examinedto determinethat this is a 2-dimensional

conditional,dueto its referencesto A, B, andC. Eachbranchof the conditionalsimply

assignsC using that diagonal’s definition. The else clauseat the end causesall non-

pentadiagonalvaluesto bezeroedout.

CompactSolution

Thefinal implementationusesa morecompactrepresentationfor thebandedmatrices.In

particular, it usesan LNMPO region,Tri , to representthetridiagonalmatricesandan LNMNQ re-

gion,Pent , to representtheresultingpentadiagonal.Theregions’seconddimensionsrefer

to thediagonalnumbersratherthanmatrix columns,andarethereforenumberedbetween

RNSUT T T S , asappropriate.Note that directionsnorth andsouth have beentransformed

to ne andsw to reflectthis index spacetransformation.Thetridiagonalregion is alsoex-

tendedby anadditionalrow in eachdirectionto handle@-referencesthatspill outsideof

thearray’s bounds.

Thecomputationproceedsby openinga singledynamicregion perdiagonalwhich in-

heritsits row dimensionfrom theenclosingregion,Pent . Theexpressionto computeeach
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Listing 2.22:TridiagonalMatrix Multiplication in ZPL UsingShatteredControlFlow
1 program trishard ;
2

3 config var n: integer = 100; -- assume n x n arguments
4

5 region R = [1.. n, 1..n]; -- the base matrix size
6 BigR = [0.. n+1, 0..n+1 ]; -- matrix with boundaries
7

8 var A: [BigR ] double ; -- matrix A
9 B: [BigR ] double ; -- matrix B

10 C: [R] double ; -- the product matrix, C
11

12 direction north = [-1, 0]; -- the four cardinal directions
13 south = [ 1, 0];
14 east = [ 0, 1];
15 west = [ 0,-1];
16

17 procedure trishard ();
18 [ R] begin
19 /* Assume A and B’s boundaries are zeroed out */
20

21 /* shatter control flow based on the row and column indices */
22 if ( Index1 = Index2 + 2) then -- compute diagonal -2
23 C := A@east * B@north ;
24 elsif ( Index1 = Index2 + 1) then -- compute diagonal -1
25 C := (A * B@north ) + (A @east * B);
26 elsif ( Index1 = Index2 ) then -- compute main diagonal
27 C := (A @west * B@north ) + (A * B) + (A @east * B@south );
28 elsif ( Index1 = Index2 - 1) then -- compute diagonal 1
29 C := (A @west * B) + (A * B@south );
30 elsif ( Index1 = Index2 - 2) then -- compute diagonal 2
31 C := A@west * B@south ;
32 else -- zero all other indices
33 C := 0;
34 end ;
35 end ;
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Listing 2.23:TridiagonalMatrix Multiplication in ZPL UsingCompactArrays
1 program tridense ;
2

3 config var n: integer = 100; -- assume n x n arguments
4

5 region Tri = [0.. n+1, -1..1]; -- dense tridiagonal storage
6 Pent = [1.. n, -2..2]; -- dense pentadiagonal storage
7

8 var A: [Tri] double ; -- matrix A
9 B: [Tri] double ; -- matrix B

10 C: [Pent] double ; -- the product matrix, C
11

12 direction ne = [-1, 1]; -- northeast (acts as north)
13 sw = [ 1,-1]; -- southwest (acts as south)
14 east = [ 0, 1]; -- east
15 west = [ 0,-1]; -- west
16

17 procedure tridense ();
18 [Pent ] begin
19 /* Assume A and B’s boundaries are zeroed out */
20

21 /* one statement per diagonal in the product */
22 [ ,-2] C := A@east * B@ne;
23 [ ,-1] C := (A * B@ne) + (A @east * B);
24 [ , 0] C := (A @west * B@ne) + ( A * B) + ( A@east * B@sw);
25 [ , 1] C := (A @west * B) + (A * B@sw);
26 [ , 2] C := A@west * B@sw;
27 end ;

diagonalis the sameasin the previous codes,but substitutesne for north andsw for

south .

This implementationis attractivebecauseit usesanamountof memoryproportionalto

thenumberof interestingvaluesin theproblem,ratherthantheconceptualproblemspace.

However, this hasthe disadvantageof makingit moreawkward to operateon tridiagonal

matricesin conjunctionwith traditional VXWXV matrices.For example,addinga traditional

matrix to a tridiagonalmatrix in this formatwould requiretheremapoperatorto transform

oneindex spaceto theother.

The next chapterwill re-examineall of the samplecodesin this sectionand further

evaluatetheir strengthsandweaknessesin thecontext of aparallelimplementation.
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2.16 RelatedWork

This sectiondescribesalternativesto region-basedprogrammingthat areusedto express

arraycomputationsin otherlanguages.Its focusis restrictedto the indexing mechanisms

of sequentiallanguages.Parallel languageswill becoveredin therelatedwork sectionof

thefollowing chapter.

2.16.1 ScalarIndexing

The oldestand most prevalent form of expressingarray computationis scalar indexing

or array subscripting, as found in languagessuchasFORTRAN, its later incarnationas

FORTRAN 77(F77)andmorerecentlanguagessuchasC [Mac87,Bac98, Sec78,KR88].

In eachof theselanguages,basicoperationssuchasassignmentandadditionaredefined

only for scalarvalues,andpromotionis not supported.As a result,operationson arrays

mustbewritten to explicitly loopover theindex spaceandreferencethearray’s valuesone

at a time. Scalarindexing allows theprogrammerto specifya singlevalueperdimension

in orderto specifya singlearrayvalue. For example,addingtwo arraysmight appearas

follows in F77:

do j = 1, n
do i = 1, m

C(i , j) = A(i, j ) + B( i, j)
enddo

enddo

Theprimarydisadvantageof scalarindexing is thatit burdenstheprogrammerwith the

taskof performingtheexplicit loopingandsubscriptingrequiredto expressarraycompu-

tations.This canquickly becomea tedioustaskthatrequiresmorekeystrokesthanit does

intelligence.Moreover, the loopsrequiredby scalarindexing describea sequentialorder-

ing on theoperationsthatrunscounterto parallelism.This is notaproblemin asequential

context, but cancomplicatethe parallelizationof languagesusingscalarindexing in the

paralleldomain.
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Scalarindexing doeshavetheadvantageof beingaverysimpleandgeneralmechanism

for expressingarraycomputations.For instance,thereis noneedfor ZPL’sarrayoperators,

nor its restrictionsgoverningwhattypesof expressionscanandcannotinteract.Moreover,

conformabilityrulesin sucha languagearesimple:sinceall argumentsto anoperatormust

bescalars,theonly checkrequiredis thatall arraydimensionsarebeingindexed.

2.16.2 VectorIndexing

In the late 1950’s KennethIversondevelopeda mathematicalnotationthat wasdesigned

to clarify someof the ambiguitiesthat he felt standardmathematicalnotationcontained.

Shortly thereafter, this notationevolvedinto APL (A ProgrammingLanguage), oneof the

earliesthigher-level programminglanguages[Ive62, Mac87].APL wasthefirst purearray-

basedprogramminglanguage,sinceall dataitemsin the languagearearrays(scalarsare

simply arraysof rank0). APL’s arrayssupportvectorindexing in which theprogrammer

suppliesavectorof indicesperdimension.Theouterproductof thesevectorsspecifiesthe

indicesof the array. In this way, arrayreferencesno longerrefer to a singlevalueof the

array, but a subarrayof values,or possiblytheentirearray. For example,matrix addition

wouldappearasfollows in APL:

YNZ []\_^ `ba []\X^ cedgfihPZ []\X^ `ba []\_^ cjdk\mleZ []\X^ `ba []\_^ cjd

In this notation, n o representsa o -elementvectorcontainingvaluesfrom 0 to oepbq (sim-

ilar to ZPL’s Index i arrays). Eachelementis incrementedto use1-basedindexing to

be consistentwith the Fortran implementation.Thus, the outerproductof thesevectors

causeseacharray referenceto refer to elementsrts qvu qvw u x x x u s ymu z{w | . Addition ( } ) and

assignment( ~ ) arepromotedacrosstheelementsasin ZPL, andthesumis computed.

AlthoughAPL containedmany elegantandrevolutionaryideas,it hasnot remainedin

widespreaduseover the years.Detractorsfind it too terseandunreadable,dueprimarily

to its largesetof uniqueoperators,mostof which requirenon-standardcharacters(like the

“ ~ ” usedfor assignmentabove). Thoughenthusiastsarequick to rushto its defense,it
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remainslargely unusedandunknown today. Even so, its useof arraysasoperatorsand

vectorsubscriptinghavehadaninfluenceon moremodernlanguagesincludingZPL.

2.16.3 ArraySlicing

Modernarray-basedlanguageshaveadoptedsyntaxto supportAPL’sarrayoperandswith-

out so much generalityandbuilt-in supportfor mathematicaloperators.Many of these

languageshave provided a syntaxfor accessinga regularly stridedsetof indiceswithin

an array. This is known asarray slicing or array sectioning, andrepresentsan excellent

exampleof optimizingfor thecommoncase.Consider, for example,how few of theZPL

programsfrom theprevioussectionwould requireanAPL-style index vectorthatwasnot

asimple � -expression.

Onelanguagewith supportfor arrayslicingis Fortran90(F90)[ABM � 92], asuccessor

to F77. F90allows theuserto specifyindicesusinga 3-tupleperdimension:[l :h:s] .

Thesevaluesareidenticalto thelow, high,andstridevaluesin ZPL’ssequencedescriptors,

andthey canbeusedto expressa wide varietyof simpleAPL-style � -expressions.In F90,
�
servesasthealignmentvalue,which wasthefourthvaluein ZPL’ssequencedescriptors.

Anotherlanguagethatsupportsslicing is Matlab,aninteractive,interpretedmatrixma-

nipulationlanguage[Mat93]. Matlabsupportsaslicenotationsimilar to F90’s,but without

thestridevalue.In bothlanguages,thelow andhigh boundsmaybeomitted,which cause

thearray’s declaredboundsto beused.Omitting thestridein F90resultsin a strideof 1.

Omitting theslicenotationaltogethercausestheentirearrayto bereferenced.Matrix addi-

tion wouldappearasfollows in F90andMatlab:

C(1: n, 1: n) = A(1: n, 1: n) + B(1: n, 1: n)

As in APL, bothF90andMatlaballow theprogrammerto usevectorindexing, though

in practicethis rarelyseemsto beused.For example,a five-elementvectorcouldbeper-

mutedin F90usingthefollowing assignment:

X(1:5) = Y(/ 2,5,1,4,3 /)



92

Naturally, traditionalscalarindexing maybeusedaswell, shouldslicingor vectorindexing

fail to expressadesiredarrayreference.

The primary advantageof array slicing over traditional indexing is that it is a more

concisemeansof specifyingoperationsover arraysor subarrays,eliminatingtheneedfor

explicit loopsfor many arrayoperations.Likescalarindexing,slicesallow for moregeneral

arrayinteractionsthanZPL’sregions,yetuseanotationthatis moreconciseandoptimized

for thecommoncasethanthatof APL’s vectorindexing.

Thechiefdisadvantageof arrayslicing is thesyntacticoverheadof specifyingaregion-

like setof indicesfor eacharrayreference.Thoughsmall exampleslike matrix addition

are not so bad, slice notationcan becomerathercumbersomeand error-pronein larger

arraycodes.In particular, theconformabilityrequirementsof arrayslicesrequirethesize

andshapeof eacharrayoperandto match,causingredundantinformationto be supplied

with eacharray reference. Moreover, theseconformability rules requiremore analysis

thanscalarindexing or region-basedindexing, both of which canbe satisfiedby simple

checksof thearguments(notethat the relatedproblemof boundscheckingis commonto

all approaches,andis not madesimplerby any scheme).

2.16.4 Forall loops

A final arrayaccessmechanismthat is oftensupportedby languagesto simplify scalarin-

dexing is the forall loop. This structureiteratesover a multidimensionalindex rangeor

an arbitraryindex set,typically in an unspecifiedorder. In this sense,forall loopsrepre-

sentuniversalquantificationmuchlike regions,in that they generatea setof indiceswith

which to operate.Unlike regions,forall loopstendto useiteratorvariableslike traditional

for loops.Theseiteratorsaretypically usedto accessanarray’s valuesusingscalarindex-

ing. Thus,forall loopscanbeconsidereda compactrepresentationof a nestedloop whose

iterationorderis unconstrained.

FIDIL (FIniteDIfferenceLanguage)[SH89,HC93] is anexampleof anarraylanguage

thatusesforall loops. FIDIL wasdesignedfor usein scientificcomputationandsupports
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generalindex setscalleddomains. Domainsneedneitherbe rectangularnor dense,and

FIDIL supportscomputationover themusingset-theoreticunion, intersection,anddiffer-

enceoperations.Domainsareusedboth to specifythe structureof arrays(maps), andto

provide index setsfor FIDIL’s forall loops.

Fortran95 [Geh96]alsosupportsa forall loop structurethat takesanarraysliceasits

boundsanditeratesovertheindicesthatit describes.In thiscontext, theforall loopis much

moreof a syntacticsugar, asthereis no language-level supportfor index setsasin FIDIL

andZPL.

2.17 Evaluation

To evaluatethe impactof region-basedprogrammingon a program’s clarity, the sample

codesof this chapterarecomparedto sequential, hand-writtenimplementationsin C. Ap-

pendixA containsthesourcecodefor theseC implementationsfor reference.

Eachline of codein the ZPL andC implementationsof the benchmarksis classified

asservingoneof threepurposes:(1) declaringa variable,procedure,or other identifier;

(2) computingthebenchmark’s result;or (3) performingothernon-essentialwork suchas

I/O, initialization, timing, etc. This studyonly considerslines in the first two categories.

Thegraphsin Figures2.15and2.16indicatethenumberof usefullinesandcharactersof

codeusedby eachimplementation.Characterswerecountedby removing all extraneous

spacesandwhitespacefrom the codes,otherthanthat which is requiredto representthe

algorithmsin asimple,readableform.

The generaltrendshown in thesegraphsis that ZPL codesexpresscomputationwith

a concisenesssimilar to C, bothin termsof line- andcharactercounts.Thesebenchmarks

also indicatethat the codingeffort in the ZPL versionsof thesebenchmarkstendsto be

weightedmoreheavily towardsdeclarationsthancomputation.This is aresultof ZPL’suse

of high-level namedconceptslike regionsanddirectionsto replacetraditional loopsand

indexing. Presumably, theoverheadof thesedeclarationswill belessenedin longercodes
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Figure2.15: Concisenessof SampleCodes. Thesegraphsdisplay the numberof useful
linesandcharactersrequiredfor thesampleJacobiandmatrix-vectormultiplicationcodes
in ZPL andC.
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Figure2.16: Concisenessof SampleCodes(continued). Thesegraphsdisplay the num-
ber of useful lines andcharactersrequiredfor the samplenormalandtridiagonalmatrix
multiplicationcodesin ZPL andC.
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wherethesamedeclarationscanbeusedagainandagain,amortizingthecostof declaring

themovera largercodebase.Theexperimentsin Chapters5 and6 supportthishypothesis.

Thefollowing paragraphsgivea few notesfor eachbenchmark.

TheJacobiIteration

The JacobiIterationbestdemonstratesthe benefitsof region-basedprogramming.While

mostof the otherbenchmarksconsistof a small numberof arraystatementssurrounded

by a singleregion, theJacobibenchmarkusesa numberof diverseregionsto establishits

boundaryconditions. In the C code,eachof theseregionsrequiresits own loop, demon-

stratingthe region’s concisesupportfor arraycomputation.Sincemostreal-world codes

will tendto requiremany regions/loopneststo expressacomputation,thisbenchmarkbest

demonstratestheconcisepower thata few appropriateZPL declarationscanhave.

Matrix-VectorMultiplication

C andZPL representmatrix-vectormultiplicationusingreasonablyequivalentcodesizes.

Onceagain,theZPL representationstendto beslightly moreconcisein termsof computa-

tion dueto theuseof regionsratherthanloops.

Matrix Multiplication

Matrix multiplicationrepresentsaworst-casefor ZPL,simplydueto thedifferencein com-

plexity betweensequentialandparallelmatrix multiplicationalgorithms.In particular, se-

quentialC algorithmscansimply iterateover thematricesandcomputeon themin-place.

In contrast,all of theparallelalgorithmsdescribedby this chapterrequiresomeamountof

datamovementandcopying.

TheSUMMA algorithmis ZPL’smostconciseimplementationandtheonly onethatis

morecompactthanC’s triply-nestedloop. Cannon’s algorithmrequiressignificantlymore

computationdueto its skewing operationandcyclic shifts. It alsorequiresadditionaldecla-
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rationsto createthedirectionsusedto implementtheshifting. ThePSPalgorithmrequires

thegreatestamountof declarationsdueto its useof 2D and3D regionsto describeits two

computationaldomains.ThePSPcomputationitself is fairly concisein termsof lines,but

theselines are long dueto the Index i expressionsusedto implementthe alignmentof

arraysfrom 2D to 3D.

TridiagonalMatrix Multiplication

Thehand-codedC implementationof tridiagonalmatrixmultiplicationusesacompactrep-

resentationof the matricessimilar to the third ZPL implementation. As a result, these

two codesarethemostcomparablein sizedueto their similar approach.ZPL’s mask-and

shard-basedapproachestendto requiremorecomputationdueto theoverheadof restricting

computationto thediagonalswithin the logical 2D index space.In contrast,thecompact

ZPL andC implementationscantrivially isolateasinglediagonal.

Summary

In summary, ZPL canrepresentthesesimplealgorithmsasconciselyasC. ZPL tendsto re-

quireslightly lesssyntaxto specifycomputationdueto its useof regionsto replacelooping

andindexing. Thiseffect is offsetsomewhatby ZPL’smoreverbosesyntax(e.g., Index i

constants,theuseof begin ... end ratherthancurly braces).For thebenchmarksstud-

ied here,ZPL tendsto requiremoredeclarationsthanC, thoughit is expectedthat these

declarationswill beamortizedin largerbenchmarksby thesavingsin computation.

It is crucial to keepin mind that the ZPL implementationsof this sectiondiffer from

the C codesin onecrucial way: they representfully-functional parallel implementations

of the benchmarks,whereasthe C codescanonly be run on a singleprocessor. For this

reason,regionsmustbeconsideredabenefitto clarity, sincethey supporttheexpressionof

a morecomplex programusingsyntaxthat tendsto beasconciseassequentialC. As the

next chapterwill show, this cannotbesaidfor mostparallellanguages.
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2.18 Discussion

2.18.1 Benefitsof Regions

ThoughSection2.16 arguedthat regions are somewhat lessflexible and adaptablethan

arrayindexing andslicing, they arenot without their benefits.This sectiondescribesthe

advantagesthatregionsgiveprogrammers,syntacticallyandsemantically.

CleanerElementwiseOperations

Performingstrict elementwiseoperationson arraysremainsan extremely commoncase

in array-basedprogramming.Thoughinterestingprogramswill requiremorecomplex in-

teractionsbetweentheir arrays,most large programswill still requiremany elementwise

operationsin additionto themorecomplex ones.In thesecases,regionsrepresenta posi-

tiveevolution in arrayreferencesyntax.Array slicescanbeseenasa factoringof F77loop

boundsinto the arrayreferencesin order to optimize the commoncaseof iteratingover

an arrayin a regular manner. In thesamespirit, regionscanbe thoughtof asfactoringa

setof indicesthatdescribethesizeandshapeof slice-basedarrayreferencesinto a single

prefixingslice—theregionscope.

Table2.8 shows a numberof simplearraystatementswritten in F77, F90, andZPL.

In thefirst row, a simplearrayadditionis demonstrated.TheF77versionrequiresexplicit

loops and repetitive array indexing. The F90 versioneliminatesthe loops, but requires

identicalslicesto beappliedto eachindividualarrayreference.TheZPLversionfactorsthis

commonsliceinto theregionscope,leaving thearrayreferencesunadornedandeliminating

a lot of redundanttyping. Sinceelementwiseoperationsconstitutea commoncase,the

resultis thatmany arrayreferenceswill beunadornedin ZPL.
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Clearer ArrayReferencePatterns

Whenarrayoperationsarenotstrictly elementwise,regionsstill serveapurposeby describ-

ing thesizeandshapeof thesubarrayaccesses.Array operatorsexpressany modifications

to thesebaseindicesfor a particulararrayexpression.This hastheeffect of syntactically

factoringtheredundantpartof eacharrayreferenceout of themaincomputation,leaving

only indicationsof how eachreferencediffers.

As an example,considerthe secondrow of Table2.8, in which shiftedreferencesto
�

and � are summed. In F77 and F90, the array indicesand slicesencoderedundant

information.In particular, F77specifiesthateachaccessis basedon index � � � �t� , while F90

specifiesthreeslices,eachof which are ����� in size. In ZPL, the commonaspectsof

thesearrayreferences—the���_� baseindices—arefactoredinto theregion, leaving only

thedifferencesin how thearraysareaccessed,usingthe@ operator. By removing muchof

theredundantclutter, themeaningof thestatementis clearer.

As further evidence,considereachcolumnof the tableoneat a time to seehow long

it takesyou to identify theoperationthat is beingperformedby eachstatement.Notethat

verydifferentarrayoperationsendup looking rathersimilar in F77andF90,whereasZPL

doesabetterjob of distinguishingthem.

FewerLoopsRequired

In F77, programmersexpectto useloopsandindices. In F90, many arrayoperationsno

longerrequireloopsdueto theavailability of arrayslicing andvectorindexing. However,

asthelasttwo entriesin Table2.8show, thesemechanismsarenotstrongenoughto express

floods,partial reductions,or remapoperationswithout usingloops.Thefloodsandpartial

reductionsfail dueto therequirementthatthetwo sidesof anoperationmusthavethesame

sizeandshape.This makesit illegal to addan arbitrarynumberof rows to a singlerow

without a loop. The remapoperatorcannotbe written succinctlydueto the fact thatF90

hasnomechanismfor takingthedotproductof vectorindicesratherthanthecrossproduct.



101

It shouldbe notedthat F90 supportsintrinsic functionssuchasSUM, RESHAPE, and

TRANSPOSEthat may be usedto write suchstatementsin a singleline. However, these

functionsshouldbeconsideredpartof astandardlibrary context ratherthanasyntax-based

meansfor expressingarraycomputation. Similarly, F95’s forall loopsallow suchstate-

mentsto be written on a singleline, but still rely on a loop-styleconcept(albeit onethat

syntacticallybeginsto resembletheregion).

NamingImprovesReadability

Thefact that regionscanbenamedgreatlyimprovesthereadabilityof ZPL code,sinceit

allows index setsto begivenidentifiersthataremeaningfulto theprogrammer. Column3

in Table2.8 shows eachZPL statementwritten both with andwithout identifiers. These

examplesdemonstratethatnamescanimprove theclarity of eachstatement.Notethatthe

ability to namearray slicesor index rangescould improve the readabilityof F90 codes

somewhat,but wouldnotproduceaZPL-equivalentsyntax.

RegionsPromoteCodeReuse

The fact that regionsaredynamicallyscopedallows proceduresto be written in a more

genericway. As a simple example,note that the ZPL implementationof the SUMMA

algorithm (Figure 1.2) could be moved into a procedurethat takes only the size of the

innerdimensionasanargumentandinheritsthematrix sizefrom thecallsite. In contrast,

a genericF90 implementationwould requiretheboundsfor eachdimensionto be passed

in asarguments.Furthermore,even whenan algorithmdoesrequiremore thana single

inheritedregion (asin theCannonandPSPalgorithms),regionsrepresentaconcisemeans

of bundlingindex informationfor passingto anotherprocedure.
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2.18.2 Region Deficiencies

Thoughregionshave many benefits,therearealsosomedeficienciesthat shouldbe ad-

dressedin future region-basedlanguagesincluding AdvancedZPL. This sectionbriefly

describessomeof them.

RegionsareRectangular

Oneobviouslimitation of regionsis their regularandrectilinearnature.Thoughmasksand

shatteredcontrolflow canbeusedto restrictaregionto anarbitrarysubsetof indices,these

conceptstendto requiretimeandspaceproportionalto theregion’ssizein orderto compute

theirregularity. For example,themask-andshatteredcontrolflow-basedimplementations

of tridiagonalmatrixmultiplicationrequire�e� ��� � timeandspaceratherthanthe �e� �{� time

andspacethatthecomputationrequires.

Onepartialsolutionwould beto expandtheregion specificationto allow Index i ex-

pressionsin aregion’s index ranges.For example,a lowertriangularmatrixcouldberepre-

sentedusingtheregion [1.. n, Index1 ..n] . Similarly, a tridiagonalmatrix couldbe

representedusing[1.. n, ( Index1 - 1)..( Index1 + 1)] . Themainchallenge

to suchanapproachis thefact thatsuchregionscannotbespecifiedusinga crossproduct

of sequencedescriptors.Therefore,they would requireadifferentformalspecificationand

implementation.Legality issueswouldalsobeaconcernin sucha scheme.

Chapter6 presentsadifferentsolutionto this problem,in theform of sparseregions.

Inability to CaptureDynamicRegions

As currentlydefined,ZPL allowsusersto opendynamicregionscopes,but not to “capture”

themin a way that allows themto be reusedagainlater. Rather, they mustbe explicitly

redefinedfor eachuse. As a motivating example, imaginethat a programdynamically

calculatesthreesubregionsof an arrayin which it wantsto performfurther computation.

It would be nice to have someway of snapshottingthesethreeindex setsusing named
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regionsso that they could be reusedlater, ratherthanexplicitly maintainingtheir bounds

usingscalarvariables.

This lack alsomakes it difficult to declarepersistentarraysusinga dynamicregion.

Arraysthatarelocal to aproceduremaybedeclaredusingthedynamicallycoveringregion

or anexplicit dynamicregion, but sucharrayswill not persistoncetheprocedurereturns.

This restrictstheuser’sability to declareanarrayover thethreesubregionsof theprevious

paragraph,for example,suchthatthey couldbeusedthroughouttheprogramnaturally.

Inability to RedefineRegions

A relatedproblemis thatnamedregionscannotberedefined.In asense,ZPL’s regionscan

beviewedasconstantsetsof indicesthatcannotbealteredduringtheprogram’sexecution.

For someapplicationsin which a problemsizecannotbe known at configurationtime, it

would be nice to incrementallygrow regions to meeta program’s specificrequirements

dynamically. For example,while a 1D region canbe usedto implementan array-based

list in ZPL, the list cannotbegrown usingstandardarrayresizingtechniquesbecausethe

boundsof its definingregioncannotbemodified.

Regionsare Inflexible

In ZPL, regionsaretechnicallyneithera type,nor a first-classobject.This limits their use

in anumberof ways:programmersmaynotdeclarecollectionsof regionsusingindexedar-

raysor records;they maynotassignregions;they maynotpassregionsto aprocedure;etc.

This designchoicewasmadein orderto provide the compilerwith asmuchinformation

abouttheregionsaspossible.Theideawasto startwith a restrictedregion definitionand

thenbroadenit asmuchasthecompilercould toleratewithout sacrificingperformanceor

the ability to effectively parallelizea ZPL program. During the pastdecade,virtually no

relaxationof theserestrictionshastakenplace,thoughit hasseemedincreasinglyfeasible

to do so.
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2.18.3 ProposedSupportfor RegionsasValues

Onesolutionto many of theprevioussection’s problemswould be to promotethe region

conceptto thatof a first-classvalue. In doingso,traditionalregion declarationswould be

interpretedasdeclarationsof constantor configurationregions.That is, thefollowing two

declarationswouldbeconsideredequivalentto oneanother:

region R = [1.. m, 1.. n];
config var R: region = [1.. m, 1.. n];

Any regionsfor which ZPL’s currentrulesareoverly strict couldbedeclaredasvariables

of type region, allowing themto be assigneddynamically, modified,or grown. Parallel

arraysdeclaredusingregion variableswould bereallocatedafter theregion wasassigned,

preservingany valuesin the intersectionof theold andnew index sets.Procedurescould

be written with formal parametersof type region. Moreover, typescould be createdthat

haveregioncomponents,suchasindexedarraysof regionsandrecordswith regionfields.

Theprimaryliability of this schemeis thatcurrentZPL optimizationsmaybecompro-

miseddueto an increasedamountof confusionover a region’s definition. For example,

in thepresenceof region assignmentsandaliasing,will thecompilerbeableto determine

whethera region’s dimensionis floodable,singleton,or normal? Whataboutits rank? It

seemsreasonableto beoptimisticabouttheseissuessincetheabsenceof pointersshould

makemostof aregion’ssalientfeaturesstaticallydetectableusinginterproceduralanalysis.

Even in the worst-case,suchan approachis worthy of morestudyin orderto attemptto

supportmoregeneralregion-basedprogramming.

2.18.4 ProposedSupportfor User-DefinedRegionOperators

One featurethat I believe is missingfrom the ZPL languageis the ability for usersto

definetheir own region operators.While the region operatorssupportedby ZPL form a

usefulbasisset, it is not difficult to conceive of otheroperatorsthat might alsobenefita

programmer. Ratherthanhopingto supplyall region operatorsthat a usercouldwant, it
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Listing 2.24:ProposedSyntaxfor User-DefinedRegionOperators

1 postfixregiono p grow ( delta : integer ; var l, h, s, a: integer );
2 begin
3 if (delta < 0) then
4 l += delta ;
5 else
6 h += delta ;
7 end ;
8 end ;
9

10 direction nw = [-1,-1];
11 se = [ 1, 1];
12

13 region R = [1.. m, 1.. n];
14 BigR = [R grow nw grow se ]

makesmoresenseto give theusertheability to definecustomoperatorsby describingthe

effectof a � valueona sequencedescriptor.

For example,I might definea grow region operatorthatpulls a region’s cornerin the

specifieddirectionwithout changingits strideor alignment.Listing 2.24shows proposed

syntaxfor suchan operator. Lines 1–8 definethe grow operatorby indicating the delta

value’s effect on the four-tuple sequencedescriptor(which could be expressedusing a

recordtype ratherthanfour scalarvariables).The region operatorcould thenbe usedto

defineBigR asshown in line 14, ratherthanby explicitly specifyingits bounds.

Suchsupportseemslike a usefulandsimpleextensionto ZPL asit currentlystands.

One importantside-effect that this might have is to requireparenthesizationto indicate

operatorprecedencein aregionexpression.ZPL’sbuilt-in regionoperatorsareassociative,

soparenthesizationis neitherrequirednorallowed.

2.18.5 Implicit StorageConsideredFrustrating

Onefeatureof ZPL that hasnot beendescribedin this chapteris its supportfor implicit

storage.The implicit storageconceptcausescertainspecificationsof anarray’s boundary
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conditionsto implicitly extendtheamountof memoryallocatedfor it. For example,in the

Jacobiiterationof Listing 2.15,variableA canbedeclaredoverregionR, andtheinitializa-

tion of its bordersusingof regionswould causeits storageto automaticallybeextended

by a row andcolumnin eachdirection.

This featurewasmotivatedby the observation that many ZPL programsusetwo re-

gionsfor eachproblemsize,onefor thecomputationspaceanda secondthatextendsthe

computationspaceby a few extra rows or columnsto describethearray’s dataspacewith

boundaries.For example,mostof thesampleprogramsof Section2.15exhibit thischarac-

teristic.Therefore,it wasbelievedthatimplicit storagewouldreducethenumberof regions

thatprogrammerswouldhave to declare,saving themsometrouble.

In thelong-run,it hasturnedout quitetheopposite.Implicit storageallocationcontin-

uesto bea confusingissueto mostprogrammersdueto the fact that (1) the rulesarenot

asclear to themasthey shouldbe, (2) the rulesarenot alwaysasgeneralor intuitive as

they oughtto be,and/or(3) thefact that implicit storageis invisible in theprogrammakes

it hardto debug or even feel reassuredthat the expectedbehavior is going to take place.

More questionsandbugshave probablybeenaddresseddueto misunderstandingsrelated

to implicit storagethanany otherconceptin ZPL. Most programmerseventuallygive up

on theideaandsimply explicitly declarethecompletememorythat their arraysrequireas

I havedonein this chapter’s samplecodes.

As a resultof theseexperiences,I believe that implicit storageallocationis a badidea.

Usersareaccustomedto explicitly declaringthetypeof their variables,which includesthe

sizesof their arrays.While giving themamechanismto handlethecommoncasewith one

lessidentifier is an admirableidea,it hascausedmoreconfusionthanit is worth. In this

sense,implicit storageseemsmuchlikeoptionalvariabledeclarations[Mac87]andshould

besimilarly avoided.
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2.18.6 ScalarIssues

For themostpart,ZPL’s scalarconceptsarenot particularlyinterestingor inventive. They

providebasicfunctionalitywithoutmany surprises.Thissectiontouchesonafew notewor-

thy characteristics.

ConfigurationVariables

Theconfigurationvariableis ZPL’smostinterestingscalarconcept.It hasprovenextremely

usefulasa meansof specifyingavaluethata programmerwill wantto changefrom run to

run,but which thecompilercanuseasa basisfor optimization.This makesprogrammers’

liveseasierby not requiringthemto createandmaintainaseparateexecutableperprogram

configuration. Yet, it providesmoresemanticflexibility than the const keyword in C,

which requiresits initializer to be staticallyspecifiable.Having worked with ZPL for a

numberof years,I oftenfind myselfwishing thatotherlanguageshada conceptthatwas

equivalentto theconfigurationvariable.

TheLack of Pointers

Up to thispoint,thelackof pointersin ZPL haskeptthelanguagecleanandeasyto analyze.

Furthermore,theZPL applicationsthathavebeenstudiedto thisdatehavenotsuffereddue

to the lack of pointers. As the languagestrives to supportmore irregular, graph-based

datastructures,somesort of pointermechanismwill be required. It will be an interest-

ing challengeto seewhethersucha mechanismcanbe supportedin a clean,high-level

way analogousto regions,or whethersuchdatastructuresnecessarilyrequirepointersand

the difficulties that they entail. An interestingstartingpoint for anyoneapproachingthis

problemwouldbeVassilyLitvinov’sexploratorywork in GraphZPL [Lit95].
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ParameterSpecifications

Onekey placewhereI find ZPL’s scalarsyntaxlacking is in its lack of richnessfor de-

scribinghow a procedure’s parameterwill be used. In particular, the by-referencevar

specificationmightmeanany of thefollowing: (1) I will besendingthisvalueinto thepro-

cedure,modifying it there,andwanttheresultingmodificationto bereflectedin theactual

parameter;(2) Thecurrentvalueof this parameteris unimportant,but I will beusingthis

parameterasameansof returninganew valuecalculatedwithin theprocedure;or (3) This

is a very largedatastructureandthecompilershouldnot make a copy of it whenpassing

it into theprocedure,thoughI will not bemodifying it. Therearemany instancesduring

ZPL compilationin which thecompilerwould like to differentiatebetweenthesemeanings

for optimizationpurposes.While many casescanbedifferentiatedby analyzingprocedure

definitions,aliasingcancomplicatemattersandfoil theanalysis.My senseis thatabetter-

designedsetof parametertags,perhapssimilar to thoseprovidedby Ada [TD97], would

not representa hardshipto theuserandwould supportbettercommunicationbetweenthe

programmerandcompiler.

2.19 Summary

This chapterhasdefinedtheconceptof the region andexplainedits usein definingZPL.

Regionsrepresentasuccinctmeansof describingasetof indicesfor usein declaringarrays

andexpressingarraycomputation.This chapterarguesthat regionshave many syntactic

benefits,including theeliminationof redundantindexing expressionsandanemphasison

differentarrayaccessstyles.However, themostimportantbenefitsof regionsarerelatedto

theirusein parallelcomputing.Thenext chapterdescribesthesebenefits.
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Chapter3

REGIONS AND PARALLELISM

As mentionedin the previous chapter, the most importantbenefitsof regionspertain

to their role in parallelcomputation.This chapteraddressesthe parallel interpretationof

regionsandtheir impacton parallelprogramming.In doingso, it justifiessomeof ZPL’s

rulesthatseemsomewhatarbitraryin thesequentialcontext.

This chapteris organizedas follows: Sections3.1–3.5interpretregions, arrays,and

scalarsin theparallelcontext. Section3.6explainshow thisimplementationformsthebasis

of ZPL’s syntax-basedperformancemodel.Thenaggingquestionsof thepreviouschapter

arere-examinedin light of this performancemodel in Section3.7. Sections3.8 and3.9

apply the performancemodelto Chapter2’s samplecodesandvalidateit experimentally.

Section3.10definesa new typeof region dimensionfor usein the parallelcontext. Sec-

tion 3.11 containsa survey of other parallel programminglanguagesand libraries, and

Section3.12discussesissuesrelatedto this chapter’s contributions. This chapterpresents

anexpandeddiscussionof work thatwaspublishedpreviously [CCL � 98,CLLS99].

3.1 RegionsImply Parallelism

Thekey to parallelismin ZPL is thateachregion’sindicesaredistributedamongtheproces-

sorsthatexecuteaZPL program.Thishastwo implicationsfor theparallelinterpretationof

ZPL programs.First, sincearraysaredeclaredusingregions,thedistribution of a region’s

indicesdeterminesthe distribution of arrayelementsbetweenprocessors(hencethe term

“parallelarray”). Second,sinceregionssupplyindicesfor arrayoperations,thedistribution

of their indicesdeterminesthedistributionof arraycomputationbetweenprocessors.
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Listing 3.1: Matrix Addition in ZPL

region R = [1.. m, 1.. n];

var A, B, C: [ R] integer ;

[ R] C := A + B;

As a simpleexample,reconsidermatrix additionin ZPL asshown in Listing 3.1. As-

sumethatthis codeis run on two processors.Globally, thereare ��� � indicesin region R.

Assumethat theseindicesaredistributedsuchthathalf of themresideon processor0 and

theotherhalf on processor1. SinceR is usedto declareA, B, andC, half of eacharray’s

elementswill be allocatedon eachprocessor. More importantly, any two elementswith

matchingindiceswill beallocatedon thesameprocessor. Therefore,theelementwisead-

dition andassignmentof elementsfrom A, B, andC will beexecutedperfectlyin parallel,

with eachprocessordoinghalf of thework.

Notethatunderstandinghowa region’s indicesaredistributedacrosstheprocessorset

is crucial to understandinghow a ZPL programis executed. For example,in the matrix

additioncode,if oneprocessorwasgiven �i�k�m��� of the indicesandtheotherreceived

theremainingindex, theexecutionof theprogramwouldnotbeloadbalanced.Or, if A, B,

andC wereeachdeclaredover differentregions,knowing thedistribution of thoseregions

would be crucial to understandingthe communicationrequiredto bring like-indexedele-

mentsinto oneprocessor’s local memory. Statementswith arrayoperatorsraiseadditional

questions,sincethey representmorecomplex arrayinteractions.

Fortunately, ZPL definesthedistributionof regionsin averyprecisemannerthatmakes

suchanalysisstraightforward.However, to understandZPL’s regiondistribution,onemust

first understandhow ZPL viewsamachine’sprocessors.
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Figure3.1: A �e�_ e�_¡ ProcessorGrid

3.2 The ProcessorGrid

This sectiondescribesZPL’s modelof the processorset. Oneoutcomeof usingtheCTA

machinemodel is that the physicaltopologyof a machine’s processorsis not as impor-

tant aswhetherdatais local to a processoror not. This matchesthe behavior of modern

parallelmachines,in which the latency for transferringdatabetweenprocessorstendsto

overshadow the latency differencein communicatingwith differentprocessors.This as-

sumptionis corroboratedby theevolutionin parallelalgorithmresearchovertheyearsfrom

“how to write algorithm ¢ on parallelarchitecture£ ” to simply “how to write algorithm ¢
in aportable,scalablemanner.”

ZPL takesadvantageof theCTA’s de-emphasisof network topologyby representinga

machine’sphysicalprocessorsusinglogicalprocessorgrids (or grids for short).A proces-

sorgrid is simply anarrangementof theprocessorsetin a rectilineargrid of arbitrarydi-

mension,¤ . For example,asetof ¥ processorscouldberepresentedusinga ¥g¦t�]¥g§¨�P© © © �U¥¨ª
grid, where¥ ¦]« ¥ §U« © © © « ¥ ª = ¥ . Thevalueof ¤ typically correspondsto therankof there-

gionsbeingusedwith theprocessorgrid. Programsthatutilize regionswith differentranks

or differentscalesmay usemultiple processorgrids to representa differentview of the

processorsetfor eachcomputationaldomain. SeeFigure3.1 for a sample3-dimensional

24-processorgrid.
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Usersspecifythenumberof processorsandthedimensionsof theprocessorgrid(s)on

thecommandline of theirZPL executables.NotethatsinceZPL is aglobal-view language,

processorgridsarenot apparentin thesourcecodeof a ZPL program.This hastheadvan-

tagethatacorrectZPL programcanbedevelopedanddebuggedon a singleprocessorand

thenrunonamachinewith multipleprocessorseffortlessly. Typically, theonly differences

betweensingle-processorandmultiple-processorrunsaredueto precisionissuesstemming

from thereorderingof arithmeticoperatorsin theparallelsetting.

Theability to specifyprocessorgridson thecommandline alsoallows programsto be

executedon multiple processorgrid configurationswithout recompilation.This providesa

degreeof convenienceto programmerswho have to shareprocessorswith otherusers,or

whowantto experimentwith differentconfigurations,sincethereis noneedfor recompila-

tion or themaintenanceof multiple executables.While it might beassumedthatcompile-

time knowledgeof the processorgrid would allow the ZPL compiler to generatemore

efficient code,the fact that region boundsare typically definedusingconfigurationvari-

ablestendsto thwart theseefforts. While specifyingbothof thesefactorsat compiletime

would openup optimizationopportunitiesfor ZPL, theseavenueshave not beenpursued,

primarily dueto thebelief that suchinflexibility is virtually intolerableto a sophisticated

programmer.

3.3 RegionDistrib ution

ZPL hastwo rulesabouthow regionsaredistributed.They are:

Distrib ution Rule 1: Regionsmustbedistributedin a grid-alignedmanner.

Distrib ution Rule 2: If two regionsinteract, they musthavethesamedistribution.

Thissectiondescribestheserulesin furtherdetail.
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Figure3.2: Grid-AlignedDistributionin 2D. For 2D regionsandprocessorgrids,onefunc-
tion ( ¬v ) is suppliedto maprow indicesto processorrows. A secondfunction ( ¬ ® ) maps
columnindicesto processorcolumns.

3.3.1 Grid-AlignedDistribution

To understandgrid-aligneddistribution,considertheproblemof distributing theindicesof

a ¯ -dimensionalregion ontoa ¯ -dimensionalprocessorgrid. Sucha distribution might be

definedusinga distribution function ¬X°g± ²´³¶µ thatmapseachindex ·U¸�¹ º  » º ® » ¼ ¼ ¼ » º ²
½

to a processor¾¨¿ÁÀ�Â ¼ ¼ ¼ ¾ . Sucha schemepermitstheexpressionof arbitrarydistributions

of indicesto processors.

Grid-aligneddistribution takesa more constrainedapproach. In particular, it usesa

vectorof distribution functions, ÃX¸Ä¬v » ¬ ® » ¼ ¼ ¼ » ¬ ² , ¬ ÅÆ°´±Ç³Èµ . In this representation,

function ¬ Å describesthemappingof the indicesin the º th dimensionof a region to the º th
dimensionof a processorgrid (Figure3.2). Thus, index · is mappedto the processorat

location ¹ ¬v ¹ º  ½ » ¬ ® ¹ º ® ½ » ¼ ¼ ¼ » ¬ ² ¹ º ²
½ ½

of theprocessorgrid. Intuitively, this meansthateach

row of aregionwill bemappedto asinglerow of theprocessorgrid,eachcolumnto asingle

columnof thegrid, etc. Notethatthemostcommonindex distributionschemes—blocked,

cyclic, andblock-cyclic distributions—areall grid-aligneddistributions.
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3.3.2 InteractingRegions

Interacting regionsarethosethat ZPL requiresto be conformable(have the samerank).

This includesthosethat are referencedby a statementexplicitly—the sourceregionsof

floodsandpartial reductions—aswell as thosethat arereferencedimplicitly—the state-

ment’scoveringregionsandtheregionsusedto definethearraysit references.

For example,referringto a2D arrayA within thecontext of a2D region R impliesthat

A’sdefiningregion interactswith R. Similarly, thesourceanddestinationregionsof aflood

areconsideredto beinteracting.Oneinterestingresultof thisruleis thatthedefiningregion

of a remapoperator’s sourcearraydoesnot necessarilyinteractwith any otherregionsin

a statement.Note,however, that themaparraysdo interactwith theexpression’s covering

region,sincethey arereadin its context.

To summarize,considerthe following ZPL statementwhich containsall of the array

operationsdescribedin Chapter2:

[RG] [R ] A := B + C@dir + D@ d̂ir2 + ( >>[ RF] E) +
( +<<[RR] F) + ( +<< G) + H#[I1 , I2 , É É É ];

Assumethat R and A are the samerank and that RGand G are the samerank. ZPL’s

conformability requirementsspecify that R, A, B, C, D, E, F, andthe I Ê arraysmustall

have thesamerank. Array Gmayhave a differentrank,sincethe full reductionevaluates

to a scalar. Similarly, H may have a differentrank, so long as it matchesthe numberof

maparraysin theremapoperator. Therefore,R, RF, RRandthedefiningregionsof arrays

A, B, C, D, E, F, and I Ê are consideredto be interacting. If G hasthe samerank asR,

then its definingregion also interactswith themsinceG is readwithin the context of R.

Otherwise,the definingregion of G interactswith RG. This statementdoesnot causeH’s

definingregion to interactwith anything.
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Figure3.3: Region InteractionConstraints.AssumingthatregionsRandBigR interact(as
they have in mostsamplecodesin this dissertation),they mustbedistributedto thesame
processorgrid usingthesamefunctions.Thatis, in thisdiagram,Ë R1 mustequal Ë BigR1 and
Ë R2 mustequal Ë BigR2.

Constraintson InteractingRegions

Rule 2 for region distributionsstatesthat any two regionswhich interactmustsharethe

samedistribution. As an example,considertwo regions R and S, distributed using Ì Í
and Ì Î , respectively. This rule implesthatif RandS interact,they mustview theprocessor

setusingthesameprocessorgrid. It alsomeansthat Ì Í mustequal Ì Î . SeeFigure3.3 for

anillustration.

Oneimplicationof this rule is thatany index which belongsto both R andS mustbe

distributedto thesameprocessorfor both regions. Thus,returningto thematrix addition

exampleof Listing 3.1, even if A, B, andC weredeclaredusingdifferentregions,corre-

spondingelementsof eacharraywouldstill resideonthesameprocessorsincetheaddition

of thearraysclassifiestheir regionsasinteracting.

3.3.3 RegionDistributionSummary

Theprimaryeffect of ZPL’s two region distribution rulesis that theparalleloverheadsof

any ZPL statementcanbereasonedaboutat thesourcelevel. This formsthebasisof ZPL’s
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performancemodelsinceit givesthe programmerthe ability to reasonaboutthe relative

performanceof differentalgorithmsduringa program’s implementation.Theperformance

model is describedin moredetail in Section3.6. First, however, the following sections

describetheparallelview of scalarsandflooddimensions.

3.4 The Parallel Implementation of Scalars

Scalarshave a simplerepresentationin ZPL. Eachscalarvariableis allocatedredundantly

on everyprocessor. Similarly, all scalarcomputationsareperformedredundantlyon every

processor. This reflectsthe fact that scalarsarenot a sourceof parallelismin ZPL, since

they arenot definedusingregions.

An alternative to performingthis redundantcomputationwould beto give oneproces-

sorthetaskof performingscalarcomputationandcommunicatingits resultsto theothersas

needed.ZPL doesnot take this approachin orderto avoid theoverheadof communication

thatwould be requiredto keeptheprocessors’scalarvaluescoherent.In addition,the re-

dundantcomputationservesto keeptheprocessorsmoretightly synchronized,eliminating

any needto wait for theprocessorperformingscalarcomputationsto catchup.

3.4.1 IndexedArraysandRecords

Like basicscalartypes,indexedarraysandrecordsareallocatedredundantlyon eachpro-

cessor. Thus, the declarationof a variableof type array [1..100] of integer

will resulton100integersbeingallocatedon eachprocessor.

Specialmentionshouldbemadeof theinterpretationof combiningparallelarrayswith

indexedarraysor records.For example,considerthefollowing two declarations:

var IofP : array [1..3] of [ R] integer ;
PofI : [ R] array [1..3] of integer ;

While bothvariableswill resultin thesamenumberof elementsbeingallocatedonagiven

processor, their interpretationsandimplementationsdiffer. Thefirst declarationresultsin
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(a) (b)

PofI[]

IofP[1]
IofP[2]

IofP[3]

Figure3.4: Combinationsof Parallel and Indexed Arrays (shown for a ÏmÐÑÏ processor
grid). (a) The3-elementindexedarrayof parallelarraysdeclaredin Section3.4.1.(b) The
parallelarrayof 3-elementindexedarrays.

threeparallelarraysbeingdeclared,eachof which storesinteger elements.The second

declarationresultsin asingleparallelarray, eachelementof which is a3-elementvectorof

indices.SeeFigure3.4 for an illustration. Arraysof recordsandrecordsof arrayshave a

similar interpretation.All of thesedatastructuresmaybemixedto any degreesolongasa

parallelarraynevercontainsanotherparallelarrayaspartof its elementtype.

3.5 The Parallel Implementation of Flood Dimensions

Flooddimensionsaredistributedmuchlike regularregiondimensionsin thatfloodedrows

correspondto processorgrid rows, floodedcolumnsto grid columns,etc. However, the

distribution of flood dimensionsdiffers dueto the fact that they representa singlesetof

valuesthatcanconformto arbitraryindices.

As a concreteexample,considerthe2D floodablerow [*, 1..n] . Columns1 to n

of this region aremappedto processorcolumnsin the traditionalmanner. However, the

factthattherow is conformableto anyrow index causestheregionto bestoredonall rows

of theprocessorgrid ratherthanmerelya singleone.Notethattheprocessorsdo not need
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(a) (b) (c)

Figure3.5: Parallel Implementationof Flood Dimensions. (a) A traditional region dis-
tributedon a ÒeÓXÒ processorgrid. (b) A floodableregion thatinteractswith thetraditional
region of parta. Note thatonly a singlecopy of thedefiningindicesareassignedto each
processor, eventhoughthey conformto all indices(asshown conceptuallyin partc).

to storea copy of the flood row’s valuesfor every row index that they areassigned.A

singlecopy of the floodablerow suffices,sinceits valuesareconstrainedto be the same

everywhere.

Figure3.5ashowsthedistributionof a traditionalregionR to a2D processorgrid. Note

thateachprocessorowns3 rows and3 columnsof R. Figure3.5bshows the distribution

of a floodablerow F that interactswith R andmust thereforebe distributedin the same

manner. SinceF’s row mustconformto all rows of R, both processorrows areusedto

storeF. However, sinceF representsasinglerow of values,eachprocessorstores1 row and

3 columnsfor it ratherthananexplicitly replicatedÔUÓPÔ blockasshown in Figure3.5c.The

sameholdstrue for arraysdeclaredover theseregions: in this example,anarraydeclared

usingRwould resultin 9 elementsbeingallocatedperprocessorwhereasaregiondeclared

overF wouldcauseeachprocessorto allocate3 elements.

Thisparallelrepresentationis thecausefor someof theflooddimensionrulesin Chap-

ter 2 which may have seemedstrangeat the time. In orderto fully understandthe justi-

fication,however, onemustfirst understandtheWYSIWYG natureof ZPL’s performance

model.
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3.6 ZPL’s PerformanceModel

ZPL’s performancemodelhasthreeaspects:communication,concurrency, andscalarper-

formance.Thissectionaddresseseachof thesetopicsin turn.

3.6.1 Communication

Themostimportantresultof ZPL’s region distribution rulesis thata program’s communi-

cationis easilyvisible in thelanguage’ssyntax.In particular, everyuseof anarrayoperator

potentiallyrequirescommunicationof aspecifictype.Furthermore,codethatdoesnotuse

arrayoperatorswill never requirecommunication.This ability to determinea program’s

communicationrequirementssimplybyexaminingitsarrayoperatorsis referredtoasZPL’s

WYSIWYGperformancemodel(WhatYou SeeIs WhatYou Get), sincethecommunication

requiredby eachexpressionis clearlyreflectedin its syntax.

ElementwiseOperations

Any arraystatementthat lacksarrayoperatorsmustbe composedpurely of elementwise

operations—promotedscalaroperatorsandpromotedscalarfunctions.RecallthatZPL re-

quiresthe operandsof a promotedscalaroperatoror function to be equalin rank. This

impliesthat theregionsdefiningthearrayoperandsareinteracting,which meansthatele-

mentswith matchingindiceswill be assignedto the sameprocessor. Thus,ZPL’s region

distributionrulesimply thatelementwiseoperationswill never requirecommunication.

Reversingthis argument,all arrayoperatorsareusedto refer to arrayelementswith

differentindices. Thus,theuseof any arrayoperatormayrequireinterprocessorcommu-

nication to bring datavalueswith different indicesto a singleprocessor’s memory. The

following paragraphsconsidereacharrayoperatorin turn.
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(a) (b)

[R] ... A@east ...

Figure3.6: The@Operatorin Parallel. (a)Theglobalview of an@-reference.Theshaded
areawill be readfor the indicesin the centeroutlinedarea. (b) The local view of an @-
reference.Theprocessorson theleft aremissingacolumnof values,sothesearesentfrom
theprocessorson theright usingpoint-to-pointcommunication.

The@- andWrap-@Operators

ZPL’s@-andwrap-@operatorstranslateanarray’sreferencesby aconstantoffset,relative

to theenclosingregion scope.This typically causesprocessorsto refer to non-localarray

values.Due to the one-to-onecorrespondencebetweenthe covering region’s indicesand

theaccessedvalues,point-to-pointcommunicationcanbeusedto bring any remotevalues

into local memory. Note that for small directionvectorsusing the standarddistribution

schemes,this will typically requirecommunicationwith a processor’s nearestneighbors

in theprocessorgrid. Figure3.6 illustratestheparallelimplementationof an@-reference

usingablockeddistribution.

TheFloodOperator

Theflood operatorreplicatesa subarrayof valuesacrossoneor moreregion dimensions.

Sincegrid-aligneddistributionsmapregiondimensionsto correspondingprocessorgrid di-

mensions,this impliesthattheflood operatorcanbeimplementedusinga broadcastalong

oneor more dimensionsof the processorgrid. In particular, the processorsowning the

sourceregion’s indiceswill broadcasttheirvaluesalongall grid dimensionsin whichrepli-
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(c) (d)(a) (b)

[R] ... >>[2, ] A ... [3, 1..n] ... +<<[R] A ...

Figure3.7: The Flood andReduceOperatorsin Parallel. (a) The global view of a flood
operator. Theshadedrow will bereadfor all rows within thecenteroutline. (b) Thelocal
view of a flood operator. The lightly shadedvalueswill be broadcastto the processor’s
columnto bereadfor thedarkly shadedindices. (c) Theglobalview of a reduction.The
shadedvaluesarethosethatwill bereadandreducedto theoutlinedrow. (d) Thelocalview
of a reduction. Reductionswill be performedalongprocessorcolumns,summingvalues
andstoringtheresultin thedarkly shadedrow.

cationis required.SeeFigure3.7a–bfor an illustrationof a flood operatorasit would be

implementedusingablockeddistribution.

TheReductionOperator

Reductionsarethedualof floods,collapsinganarrayof valuesalongoneor moredimen-

sionsto the destinationregion. Thus,reductionscanbe implementedby reducingvalues

alongtheprocessorgrid dimensionsthatcorrespondto thearraydimensionsbeingreduced.

Figure3.7c–dillustratestheparallelimplementationof apartialreduction.

Certainreductionsalsorequireabroadcastalongoneor moregrid dimensionsto ensure

that the resultof the reductionendsup on the appropriateprocessors.In particular, full

reductionsrequirethe resultingscalarvalueto be broadcastto all processorsso that they

canupdatetheir localcopy of thescalar. Similarly, partialreductionsinto flooddimensions

requirebroadcastsfor thosedimensionsof theprocessorgrid. Conversely, reductionsto a

singletondimensionrequireno broadcast,sinceonly theprocessorsliceowning thatindex

will requiretheresultingvalues.
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Figure 3.8: The RemapOperatorin Parallel. (a) The global view of a remapoperator.
The shadedvaluesareonesthatwill be readfor the indiceswithin the outline (given the
maparraysasshown). (b) Thecommunicationrequiredto let everyprocessorknow which
elementsit needsto sendwhere.This requiresanall-to-all communicationstepin general.
(c) The communicationrequiredto actuallymove the valuesfrom their sources(lightly
shaded)to their destinations(darkshading).In general,this steprequiresa secondall-to-
all communication.
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Table3.1: Summaryof Array OperatorCommunicationStyles

Operator Effect Sample CommunicationStyle

elementwise operateoncorrespondingvalues A + B none

@ translatearrayreferences A@dir point-to-point

flood replicatearrayvalues >>[i,] A sub-gridbroadcast

reduction collapsearrayvalues +<<[R] A
sub-gridreduction

(+ possiblebroadcast)

remap arbitrarily accessarrayvalues A#[I, J] all-to-all

TheRemapOperator

Theremapoperatorallowsprogrammersto randomlyaccessanarray. Sincethemaparrays

arealignedwith thedestinationregion, this meansthatcommunicationis requiredbothto

tell other processorswhat valuesthey needto communicate,and to transferthe values

themselves.In thegeneralcase,eachsteprequiresall-to-all communicationto implement,

sincethe valuesrequiredby a processormay be spreadacrossthe entireprocessorgrid.

Figure3.8shows theparallelimplementationof a remapoperator.

Summary

Table3.1summarizeseacharrayoperator, describingits effect,giving asampleexpression,

andsummarizingthecommunicationstylethatit requires.Notethattheorderin which the

operatorshavebeendescribedthroughoutthisdissertationcorrespondsroughlyto theirex-

pectedcost.While all of theoperatorsscaleproportionallyto thenumberof elementsthat

they reference,their communicationoverheadsdiffer basedon the numberof processors

involved.In particular, elementwiseoperationsrequirenocommunicationwhile the@ op-

eratorrequirespoint-to-pointcommunicationwhich has ×ÇØ Ù Ú communicationsteps.The
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floodoperatorrequiressub-gridbroadcasts,whichtendto requireÛÇÜ Ý Þvß{àgá communication

steps,where à is the numberof processorsinvolved. The reductionoperatoralso tends

to be ÛÇÜ Ý Þkß�àgá , andhasthe additionaloverheadof applyingthe reductionfunction to the

valuesbeingcombined.Reductionsmayalsohave to broadcastthefinal resultfor anaddi-

tional ÛÇÜ Ý Þkß�à�á cost. Finally, the remapoperatorrequiresall-to-all communicationwhich

resultsin ÛÇÜ à�á communicationsper processor. For many applications,tradingoff an in-

stanceof oneof themoreexpensiveoperatorsfor a handfulof thelessexpensiveonescan

beworthwhile.

Table3.1alsojustifiestheexistenceof multiplearrayoperatorsratherthansimplyusing

theremapoperatorto implementall arrayreferences:namely, thereis a one-to-onecorre-

spondencebetweenarrayoperatorsandcommoncommunicationparadigms.This allows

usersnot only to detectwhetheror not their programsrequirecommunication,but alsoto

classify the typesof communicationthat it requires. If the remapoperatorwasusedto

expressall non-elementwisecomputations,userscouldnotbeassuredof thecostof theim-

plementingcommunication,nor would they have any visualcuesto helpdiscernbetween

thedifferentstyles.

This correspondencebetweenoperatorsand communicationstylesalso aids compil-

ersin implementinga ZPL programbecausethey do not have to analyzearraysubscripts,

slices,or vectorsof indicesto determinethestyleof communicationrequiredby aprogram.

While someclassificationis still needed,suchasdeterminingthegrid dimensionsin which

abroadcastis required,thesetasksarecomparativelysimple.Theresultis thatcompilerim-

plementorscanspendlesseffort classifyingcommunicationandmoretime implementing

it efficiently andoptimizingit.

3.6.2 Concurrency

Theconcurrency of aZPL programis fairly easyto determine,thoughnotquiteasvisiblein

thesyntaxasits communication.Eachoperatorappliedto anarrayreferenceimpliessome

amountof parallelcomputationthatis required,andits enclosingregionscopeindicatesthe
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Listing 3.2: FourMatrix Additionswith DifferingAmountsof Concurrency

-- (a) add a value at a time (b) add a row at a time
for i := 1 to m do for i := 1 to m do

for j := 1 to n do [ i, 1.. n] C := A + B;
[i, j ] C := A + B; end ;

end ;
end ;

-- (c) add a column at a time (d) add whole arrays at once
for i := 1 to n do [ R] C := A + B;

[1.. m, i] C := A + B;
end ;

availableconcurrency. How well or poorly thatcomputationis balanceddependson how

theindicesof theregionaremappedto theprocessors.Sincetheprocessorsarenot visible

within a program’s text, neitheris theconcurrency. What is visible arethe region scopes

themselves.Thus,aslong asprogrammersensurethat theregionsthey usearedistributed

acrosstheprocessorsasevenly aspossible,they cantrustthattheavailableconcurrency is

load-balanced.

As a trivial example,considerthe four codeexcerptsin Listing 3.2. Eachof these

performsthematrixadditionof Listing 3.1in adifferentway. For example,thefirst excerpt

shows how a naiveuserwho is accustomedto scalarindexing might write matrix addition

in ZPL, addinga pair of elementsat a time usinga dynamicregion thatdescribesa single

index. Thesecondtwo variationsuseregionsthatdescribea row or columnof indicesat a

time. Thefinal variationusesa region to describetheentireindex space.

Of thesefour solutions,thelastis thebest.Sinceits regiondescribesthelargestnumber

of indicesandthecodesareotherwiseequivalent,it maximizestheamountof concurrency

availableto thecompiler. AssumingthatR’s indicesaredistributedacrossall processorsin

aload-balancedmanner, thiscodewill achievemaximalparallelism.Ontheotherendof the

spectrum,thefirst codesampleis theworst,sinceits regionsmerelydescribeasingleindex

at a time. Sinceeachindex will beassignedto a singleprocessor, thereis no concurrency
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in thematrix additionstatement.Moreover, loopsarenot a sourceof parallelismin ZPL,

sothereis nobasisfor hopingthatdifferentiterationsof theloopwill executeconcurrently.

Thesecondandthird implementationshavemoreconcurrency thanthefirst, sinceeach

region describesa numberof indices. Whetheror not this will resultin maximalconcur-

rency dependson the processorgrid beingused.For example,eachregion in the second

versionwouldresultin concurrentexecutionwhenrunona âäãPå processorgrid, but would

becompletelysequentialon a åmãæâ grid, sincegrid-aligneddistribution impliesthatindex

rowsaremappedto processorrows. Thedualwouldbetruefor thethird codesample.

As afinal performancenote,thefirst threecodesnippetsalsohave theoverheadof cre-

atinganew dynamicregiononeachiteration,whichrepresentsanon-negligible amountof

overhead.For this reason,evenwheneitherof thesecondtwo codesachieve full concur-

rency, they wouldstill beexpectedto executemoreslowly thanthelastone.

Although this exampleis an extremelytrivial one,its lessonis crucial: programmers

shouldmake regionsasbig aspossiblein orderto maximizetheavailableconcurrency in

an arraycomputation.Whenprogrammersfind that part of their programusesa number

of small regions,they shouldrethink thatpartof thealgorithmto determineif a different

solutionwouldadmitmoreconcurrency. Thisexamplealsoshowsthatprogrammersshould

paycloseattentionto their processorgrids’ dimensionsandto how regionsaredistributed

to thegrids,sincebothof thesefactorsplay a role in concurrency.

3.6.3 ScalarPerformance

ThoughZPL is anarraylanguage,it is typically implementedonscalarmachines.This im-

pliesthatZPL compilersmustimplementthelanguageby translatingarrayoperationsinto

scalarloopsandscalaroperations.As a result,many traditionalprinciplesfor efficiently

usingsequentiallanguagesalsoapplyto ZPL. For example:usinglargeamountsof mem-

ory canbeexpensive; payingattentionto thememoryorderof anarray’s elementscanbe

useful(ZPL usesrow-majororder);functioncallshavea certainamountof overheadasso-

ciatedwith them;floatingpointoperationsaremoreexpensivethanintegeroperations;etc.
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Thereis no magicto evaluatinga ZPL program’s scalarperformance,otherthanto keep

in mind that thereis alsono magicusedto implementZPL programs. Thus, the savvy

ZPL programmerwill be sureto pay attentionto traditionalscalarperformanceissuesin

additionto theparallelissuesof communicationandconcurrency.

3.6.4 PerformanceModelSummary

It shouldbenotedthatZPL’sperformancemodelis notameansfor computingtheabsolute

runningtimeof aprogramasa functionof its problemsizeandprocessors.Rather, it gives

programmersa meansfor understandinghow a programwill be implementedsothat they

candecidebetweendifferentalgorithmicchoices.

In many ways,ZPL’s performancemodel is similar to the cuesthat areprovided by

scalarlanguageslike C. Returningto the matrix additionexampleof Listing 1.4, C does

not indicatewhat the runningtime of either loop orderingwill be, or even that onewill

necessarilybe slower than the other. However, it doesgive the programmera basisfor

decidingbetweenthetwo. MostgoodC programmersdonotknow theprecisesequenceof

assemblyinstructionsthatwill begeneratedfor theircode,yet they dohaveageneralsense

of theinstructionsandoverheadsthattheir coderequiresandcanmake informeddecisions

asaresult.For example,C programmersknow thatusinganiterativeapproachwill tendto

requirelessspaceandtime thana recursiveone.

In ananalogousmanner, ZPL strivesto giveparallelprogrammersa senseof how their

arrayswill be distributedandwhat communicationtheir codewill requireat the source

level. They maynotknow preciselyhow thecommunicationwill beimplementedor where

it will take place,but they will have a generalsenseof their program’s communicationre-

quirementsandavailableconcurrency. The hopeis that this informationcanbe usedby

programmersto make informedimplementationchoiceswithout understandingthe com-

piler or delvinginto its implementationof their code.Section3.8usesZPL’s performance

modelto evaluatethesampleprogramsof Section2.15. First, however, thefollowing sec-

tion reconsiderssomeof thenaggingquestionsfrom thepreviouschapter.
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Listing 3.3: (Illegal)ZPL Assignmentof aVectorto anArray

region R1 = [1.. n];
R2 = [1.. n, 1.. n];

var A1: [R1 ] integer ;
A2: [R2 ] integer ;

[1.. n] begin
[1.. n, 1] A2 := A1;
[1, 1.. n] A2 := A1;

end ;

3.7 OpenQuestionsReconsidered

Now that ZPL’s performancemodel hasbeenexplained, the naggingquestionsof Sec-

tion 2.14shouldbelessconfusing.Thissectionconsidersthosethathavenot alreadybeen

addressed.

WhyZPLPreventsInteractionsBetweenRegionsandArraysof DifferentRank

Thereasonfor this is thatsuchinteractionswouldbreaktheWYSIWYG modelof commu-

nicationevaluation.For example,considerthecodein Listing 3.3. Onecouldimaginethat

theassignmentsof A1 to A2 might beconsideredlegal,sincebothsidesof theassignment

describean ç -ary vectorof values.However, whenR2 is distributedacrosstheprocessor

grid, oneof the two assignmentswould have to resultin communicationsinceA1 cannot

bealignedwith bothrow 1 andcolumn1 of A2. SinceZPL’s performancemodeldictates

thatcommunicationmustbevisibleto programmersin theirprograms’syntax,suchassign-

mentsarenot legal. To performsuchanassignment,the1-dimensionalvectorwould have

to beexplicitly alignedwith oneof thearray’s dimensions,eitherusingtheremapoperator

or by declaringit usinga2D regionwith aflood or singletondimension.
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WhyRegionsCannotbeAppliedto Arbitrary Expressions

Therationalefor this is similar to that for thepreviousquestion.As anexample,consider

thefollowing statementwhich triesto assignthefirst row of A2 to its first column:

[1.. n, 1] A2 := [1, 1.. n] A2;

Grid-aligneddistributionsdictatethat elementsin the rows and columnsof A2 will not

be alignedon a processorgrid. Thus,communicationwould be requiredto performthis

assignment.Sincethereis nocommunicationvisible in theassignment,applyingregionsto

arbitraryexpressionshasbeenmadeillegal.Thisdecisionalsohasthebenefitof eliminating

anumberof subtleconformabilityquestionssuchas,“is a èNémêvë regionconformablewith

a êÆé_ë region?”

WhyFloodDimensionsareNon-Conformablewith SingletonDimensions

Onceagain,the rationaleis dueto the WYSIWYG performancemodel. Reconsiderthe

illegalassignmentsfrom Section2.7:

[FloodRow ] F := B;
[1, 0.. n+1] F := B;

SinceF’s implementationrequiresmultiple copiesof its valuesto be storedon multiple

processors,assignmentsof this style would either requirecommunicationto broadcasta

singlerow of B’s valuesto all processorrows,or they would resultin differentcopiesof F

on differentprocessors.The latter interpretationis untenabledueto the fact that F only

representsa singlesetof values. But the former interpretationviolatesthe WYSIWYG

propertyby onceagainhidingcommunicationfrom theprogrammer. This is thereasonfor

strict rulesaboutreadingor writing flood arrays. It alsoexplainswhy the flood operator

representsa legal meansof assigningto a flood array, sincethatoperatoris implemented

usingbroadcasts.

In asimilarvein,notethatit is only legalto assignscalarexpressionsto scalarvariables.

This onceagainensuresthatall communicationrequiredto updateeachprocessor’s copy
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of thescalaris visible in thecode.This is themostimportantreasonthatZPL choosesto

replicatescalarsandcomputeon themredundantly.

Why@ ReferencesCannotbePassedbyReferenceto Parallel Procedures

Any time an arraywith an @-referenceis reador written, point-to-pointcommunication

may be requiredto move valuesfrom oneprocessor’s memoryto another. Sincemodifi-

cationsto a formal arrayparametermustbereflectedin theactualparameter, this implies

that any writes to sucha parameterwould requirecommunicationif its actualparameter

containedan@-reference.In orderto keepeachprocessor’s view of thearrayup-to-date,

thiscommunicationwouldhaveto beperformedwithin theprocedurebodyin caseanother

arrayreferencealiasedthearrayin question.However, this would requirecommunication

to takeplacewithin thefunctionwithout an@-referenceto alerttheprogrammer.

3.8 Analysis of SamplePrograms

This sectionreconsidersthesampleprogramsof Chapter2.15,analyzingtheir parallelim-

plementationsusingZPL’s performancemodel.

3.8.1 TheJacobiIteration

The Jacobiiterationof Listing 2.15 usesthe @ operatorto implementits 5-point stencil

andthe max-reductionoperatorto testfor convergence.Theseoperatorsimply that each

iterationof themainloop will requirepoint-to-pointcommunicationto readnon-localval-

uesin thefour cardinaldirectionsaswell asareductionandbroadcastacrossall processors

to calculatedelta .

Ignoringthe initialization code,theentireJacobicomputationcontainsa singleregion

scope,R. This implies that distributing R’s indicesacrossall processorsin an evenman-

nershouldresultin maximalconcurrency for theprogram.Usinga 2D block distribution

shouldminimize thenumberof borderelementsthatneedto be transferredby the@ op-
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eratorsdue to surface-to-volume arguments. Moreover, the reductionandbroadcastare

unlikely to beaffectedby theprocessorgrid’sdimensionssincethey involveall processors.

Theinitializationcodewritesto theboundariesof A usingfour of regions.While these

will not resultin muchconcurrency for a 2D block distribution, thefact that they areonly

executedonceandrequire ìeí î{ï work implies that the suboptimalconcurrency shouldbe

negligible ascomparedto a few iterationsof the ìeí î�ð ï mainloop.

As far asscalarconcernsgo, thedivision by 4.0 couldbechangedto a multiplication

by 0.25 to turn a floating-pointdivision into a multiplication. As a somewhat moresub-

tle issue,the fact that ZPL allocatesits datain row-major order implies that the values

communicatedfor theeastandwest@-referenceswill bestridedin memory. In contrast,

referencesto thenorthandsouthrefer to valuesthatareadjacentin memory. Thus,if the

processorsetcannotbe organizedin a perfectsquare,specifyinga rectangulargrid with

morerows thancolumnswould be preferablein orderto minimize the numberof strided

referencesthateachprocessorhasto communicate.

3.8.2 Matrix-VectorMultiplication

A usefulapplicationof ZPL’sperformancemodelis to predictthebetterof two algorithms

for a problem. This sectiondoesso for the two matrix-vectormultiplication algorithms

presentedin Section2.15.2.

Thearrayoperatorsusedin the2D vectorimplementation(Listing 2.16)arearow flood

anda columnreduction.Theseoperatorsshouldscalelogarithmicallywith thenumberof

processorcolumnsandrows,respectively. If theresultvectormustbetransposedattheend,

thereis alsoa useof theremapoperator, which couldinvolveall-to-all communication.

The1D implementation(Listing 2.17)usestwo remapoperatorsanda columnreduc-

tion. Thus,thedifferencebetweenthecommunicationrequirementsof thetwo programsis

roughlya flood versusa remap.Given theoverheadof the remapoperator, programmers

shouldexpect the 2D implementationto spendlesstime in communication.The useof

the constantmapexpressionsin the 1D implementation’s extra remapoperatorprovides
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somehopethatthecompilercouldoptimizeit to performcompetitively with a flood oper-

ator. However, thewiseprogrammerwill probablychoosetheguaranteedcommunication

schedulethatthefirst implementationprovidesratherthanhopingfor aparticularcompiler

optimizationto fire.

In termsof concurrency, bothprogramsperformthebulk of thecomputation—thefloat-

ing point multipliesandadds—over thesameregions,sothey areidenticalin this respect.

The only real differencein the two algorithmsis how datavaluesaremoved from their

1D representationsto interactwith the2D matrix.

Consideringthescalarfactorsof eachprogram,memory-consciousprogrammerswill

notethat the 1D implementationrequirestwo ñ�ò�ó arraysto storedata,aswell as ñ -

and ó -elementvectors.In contrast,the2D versionusesa single ñôòXó array, similar ñ -

and ó -elementvectors,and a floodedarray that will require õ�öÆò÷ó elements,globally.

Themoremodestmemoryrequirementsof the2D implementationshouldresult in better

performance.

As anadditionalmemory-relatedconsideration,notethat theremapof V on line 17 of

the1D codemayrequiretheuseof a 2D temporaryarrayto storetheresultof theremap.

While it is possiblefor thecompilerto usefloodedstorageto hold theresultof theremap,

thisonceagainreliesonaparticularcompileroptimizationratherthanaguaranteefrom the

performancemodel. While the floodablestoragecouldbe explicitly introducedandused

by theprogrammer, it wouldbreakthepurity of the1D implementation.

Due to its communicationand memoryrequirements,the 2D versionappearsto be

preferable.By explicitly specifyinghow the1D vectorsshouldbealignedwith the2D ar-

ray, the usermaintainstight control over the executionand avoids relying on compiler

optimizationsfor goodperformance.

It shouldbenotedthattheremaybecaseswhenthe1D versionis useful.In particular, if

themultiplicationis partof a largerprogramthatspendsthebulk of its time computingon

1D vectors,storingthemasactual1D arrayscouldbeworthwhile,asit would allow them

to bemappedto theprocessorgrid independentlyof the2D array. However, notethat for
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suchaprogramthe2D versioncouldberunona øPùÆú processorgrid in orderto maximize

theparallelismof therow vectoroperations.This would have theeffect of increasingthe

numberof elementsthatline 26wouldhaveto reduce,but it mightbeanagreeabletradeoff

if the1D computationdominatesthecostof theprogram.

3.8.3 Matrix Multiplication

In comparingthematrixmultiplicationalgorithmsof Section2.15.3,webegin by focusing

on the2D algorithms.

TheSUMMA algorithm(Listing 2.18)consistsof û iterations,eachof whichusesarow

flood anda columnflood. Cannon’s algorithm(Listing 2.19)alsoconsistsof û iterations,

eachof which usestwo wrap-@operators.It alsousesthe remapoperatorduring initial-

ization.This representsa situationwhereZPL’s WYSIWYG performancemodelindicates

what communicationthe programsrequire,yet doesnot make it clearwhich approachis

better. Wrap-@stendto becheaperthanfloods,soCannon’s innerloopshouldhave lower

communicationcosts. Yet, remapoperatorstypically have the highestcost. Are the two

usesof theremapoperatorcostlyenoughthatthey couldoffsettheefficiency of thewrap-

@s?Unfortunately, theanswerto thisquestionprobablyvarieswith thechoiceof problem

size,compiler, andparallelmachine.

Turning to the concurrency of the algorithms,the bulk of the work is the samefor

both programs:üôùæý multiplicationsandaddsareperformedper iteration,asdescribed

by region RC. However, note that Cannon’s algorithmalsorequiresü�ù�û assignments

per iterationto shift ASkew and û�ù�ý assignmentsto shift BSkew. In comparison,the

SUMMA algorithm’sfloodoperatorsshouldrequireatmostú�þ{ùÆý and üÿùPú�� assignments

to implement,sincethey resultin a floodableexpression.Thus,while theconcurrency of

thefloatingpoint operationsin bothalgorithmsis similar, theSUMMA algorithmrequires

fewerassignmentsperiteration,assumingú�þ � ü andú�� � û .

This observation alsorevealsan importantscalarperformancedifferencein theseal-

gorithms. Although the numberof multiplies andaddsper iterationis the samefor both
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 SUMMA
 Algorithm

 Cannon’s
 Algorithm

A B C

Figure3.9: 2D Matrix Multiplication Memory Accesses.This illustration shows the ap-
proximateamountof memorytouchedper processorin eachiterationof Cannon’s Algo-
rithm andtheSUMMA algorithm.TheSUMMA algorithmhasasmallermemoryfootprint
dueto the fact that it refersto a singlecolumnof A androw of B in eachiterationusing
a flood. In contrast,Cannon’s algorithmhasto readall of A andB’s elementsto perform
shiftsandits elementwisemultiplications.Bothalgorithmstouchall elementsof C, sothere
is no differencethere.

codes,the numberof valuesaccessedto perform the multiplicationsdiffers greatly. In

particular, theSUMMA algorithmreadsfloodedrowsof A andB to performthemultiplica-

tionswhile Cannon’salgorithmreads����� uniqueelementsfrom theASkewandBSkew

arrays.Figure3.9depictsthesememoryrequirementsvisually. Theasymptoticdifference

in theamountof memoryaccessedshouldtranslateinto betterscalarperformancefor the

SUMMA algorithm.

Thus,while ZPL’s performancemodeldoesnot make it obviouswhich algorithmwill

have lowercommunicationcosts,theSUMMA algorithmis likely to endupbeingsuperior

giventhesmallerworkingsetof eachiteration.
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(c)(a) (b) (d)

Figure3.10: Matrix Multiplication Memory Requirements.(a) The three2D arraysthat
arerequiredfor theSUMMA andCannonAlgorithms. (b) Thearrayspartitionedacross8
processors,resultingin 24 elementsperprocessor. (c) Thethree2D planesin a 3D space
requiredby the PSPmatrix multiplication algorithm. (d) The arrayspartitionedacross8
processors.Notethattheflood dimensionsof thearraysresultin replicationandthateach
processormustallocate48 elements.This is a ratio of 	�
�� betweenthe two algorithms,
whichmatchesthe �� � � 
  ratio describedby Section3.8.3’sanalysis.

ThePSPAlgorithm

Unfortunately, the PSPalgorithm (Listing 2.20) is not much easierto compare. To its

advantage,thefactthatit hasno innerloopmeansthatthereareonly aconstantnumberof

communicationsin theprogram.However, its communicationsareinducedby threeremap

operatorsandapartialreduction—notthecheapestoperatorsin ZPL.Thismakesit difficult

to comparethecommunicationoverheadof thePSPalgorithmwith theotheralgorithms.

PSPdoescontaingreaterconcurrency thantheotheralgorithms,sinceit usesa single

region to simultaneouslyrepresentall of its multiplicationsandadditions.This givesthe

implementationa larger pieceof work to divide betweenthe processorsand avoids the

synchronizationinducedby theper-iterationcommunicationof the2D algorithms.Thus,

PSP’s concurrency is preferable.

On theotherhand,thePSPalgorithmrequiresmorememoryperprocessordueto the

fact that the problemspacebeingdistributed is 3D ratherthan2D. The implementation

avoids the unacceptablepossibility that a ��� ��������  � �����  � cubeof memorywill be
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allocatedper processorby usingfloodablearrays. However, simply allocatingthe faces

of the cubewill requiremorememoryper processorthan in the 2D case. For example,

assumingthat �������� andthat the processorgrid for eachalgorithmis assquareas

possible,the 2D algorithmsrequires ! ��"$# %'& ()�*�'( " % elementsper arrayper processor,

whereasthePSPalgorithmrequires! ��",+# %'& ( = � ( " % ( - . elementsperarrayperprocessor.

Figure3.10illustratesthis difference.

As a result,PSPrepresentsan interestingtradeoff. It requiresmorememoryper pro-

cessorto run, but if that memoryis available,it maximizesconcurrency, minimizessyn-

chronization,andusesaconstantamountof (expensive)communication.Will thispayoff?

Without sufficient experience,programmerscannotbe sure. However, at the very least,

they do have a clearpictureof how eachimplementationwill executein parallel,andthe

tradeoffs involved.

3.8.4 TridiagonalMatrix Multiplication

Fortunately, thetridiagonalmatrixmultiplicationprogramsof Section2.15.4aresomewhat

easierto evaluate.To achieve loadbalancingandensurethateachprocessorownspartof

thediagonalmatrices,it makessenseto run theprogramson a %0/21 processorgrid (or a

1�/)% grid for thenon-compactimplementations).

Eachof the threealgorithmscontainstwelve @-references.Thus,eachhasapprox-

imately the samecommunicationrequirements.The diagonalreferencesin the compact

versioncouldrequirecommunicationwith moreprocessorsto getboundaryvaluesin both

dimensions(seeFigure3.11). However, whenusinga %3/�1 grid, no communicationis

requiredfor thecomponentsto theeastandwest.Thus,thethreealgorithmsshouldbehave

similarly in termsof communication.

In termsof concurrency, the shatteredcontrol flow implementation(Listing 2.22) is

ideal since it performsthe entire computationwithin a single shatteredconditionalen-

closedby regionR. However, to its disadvantage,its explicit representationof thematrices

requires45! � ( & work to updatearrayC.
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(a) (b) (c)

[R] ... A@ne ...

Figure3.11: CommunicationRequiredby Diagonal@ References.(a) A globalview of a
diagonal@-reference.(b) Thecommunicationrequiredto fulfill this referenceon a 68796
processorgrid. Note that theprocessorat the lower left needsto communicatewith three
processorsratherthanthe onerequiredby cardinaldirections(Figure3.6). (c) If oneof
thegrid dimensionsis flattened,eachprocessoronly needsto communicatewith a single
processor, thoughsizeof eachcommunicationis greater.

Thecompactversion(Listing 2.23)improvesuponthisby only performing:5; <�= work,

but requiresfive different regions to do so. Although the usercannotexpect thesefive

statementsto executeconcurrently, runningthe programon a >372? grid will causeeach

of the five regionsto spanall of the processors,maximizingconcurrency for eachstate-

ment.Althoughsomeamountof overheadis requiredto setup theregions,theasymptotic

savings in work shouldensurethat this versionoutperformsthe previous one. A better

implementationwould transposethearrayto producelong rows of consecutivevaluesand

avoid operatingon arraycolumns.

Themask-basedimplementation(Listing 2.21)alsohasgoodconcurrency for its diag-

onals,sincethey will spanall processorswhenusinga >07�? grid. However, thefact that

it completelyrewritesandreadsthemaskfor eachdiagonalresultsin far morework than

eitherof theprevioustwo implementations.As a result,it cannotbeexpectedto compete

with eitherof themin termsof overall performance.

Thus,ZPL’sperformancemodelindicatesthatthecompactversionshouldbefastestdue

to its :5; <�= implementationthatmaximizesconcurrency for eachregion. As mentionedin

thepreviouschapter, this implementationdoesmake it difficult to transparentlyoperateon
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tridiagonalmatricesin conjunctionwith traditional @0A9@ matrices.For suchapplications,

theshatteredcontrolflow versionmight bepreferablesinceits representationmatchesthat

of a traditional densematrix. Chapter6 reconsidersthis issueby trying to achieve the

bestof bothworlds: B5C @�D computationusinga representationthatconformsto traditional

2D matrices.

3.9 Evaluation

ThissectionevaluatesZPL’sperformancemodelby runningthesamplecodesagainsttheir

sequentialC implementationsand computingthe resultingspeedups.The problemsize

for eachbenchmarkwaschosenby repeatedlydoublinga baseproblemsizeof 10 until it

exceededthe memorycapacityof a singleprocessoror requiredan excessive amountof

time to compute. This problemsizewasthenrun on larger processorsets,doublingthe

numberof processorseachtime. Speedupsarecomputedby comparingthe bestparallel

time over a numberof runsto thebestsingle-processortime. Figures3.12–3.15show the

resultingspeedups.Eachgraphindicatesthebasetime usedto computeits speedupsin its
E -axislabel.Theraw timingscanbefoundin AppendixD.

TheJacobiIteration

Figure3.12ashows theperformanceof theJacobiiterationwritten in bothZPL andC. As

expected,the C implementationis fasteston oneprocessor, dueprimarily to its lack of

communicationcalls.A seconddifferenceis thatits loopsarefusedmoreaggressively than

thosegeneratedfor theZPL program.In particular, theZPL compilerfails to fusetheloop

thatimplementsthereductionwith thoseof its neighboringarraystatements,which would

serve to increaselocality andeliminateloop overheads.ZPL’s currentimplementationof

loop fusionfocuseson fusing loopsthatenablearraycontractions[LLS98]. Sinceneither

of thearraysin theJacobiiterationcanbecontractedto ascalar, it fails to fusethem-loops

resultingin slightly worsecacheutilization.
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Figure3.12:Performanceof theJacobiIteration.(a)Thespeedupof theZPL implementa-
tion of theJacobiIterationascomparedto ahand-codedC version.(b) Thespeedupof the
ZPL implementationagainstitself.

Nevertheless,theZPL codescalessuperlinearlyfor mostof theprocessorsets,dueto

its improveduseof the cacheastheworking setper processordecreases.As the ratio of

communicationto computationincreases,the communicationoverheadsgraduallybring

the speedupback to being sub-linear. Figure 3.12bshows how the ZPL versionscales

againstits own single-processortime,demonstratingnearlylinearspeedupfor all processor

sets.

Matrix-VectorMultiplication

Figure3.13ashowsthatZPL’smatrix-vectorimplementationsdonotscalequiteasideally,

dueto themoreexpensiveformsof communicationthatthey use.OnceagaintheC version

is fasterthan the sequentialZPL version,this time by a factorof three. This difference

is not surprisinggiven the simplicity of thesequentialcodeandits completelack of data

copying.
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Figure3.13:Performanceof Matrix-VectorMultiplications.(a)Thespeedupof the1D and
2D ZPL implementationsof matrix-vector multiplication as comparedto a hand-coded
C version. (b) The speedupof the ZPL implementationsagainstthemselves. (c) The
speedupof theZPL 1D versionin isolation.
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As predictedby theperformancemodel,the2D ZPL implementationoutperformsthe

1D implementationdueto its reducedmemoryandcommunicationrequirements.It also

scalesquite uniformly with the processorset,achieving a speedupof 64 on 256 proces-

sors. When the speedupsare plotted relative to the fastestsingle-processorZPL time

(Figure3.13b),the2D implementationachievesspeedupthat is closerto linear, while the

1D implementationfails to compete.

Figure3.13cshowsthespeedupof the1D implementationrelativeto itself. Notethatits

additionalmemoryrequirementspreventit from runningthisproblemsizeonasinglepro-

cessor. Althoughthealgorithmscalessomewhat,its speeduptapersoff at 128processors.

This is causedby its useof the remapoperator. Remapcurrentlyusesa first-generation

implementationthatwasdevelopedwith correctnessratherthanperformancein mind. The

next chapterdescribessomeof its shortcomings.An effort is currentlyunderway to im-

plementthe remapoperatormoreaggressively to take advantageof constantmaparrays

andreducetheir overheads.While it is expectedthat thesechangeswill benefitthe1D al-

gorithm,its memoryrequirementsandthe inherentcomplexity of theremapoperatorwill

probablypreventit from rivaling the2D implementation.

Matrix Multiplication

ZPL’smatrixmultiplicationcodesscaletheworstascomparedto thesequentialC code,as

shown in Figure3.14a.With a bit of reflection,this is not terribly surprising.Eachof the

ZPL matrix multiplicationcodesrequiresa total of R5S T'U V communication.In contrast,the

C implementationis a trivial triply-nestedloop with no datamovementor copying. As a

result,theZPL versionssimplycannotcompete.

Oncethe C codeis removed from the picture(Figure3.14b),the ZPL codesdemon-

stratereasonablespeedups.No implementationachieveslinear speedup,but eachscales

veryconsistentlywith thenumberof processors.As anticipated,theSUMMA andPSPal-

gorithmsoutperformCannon’s algorithmdueto their reducedper-iterationworking sets.

ThePSPalgorithmfails to keeppacewith SUMMA dueto its useof the remapoperator
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Figure 3.14: Performanceof Matrix Multiplications. (a) The speedupof the Cannon,
SUMMA, andPSPMatrix Multiplication algorithmsascomparedto a sequentialhand-
codedC version.(b) Thespeedupof theZPL implementationsin isolation.

to re-alignarrays.As with matrix-vectormultiplication, its maparraysadmitsimpleopti-

mizationsthatarecurrentlyunimplementedin thecompiler. It is expectedthatoncethey

arethere,PSPwill bemorecompetitivewith SUMMA.

TridiagonalMatrix Multiplication

Figure3.15ashows thetridiagonalmatrix multiplicationcodeson thelargestproblemsize

that theC codecouldrun on oneprocessorusingtherecursive doublingscheme.For this

problemsize,thetwo \0]9\ ZPL implementationsareunableto run dueto their excessive

memoryrequirements,leaving only the compactZPL version. While this implementa-

tion scalesquite consistently, the C versionis sufficiently simplethat ZPL only achieves

a speedupof 64 on 256 processors.Oncethe C codeis removed from the picture(Fig-

ure3.15b),thecompactZPL implementationis shown to scalenearlinearlywith respectto

itself.
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Figure3.15: Performanceof TridiagonalMatrix Multiplications. (a) The speedupof the
compactZPL algorithmascomparedto a sequentialhand-codedC versionthatalsouses
compactstorage.Notethatthereis notenoughmemoryfor the b8c8b algorithmsto runthis
problemsize. (b) The speedupof thecompactZPL implementationin isolation. (c) The
samealgorithmswith a smallerproblemsizethatdemonstratesthat the b3c3b algorithms
cannotcompetewith thecompactversions.(d) The b8c5b algorithmsin isolation.Notethat
they doscale,just notat a ratethatcompareswith themorecompactalgorithms.
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Figure3.15cswitchesto a smallerproblemsize to illustrate the behavior of the two
d3e3d algorithms.At this smallersize,thespeedupof all threealgorithmsis pitiful with

respectto theC versiondueto the increasedratio of communicationto computation.The

compactZPL versioncanbe seento be outpacingthe f5g d'h i algorithmsby a significant

margin, asexpectedby their asymptoticdifferences.Figure3.15dshows the two d�e�d
algorithmsisolatedfor thesameproblemsize.As anticipated,theshard-basedimplemen-

tationoutperformsthemask-basedimplementationdueto its reducedmemoryrequirements

andaccesses.

Summary

To summarize,mostof thehand-codedC implementationsvastlyoutperformtheZPL al-

gorithmsonasingleprocessor. Thisshouldnotbesurprising,sincetheC implementations

representsequentialalgorithmsthatareinherentlysimplerthantheir parallelcounterparts.

Theexperimentsof Chapters5 and6 will remove this differenceby comparingZPL algo-

rithmsagainstotherparallelimplementations.

In spiteof having strictly worsescalarperformance,mostof theZPL algorithmsscale

quite consistentlyacrossthe rangeof processorsets. More importantly, the useof ZPL’s

performancemodelin Section3.8 producedaccuratepredictionsof eachalgorithm’s per-

formance(andin thespirit of fair play, that sectionwaswritten beforetheseexperiments

wereperformed).The next chapterwill explain how ZPL is implementedto achieve this

performance.

3.10 Grid Dimensions

As mentionedpreviously, AdvancedZPL (A-ZPL) is a successorlanguageto ZPL that is

currentlyunderdevelopment.Thegoalof A-ZPL is to expandZPL’scapabilitiesto provide

supportfor moregeneralparallelprogrammingparadigmsincludingpipelinedparallelism,

taskparallelism,sparsecomputation,andirregulardatastructures.AdvancedZPL addsone
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additionaltypeof region dimensionto thosesupportedby ZPL, calledthegrid dimension.

Grid dimensionsare uninterestingin a sequentialcontext, which is why they were not

describedin thepreviouschapter. They alsogive theprogrammeraccessto thelocal view

thatimplementsaZPL program.Sincethis is counterto thespirit of ZPL, grid dimensions

arereservedfor usein A-ZPL programs,wheretheprogrammeris expectedto havegreater

awarenessof theparallelmachine.

3.10.1 Definition

Grid dimensionsarespecifiedusingadoublecolonnotation(:: ). A grid dimensioncauses

theallocationof a specialsingletonindex perprocessorin thecorrespondingdimensionof

theprocessorgrid. This index conformsto any otherindex thattheprocessorownsin that

dimension.In effect,a grid dimensioncanbethoughtof asa flood dimensionthat is local

to a processor. Unlike flood dimensions,the valuesstoredin a grid dimensioncanvary

from oneprocessorto thenext.

Arrays that aredeclaredusinga grid dimensionfor eachdimension(grid arrays) are

similar to a privatescalarvalueper processor. In this sense,eachprocessor’s uniqueID

from 0 to j canbe thoughtof asbeingstoredusinga grid array. Moreover, a processor’s

locationwithin a processorgrid canbe representedusingan arraywith a singlegrid di-

mensionandflood dimensionseverywhereelse.For example,a processorwould storeits

row within theprocessorgrid usinganarraywhosefirst dimensionis agrid dimension,and

whoseotherdimensionsarefloodable.

3.10.2 A SimpleExample

A simpleexampleillustratingtheuseof grid dimensionsis shown in Listing 3.4.Thiscode

implementsa full reductionby explicitly splitting it into local andglobal steps.The grid

arrayLocSum is usedto representeachprocessor’s contribution to the global sum. The

programbeginsby initializing eachprocessor’sLocSum valueto 0. It thenaddsA’svalues
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Listing 3.4: A ReductionUsingaGrid Array

region R = [1.. n, 1.. n];
G = [ :: , :: ];

var A: [ R] integer ;
LocSum: [G ] integer ;
sum: integer ;

k k k

[ G] LocSum := 0;
[ R] LocSum += A;
[ G] sum := +<< LocSum;

to LocSum usingregion R. This statementcauseseachprocessorto iterateover its local

indicesin R, addingthecorrespondingvalueof A to its copy of LocSum. SinceLocSum

is conformableto all of theprocessor’s indices,it canbe readandwritten for every local

index in R. When this statementhascompleted,LocSum will containthe sumof each

processor’s local A values.Thelaststatementusesa traditionalfull reductionover thegrid

regionGto addupeachprocessor’sLocSum value.Thisassignstheglobalsumof A to the

scalarvariablesum. SeeFigure3.16afor anillustration.

Althoughthis exampleis somewhatartificial, it illustrateshow theZPL compileractu-

ally implementsreductions,sinceit musttypically allocateanarraywith oneor moregrid

dimensionsto storeaprocessor’s local contribution to thereduction.

Note that grid dimensionsallow usersto createprogramswhoseoutput varieswith

the numberof processors.For example,consideraddingthe following line to the endof

Listing 3.4:

[R ] A := LocSum;

This would causeeachprocessorto overwrite its local valuesof A with its local sum. As

a result,A’s definition would vary dependingon the numberof processorsaswell asthe

mappingof indicesto processors.Figure3.16billustratesthiseffect.
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Figure3.16:Grid DimensionAssignments.Eachassignmentis shown asit would execute
both on a singleprocessoranda l8m�l processorgrid. (a) A full reductionwritten using
grid dimensions.First, valuesof A areaccumulatedinto thegrid arrayLocSum. Thena
full reductionof LocSum is performedovergrid regionG. Notethatthescalarsumhasthe
correctvalueon all processorsin bothversions.(b) An illustrationof how grid reductions
canresultin programswhoseoutputvarieswith theprocessorgrid. Thevalueof LocSum
computedin part a is assignedback into A usingregion R. Note that the four-processor
versionresultsin adifferentglobalresultthantheone-processorversion.This is causedby
thefactthatgrid dimensionsareconformableto multiple indicesbut arenotconstrainedto
have thesamevalueon every processor. It alsogivesanindicationof how grid processors
give theuserapeekinto aprogram’s local view.

Note that simple mistakes can have a big impact when using grid dimensions. For

example,if the full reductionin Listing 3.4 wasspecifiedusing region R ratherthan G,

eachprocessorwould readits valueof LocSum onceper local index from R, erroneously

inflating theintendedvalueof thesum.

Othermistakesmayonly impacta program’s performance.For example,if the initial-

ization of LocSum hadbeenperformedusingregion R ratherthanG, it would still have

beenzeroedout. However, the time requiredby theassignmentwould have beenpropor-

tional to its local R indicesratherthan n5o p q .
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3.10.3 Parallel Implementation

Grid dimensionsaredistributedandimplementedidentically to flood dimensions,simply

without the constraintthat all valuesmust be kept coherent. This tendsto be simply a

matterof ignoringmostof the legality checksthat flood dimensionsrequire. As a result,

grid dimensionsresultin nouniqueruntimeimplementationissues.

3.10.4 Legality

Grid dimensionshave slightly different legality constraintsthanflood dimensionsdueto

thefactthatthey maytakeondifferentvaluesondifferentprocessors.AppendixE contains

copiesof thelegality tablesfrom thepreviouschapter, amendedto includegrid dimensions.

To avoid repeatingcontentfrom theprevioustables,AppendixE’stablesdescribeeachcase

usingapracticalparallelinterpretationratherthana formalsequentialone.

3.10.5 A More InterestingExample

The codein Listing 3.5 shows a moreusefulapplicationof grid arrays. This codereads

a numberof integer valuesand storeseachone in a single processor’s “bucket” based

on its value. The codebegins by declaringits configurationvariablesin lines 1–3. The

bucketsize variableindicatesthecapacityof eachprocessor’s bucket, while minval

andmaxval indicatetheexpectedrangeof values.

Theprogramdeclarestwo regionson lines5–6: R, a 1D region thatspanstherangeof

legal indices;andG, a1D grid region. Themainarraydeclaredby theprogramis Bucket ,

a grid array of indexed arraysthat is usedto storeeachprocessor’s values. A second

grid array, NumVals keepstrackof thenumberof valuesthateachprocessoris currently

storing. A scalarvariablevalue is alsodeclaredto hold thevaluethat is currentlybeing

considered.

The programbegins by initializing NumVals to 0 on eachprocessor. It then reads

scalarvaluesfrom the consoleoneat a time, continuinguntil it finds onethat is outside
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Listing 3.5: BucketingUsingGrid Arrays

1 config var bucketsize : integer = 100;
2 minval : integer = 0;
3 maxval : integer = 100;
4

5 region R = [ minval ..maxval ];
6 G = [ :: ];
7

8 var Bucket : [G ] array [1.. bucketsize ] of integer ;
9 NumVals : [ G] integer ;

10 value : integer ;
11

12 [ G] begin
13 NumVals := 0;
14

15 read (value );
16 while (value >= minval & value <= maxval ) do
17 [value ] if (NumVals < bucketsize ) then
18 NumVals += 1;
19 Bucket [NumVals ] := value ;
20 end ;
21 read (value );
22 end ;
23 end ;
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of the expectedrange. Eachscalarvalueis usedto definea dynamicsingletonregion in

line 17. This regioncontrolsashatteredconditionalwhich is enteredonly if NumVals has

not exceededthe bucket size. SinceNumVals is a 1D array, the enclosingregion scope

for thisconditionalis thesingletonregion [value ] . This impliesthattheconditionalwill

only beevaluatedon theprocessorthatownsindex value , andthat its uniqueNumVals

elementwill beread.If theprocessor’sbucket is notyet full, NumVals is incrementedand

thescalarvalueis storedin its bucket at thecorrespondinglocation. Thena new valueis

readandtheloopcontinues.

Note that sucha programwould be difficult to write without grid dimensions. For

example,in traditionalZPL, it would bedifficult to storea uniquecountof valuesperpro-

cessordueto thefact thatscalarsandflood dimensionsmustcontainconsistentvaluesfor

all processors.Possibleapproacheswould beto usea traditionalregion andhave multiple

bucketsperprocessoror to setits sizeto beequalto thenumberof processors.However,

neitherof thesesolutionsis quiteaselegantastheonesupportedby grid dimensions.

3.11 RelatedWork

This sectiondescribesotherapproachesto parallelprogramming—inparticular, libraries

and languagesthat supportlocal andglobal views. Due to the sheervolumeof parallel

programmingsystemsthathave beendevelopedin thepastfew decades,this sectioncon-

centrateson thoseapproachesthataremostnotable,thatarein activeuseanddevelopment

today, andthataremostcloselyrelatedto ZPL. Thearrayaccessmechanismsandsupport

for a performancemodelareconsideredfor eachapproach.In addition,mostdescriptions

includea codesampleexcerptingthemain loop from theJacobiiterationaswritten in the

languageto serveasanexample.Thesecodeswerewrittenby expertsin thelanguagesand

havebeenmodifiedonly for readability. Referencesfor theoriginalcodesourcesaregiven

in their captions. Many of the implementationsvary slightly in termsof the algorithm’s

details,but theexpressionof thegeneralJacobitechniquewill typically berecognizable.
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3.11.1 Local-View Libraries

As describedin the introduction,local-view librariesarethosethat give the programmer

aninterfacewhichallowsthemto specifytheper-processorbehavior of aparallelmachine.

Theselibrariestypically provide severalmethodsof transferringdatabetweenprocessors.

Thissectionconsiderssomeof theprimaryexamples.

Note that sincelocal-view librariesareusedin conjunctionwith traditionalprogram-

ming languageslikeC or Fortran90,thearrayaccessmethodsavailableto theprogrammer

arethosesupportedby thebaselanguage.In addition,aslocal-view languages,sincepro-

grammersareresponsiblefor explicitly specifyingboth the distribution of dataandwork

aswell astheprogram’s communication,theperformancemodelis inherentin thecode’s

implementation.

MPI

MPI [Mes94] standsfor the Message PassingInterface. It is a library specificationfor

message-passing-basedroutinesbetweencooperatingprocesses.The initial specification

of MPI (version1.1) supportspoint-to-pointcommunications(sendsand receives) in a

multitudeof varieties(including blocking,non-blocking,buffered,ready-send,andsend-

receive). In addition,MPI supportshigher-level operationssuchasbroadcasts,all-to-all

scattersand gathers,reductions,scans,and barrier synchronizations.MPI is a highly

structuredinterface,allowing usersto specify new datatypesand to organizeprocessors

into different groups. MPI version2 addssupportfor additional featuressuchas one-

sidedcommunications,processcreationandmanagement,extendedcollective operations,

andI/O [Mes97].

MPI hassucceededin becomingthe de facto standardfor parallelprogrammingdue

to its portability andwidespreadavailability. MPI is supportedon almostevery parallel

platform,andfreeimplementationsareavailablefor mostcommodityplatforms[GLDS96,

Ohi96].
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Listing 3.6: MPI JacobiImplementationExcerpt[Gro01]

1 /* Main loop of Jacobi Iteration */
2 do {
3 /* Send up unless I’m at the top, then receive from below */
4 /* Note the use of xlocal[i] for &xlocal[i][0] */
5 if ( rank < size - 1)
6 MPI_Send (xlocal [maxn / size ], maxn, MPI_DOUBLE, rank + 1, 0,
7 MPI_COMM_WORLD);
8 if ( rank > 0)
9 MPI_Recv (xlocal [0], maxn, MPI_DOUBLE, rank - 1, 0,

10 MPI_COMM_WORLD, &status );
11

12 /* Send down unless I’m at the bottom */
13 if ( rank > 0)
14 MPI_Send (xlocal [1], maxn, MPI_DOUBLE, rank - 1, 1,
15 MPI_COMM_WORLD);
16 if ( rank < size - 1)
17 MPI_Recv (xlocal [maxn / size+1 ], maxn, MPI_DOUBLE, rank + 1, 1,
18 MPI_COMM_WORLD, &status );
19

20 /* Compute new values (but not on boundary) */
21 diffnorm = 0.0;
22 for (i =i_first ; i< =i_last ; i++ )
23 for (j =1; j<maxn -1; j++ ) {
24 xnew[i ][ j] = (xlocal [i ][ j+1 ] + xlocal [i ][ j-1] +
25 xlocal [i+1 ][ j] + xlocal [i -1][ j ]) / 4.0;
26 diffnorm += ( xnew[i ][j ] - xlocal [ i][ j ]) *
27 ( xnew[i ][j ] - xlocal [ i][ j ]);
28 }
29 /* Only transfer the interior points */
30 for (i =i_first ; i< =i_last ; i++ )
31 for (j =1; j<maxn -1; j++ )
32 xlocal [i ][j ] = xnew[i][ j ];
33

34 MPI_Allreduce (& diffnorm , &gdiffnorm , 1, MPI_DOUBLE, MPI_SUM,
35 MPI_COMM_WORLD);
36 gdiffnorm = sqrt ( gdiffnorm );
37 } while (gdiffnorm > 1.0 e-2);
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Oneof MPI’sprimarydisadvantagesis thatmessage-passingis notalwaysthecheapest

meansof moving dataaroundaparallelmachine.For example,message-passingsemantics

oftenrequirebufferingandsynchronizationthatarenot inherentlyrequiredby sharedmem-

ory or sharedaddressspacemachines.This canresultin overheadsbeyondthoserequired

for communicationon agivenarchitecture.

Thisproblemtendsto becombattedby expandingtheMPI interface,particularlyby the

additionof one-sidedcommunicationsin MPI-2. Theproblemis thatsuchgeneralizations

areat oddswith portability. In particular, while anMPI programmaybewritten in a style

that is suitablefor a particularmachine(e.g., a one-sidedmessagepassingstyle on the

CrayT3E), its suitability for othermachinesis not guaranteed,forcing theprogrammerto

considerchangingtheMPI callsfor eachplatform.

Note that this problemis not particularto MPI, but is rathera seeminglyinevitable

problemwith any interfacethatspecifiesparticularcommunicationsemanticsandyetwants

to run on a diverseset of parallel architectures.Chapter4 introducesZPL’s paradigm-

neutralinterfacethatmanagesto avoid this paradigm-mismatchproblem.

In spite of its drawbacks,MPI shouldbe considereda success,due not only to its

popularity, but alsothefactthatit is enablingmorepeopleto write parallelprogramstoday

thanany otherapproachdescribedin this dissertation(includingZPL, regrettably).

Listing 3.6showstheinnerloopof theJacobiiterationwrittenusingC andMPI for a1D

processorgrid. Lines5–18implementthecommunicationrequiredto exchangeboundary

valuesbetweenprocessorsto the north andsouth. Note that a 2D decompositionwould

not only requiresimilar linesfor eastandwestcommunications,but alsocodeto marshall

the datain andout of temporarybuffers, sincethoseelementswould not be adjacentin

memory. Lines21–32performthemaincomputationandupdate.Lines34–35useanMPI

reductionroutineto calculatetheglobalnormalizeddifference.



154

PVM

PVM standsfor Parallel Virtual Machine[BDG r 91] andcouldbeconsideredtheawkward

cousinof MPI. A roughcharacterizationof PVM mightdescribeit asbeingaquickly-built,

practicalsolutionto parallelprogrammingwhich graduallybecamemoresophisticatedas

timepassed.In contrast,MPI wasdevelopedasastandardfor whichcompleteimplementa-

tionshavegraduallybeendeveloped(for example,acompleteimplementationof MPI-2 is

not yet availableasof this writing). Oneeffect of this is thatwhile eachMPI routinetakes

a dozenparametersallowing for typeinformation,errorconditions,processorsets,identi-

fiers, andthe actualdatato be described,PVM’s interfacetendsto be somewhatsimpler

andlessgeneral.In spiteof this,PVM supportsmany of thesamecommunicationtypesas

MPI, includingblockingandnon-blockingsendsandreceives,processcreationandman-

agement,broadcasts,reductions,andbarriersynchronizations.PVM hassimilarportability

problemsasMPI, but hasnot taken thesameapproachof diversifyingtheavailablecom-

municationstyles. This may prevent it from performingaswell on diversearchitectures,

but preventstheinterfacefrom beingasconfusing.

PVM is freely availablefor moststandardplatforms[PVM01], andshouldbeconsid-

ereda reasonableandsomewhatsimpleralternative to usingMPI. A PVM implementation

of Jacobiwould look extremelysimilar to theMPI versionin Listing 3.6,simply replacing

theMPI callswith their equivalentPVM routines.

SHMEM

The SHMEM interface[BK94] is anotherinter-processcommunicationlibrary that was

developedfor theCrayT3D in orderto exposethelow-overheadone-sidedcommunications

supportedby its architecture.In addition to one-sidedputsandgets, SHMEM supports

higher-level operationssuchasbroadcasts,reductions,andbarriersynchronizations.

Onedisadvantageof theSHMEM interfaceis thatsomecharacteristicsof theCrayT3D

architectureareembeddedin the routinesthemselves. For example,collective operations
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suchasreductionsandbroadcastscanonly beperformedon subsetsof processorsthatare

stridedby powersof two. Thus,to performa reductionor broadcastover a generalsetof

processors,usersmustwrite theirown routinesusingputsandgets.

Anotherdisadvantageof SHMEM is againoneof paradigm/architecturemismatches.

SHMEM’sroutinesareidealfor sharedaddressspacemachinesliketheCrayT3D andT3E

which supportone-sidedcommunications.It is alsoappropriatefor sharedmemoryma-

chines,on which suchroutinescaneasilybeimplemented.However, on distributedmem-

ory architecturesthathave no hardwaresupportfor writing directly to a processor’s local

memory, someamountof overheadis requiredto watchfor incomingmessagesandstore

themto memoryappropriately. Thoughtherehave beensomeearly attemptsto support

suchimplementations[BB00], it hasyet to beproventhatone-sidedcommunicationinter-

facescansupportlow-overheaddatatransferson sucharchitectures.

A SHMEM versionof Jacobiwould also look very similar to the MPI version,ex-

ceptthateachpair of send/receive callswould bereplacedby a singleshmem_put () or

shmem_get () call that specifiesboth the local andremoteaddresses.SHMEM’s sym-

metricmemoryallocationroutineswouldbeusedto avoid explicitly transferringaddresses

betweenprocessors.

OtherLocal-View Libraries

Two otherlocal-view librariesthatdeservebrief mentionareIntel’sNX library [Pie93]and

the Active Messageswork by Culler, von Eicken, et al. [vECGS96]. NX is yet another

message-passingstandard,developedfor parallel Intel machineslike the Paragon. It has

largely fadedfrom usewith the passingof thoseplatforms. NX differs somewhat from

MPI andPVM in that it providesroutinesnot only for blocking andnon-blockingcom-

munications,but alsofor sendsandreceiveswith callback routinesthatareexecutedwhen

a messageis successfullysentor received. Theseroutinesareideally run on a dedicated

co-processorto perform actionssuchas unpackingthe messageinto memorywhile the

originalprogramthreadcontinuesunhindered.
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ActiveMessagesrepresentsa relatedideain which a functionpointeris bundledinto a

messagealongwith its data.Uponreceiving themessage,thereceiving processorcallsthe

specifiedfunction,allowing themessageto behandledin awaythatbestsuitsthedetailsof

thearchitecture.As such,ActiveMessageshavebeentoutedasanextremelyportable,low-

overheadcommunicationstrategy, suitablefor usein implementinghigher-level languages

suchasSplit-C (describedin thenext section).

3.11.2 Local-View Languages

Split-C

Split-C [CDGs 93, CDGs 95] is an extensionto C that wasdesignedto supportparallel

programming.In doingso, its designersweremotivatedto provide efficient accessto the

underlyingmachinewith no surprises,muchas in traditionalC (andZPL). Split-C sup-

portsa globaladdressspaceacrossall processorsaswell asglobalpointersthatcanrefer

to objectslocatedanywherein theaddressspace(i.e., on any processor).Globalpointers

arerepresentedusinga 2-tuplecontaininga processornumberanda local addresson that

processor. Arrays,whetherpointer-basedor C-stylearrays,canbedeclaredto bespread,

which causesindicesin thespreaddimensionsto bedistributedcyclically acrossthepro-

cessorset.

Split-C alsosupportsa numberof novel assignmentoperatorsthatreducethesynchro-

nization requirementsof a traditional assignment.For example, the split-phaseassign-

ment (:= ) allows a non-localvalue to be assignedto a local value or vice-versa. This

operatorspecifiesthatsuchanassignmentshouldtake placeandinitiatesthecommunica-

tion requiredto carry it out. However, ratherthanwaiting for theassignmentto complete,

it simply proceedsto thenext statement.To ensurethata split-phaseassignmenthascom-

pleted,programmersusesynchronizationcalls that block until all precedingsplit-phase

assignmentsaredone.In this sense,split-phaseassignmentoffersa language-level equiva-

lent to one-sidedcommunication.
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In spiteof beingarelativelyhigh-profileandwell-publishedlanguage,Split-Chasnever

becomewidely usedin thecommunity, possiblydueto thefact that its one-sidedcommu-

nicationstylewasdifficult to implementefficiently on distributedmemoryplatforms.

Co-ArrayFortran

DevelopedatCrayResearch,Co-ArrayFortran(CAF) [NR98] is anotherparallellanguage

developedbyextendingatraditionallanguage,in thiscaseFortran90. Theprimaryaddition

to thelanguageis theconceptof theco-array. Co-arraydimensionsaresimply extra array

dimensionsthat refer to processorspacerather than dataspace. For example,a scalar

variabledeclaredwith aco-arraydimensioncauseseachprocessorto allocateacopy of that

variable,muchlikeZPL’sgrid arrays.Appendingco-arraydimensionsto traditionalarrays

resultsin a blockedparallelarray. Remotedatais referredto by indexing into a co-array

dimensionwith the remoteprocessor’s index. This servesasa conciserepresentationof

interprocessorcommunicationthatis simple,yetextremelyelegantandpowerful. CAF also

providesa numberof synchronizationoperationswhich areusedto maintaina consistent

globalview of theproblem.

Listing 3.7 shows a Jacobiimplementationin CAF. The co-arrayreferencesare the

expressionsin squarebracketson lines 8–11,30, and35. All of thesereferencesareon

the right-handsideof the assignment,indicating that a get-stylecommunicationis used

to accesstheremoteprocessor’s memory. The initial linesexchangeboundaryvaluesbe-

tweenprocessors,while thefinal pair areusedto implementan t5u v'w reductionandbroad-

cast.Synchronizationis usedin lines3–7,27,and34 to ensurethatall computationshave

completedbeforethe datatransferstake place. The restof the codeis a straightforward

local-view implementation.
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Listing 3.7: CAF JacobiImplementationExcerpt[Wal01]

1 DO
2 ! update halo.
3 IF ( MIN(P , Q) >= 3) THEN
4 CALL SYNC_ALL( WAIT=NEIGHBORS)
5 ELSE
6 CALL SYNC_ALL()
7 ENDIF ! neighbor images have ANS(1:NN, 1:MM) up to date
8 ANS(1: NN, MM+1) = ANS(1: NN, 1 )[ ME_P, ME_QP] ! north
9 ANS(1: NN, 0) = ANS(1: NN, MM)[ ME_P, ME_QM] ! south

10 ANS( NN+1, 1: MM) = ANS(1, 1:MM)[ ME_PP, ME_Q ] ! east
11 ANS( 0, 1: MM) = ANS( NN, 1:MM)[ ME_PM, ME_Q ] ! west
12

13 ! 5-point stencil is correct everywhere,
14 ! since halo is up to date.
15 DO J= 1, MM
16 DO I = 1, NN
17 WRK(I , J) = (1.0/4.0) * (ANS( I-1, J ) + &
18 ANS( I+1, J ) + &
19 ANS( I , J-1) + &
20 ANS( I , J+1) )
21 ENDDO
22 ENDDO
23

24 ! calculate global maximum residual error.
25 PMAX = MAXVAL( ABS( WRK(1: NN, 1: MM) - ANS(1: NN, 1: MM)))
26 CALL SYNC_ALL() ! protects both PMAX and ANS
27 IF ( ME == 1) THEN
28 DO I = 2, NUM_IMAGES()
29 PMAXI = PMAX[ I]
30 PMAX = MAX( PMAX, PMAXI )
31 ENDDO
32 ENDIF
33 CALL SYNC_ALL( WAIT=(/1/) ) ! protects PMAX[1]
34 RESID_MAX = PMAX[1]
35

36 ! update the result, note that above SYNC_ALL() guarantees
37 ! that the old ANS(1:NN,1:MM) is no longer needed for halo
38 ! update.
39 ANS(1: NN, 1: MM) = WRK(1: NN, 1:MM)
40 UNTIL (RESID_MAX <= TOL)
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LocalLanguageSummary

The local views promotedby Split-C andCAF representboth a blessinganda curse.To

their credit, they give programmersthemeansto control thedetailsof analgorithm’s par-

allel implementation,relyingon thecompileronly to insertandimplementtheactualcom-

munication. Useof certainlanguageprimitiveslike split-phaseassignmentandco-array

dimensionsmake it reasonablyclear wherecommunicationis requiredby the program

(thoughit shouldbenotedthattraditionalassignmentsusingglobalpointersin Split-Cmay

hidecommunication).Combiningthesecueswith theexplicit user-specifieddistributions

of dataand computation,programmershave a reasonablygood performancemodel for

evaluatingtheir codes.

On the otherhand,local-view languageshave the disadvantagethat the programmer

mustmanageall of thesedetailsby hand,which canbecometediousevenfor trivial codes

like Jacobi. This is especiallytrue for casesin which a distributedarray’s sizedoesnot

divide evenly amongsttheprocessors.As anotherexample,considertheamountof work

thatwouldberequiredto rewrite theCAF reductionin Listing 3.7to useageneralx5y z {$|'}'~
reductionschemefor arbitraryvaluesof } . Thesearethesortsof detailsthatglobal-view

languageslike ZPL strive to manageon the user’s behalf. Moreover, ZPL’s performance

modeldoesso without letting programmerslosesight of the lower-level detailsof their

program’sparallelimplementation.

3.11.3 Global-View Languages

High PerformanceFortran

High PerformanceFortran(HPF) [Hig94] is anotherextensionto Fortran90 thatwasde-

velopedby the High PerformanceFortranForum, a coalition of academicand industrial

experts. HPF is basedon the earlierparallelFortrandialectsFortran-DandViennaFor-

tran [FHK � 90, ZBC� 92]. Theselanguagessupportparallelcomputationthroughtheuse

of programmer-insertedcompiler directives. HPF’s directives allow usersto give hints
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Listing 3.8: HPFJacobiImplementationExcerpt[Joi01]

1 PROGRAMjacobi1
2 !
3 ! Solve the Poisson equation with the Jacobi method
4 !
5 PARAMETER( nx = 100, ny =100)
6 PARAMETER( tol = 1.0 e-8)
7 REAL u(0: nx ,0: ny ), unew(0: nx ,0: ny )
8 REAL dx , dy , error , tol
9 INTEGER i, j

10 !HPF$ DISTRIBUTE u(BLOCK,*)
11

12 ! initialize all data
13 ...
14

15 ! Jacobi iteration
16 error = tol + 1.0
17 DO WHILE (error > tol )
18 FORALL ( i=1: nx -1, j =1: ny -1 )
19 unew(i, j) = ( u( i-1, j )+ u( i+1, j )+ u( i, j-1)+ u( i, j+1)) / 4
20 END FORALL
21 error = MAXVAL( ABS( unew-u ) )
22 u = unew
23 END DO
24 STOP
25 END
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for arraydistribution andalignment,loop scheduling,andotherdetailsrelevantto parallel

computation.Thehopeis thatwith a minimal amountof effort, programmerscanmodify

existingFortrancodesby insertingdirectivesthatwill enableHPFcompilersto generatean

efficient parallelimplementationof theprogram.HPFsupportsa globalview of computa-

tion,managingparallelimplementationdetailssuchasarraydistributionandinterprocessor

communicationin a mannerthat is invisible to theuserwithout theuseof compilerfeed-

backor analysistools.HPFalsoaddsa forall loopconstructasin F95andFIDIL.

The primary disadvantageof HPF is that its specificationmakesno guaranteesas to

how compilerswill interpretandimplementits directives. In particular, no guidelinesare

providedfor programswith conflictingor underspecifieddirectives,andthecompilermay

chooseto ignorea program’s directivesaltogether. The result is that theprogrammerhas

little basisfor evaluatinga code’s parallelimplementation.Moreover, sinceeachcompiler

may implementits own interpretationof thedirectives,programmersmayhave to re-tune

theirprogramsfrom onecompileror architectureto thenext [NSC97,Ngo97].

Listing 3.8 shows a Jacobiiterationkernelwritten in HPF. Line 10 containsthe only

HPFdirective, specifyingthat the first dimensionof u shouldbe distributedin a blocked

manner, and that the seconddimensionshouldnot be distributed. This implementation

doesnotspecifyunew’sdistribution,relying on thecompilerto align it with u for optimal

performance.A morecautiousprogrammerwould adda seconddirective specifyingits

alignmentexplicitly: ALIGN unew(:,:) WITH u(:,:) . Note thatasa global-view

language,HPF’s referencesto nx andny describethe global sizeof the problemrather

thanaprocessor’s local block. Finally, notethatthereductionis implementedusingHPF’s

intrinsicMAXALL() function.

OpenMP

OpenMPis not technicallya language,but rathera setof compilerdirectivesandlibrary

routinesthat canbe usedin C or Fortranprogramsto specify their parallelexecutionon

sharedmemoryplatforms[Ope01]. Nevertheless,OpenMP’s directivesresemblethoseof
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Listing 3.9: OpenMPJacobiImplementationExcerpt[KAI01]

1 do while (error .gt . tol )
2

3 error = 0.0
4

5 !* Copy new solution into old
6 !$omp paralleldo schedule(static)
7 !$omp& shared(n,m,uold,u)
8 !$omp&private(i,j)
9 do j=1, m

10 do i=1, n
11 uold (i ,j ) = u(i ,j )
12 enddo
13 enddo
14 !$omp end paralleldo
15

16 !* Compute stencil, residual, & update
17

18 !$omp paralleldo schedule(static)
19 !$omp& shared(omega,error,tol,n,m,ax,ay,b,alpha,uold,u,f)
20 !$omp&private(i,j,resid)
21 !$omp&reduction(+:error)
22 do j = 2, m-1
23 do i = 2, n-1
24 !* Evaluate residual
25 resid = (ax *( uold (i -1, j) + uold ( i+1, j ))
26 & + ay *( uold (i ,j -1) + uold ( i,j +1))
27 & + b * uold ( i, j) - f( i, j))/ b
28 !* Update solution
29 u( i, j) = uold (i ,j ) - omega * resid
30 !* Accumulate residual error
31 error = error + resid *resid
32 enddo
33 enddo
34 !$omp end paralleldo
35

36 !* Error check
37

38 error = sqrt (error )/ dble ( n* m)
39

40 enddo ! End iteration loop
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aglobal-view languagelikeHPFcloselyenoughthatthissectionis mostappropriatefor its

discussion.

OpenMP’s modelis to spawn threadsfor structuredblocksof a programto implement

themin parallel. The hopeis that this canbe doneincrementallyto convert a sequential

programinto a parallelone. As in mostlanguagesdescribedhere,parallelismis achieved

by assigninga loop’s iterationsto differentthreads.OpenMP’s directivesgive cuesto the

compiler, suchashow loopsshouldbe parallelizedandwhetherthe codecontainsoper-

ationssuchas reductions. As in most sharedmemoryprogramming,explicit locks and

synchronizationarerequiredto prevent raceconditionsanddataconflicts,andOpenMP’s

library routinessupportsuchmechanisms.

OpenMPhasrapidly gainedsupportby theindustry, primarily dueto thelargenumber

of symmetricmultiprocessorsbeingproducedby traditionalsequentialhardwarevendors.

At this point, the main questionregardingits successis whetherits directives are rich

enoughandwell-definedenoughto make OpenMPprogramsreadableand portable. In

addition,the fact that OpenMPis not intendedfor distributedmemoryplatformswill re-

strict its portability, especiallywith thecommunity’srecententhusiasmfor commoditydis-

tributedmemoryclusters.Evenin its targetdomainof sharedmemorymachines,OpenMP

makesdatalocality seductively invisible. This supportsthemyth thatsharedmemorysys-

temsmakeall memoryequallyavailableto all processors.In reality, suchamodeldisguises

thefactthatdatalocality is ascrucialto performanceon sharedmemoryarchitecturesasit

is on distributedmemorymachines.

Listing 3.9showsthemainloopof anOpenMPJacobiimplementation.OpenMPdirec-

tivesareappliedin lines6–8and18–20to specifytheparallelexecutionof thedo loops.

In addition, thesedirectives indicatethat the arraysandproblemsizesshouldbe shared

amongstthe threadswhile the loop iteratorsandlocal reductionvalueresid shouldbe

private for eachthread. Line 21 specifiesthat the sum and assignmentinto error on

line 29shouldbeimplementedasareductionacrossthreads.Therestof thecodedescribes

theJacobiiterationusinga globalview.
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UnifiedParallel C

Unified ParallelC (UPC) [CDC� 99] is the latestin theevolution of C-basedparallelpro-

gramminglanguages.In many waysit resemblesSplit-C or CAF, exceptthat it supportsa

globalview of computationratherthana local view. Thisdistinctionis subtle,but canbest

becharacterizedby thefactthatUPCcodestendto declarevariablesusingtheirglobalsize

ratherthana local sizecrossedwith a numberof processors.Furthermore,UPCcodesare

typically writtenwithout referringto aprocessor’suniqueindex.

UPCprovidesa distributedsharedmemoryprogrammingmodelthatgiveseachthread

a privatelocal memory, but alsosupportsa logically sharedportion of the addressspace

thatany threadcanaccess.Thus,pointervariablesmaybeprivateor shared,andmaypoint

to memorythat is eitherprivateto the thread,or sharedbetweenall of them. Parallelism

is typically expressedin UPC usinga forall-style loop that not only specifiesthe loop’s

bounds,but alsotheassignmentof loop iterationsto processors(affinity). This mechanism

allows theexpressionof parallelcomputationsoversharedarraysusingblocked,cyclic, or

othertraditionaldistributions.Dueto its distributedsharedmemorymodel,UPCprogram-

mersmustspecifysynchronizationexplicitly usingbarrier, split-phasebarrier, andlocking

primitivesprovidedby thelanguage.ThecurrentUPCspecificationhaslimited supportfor

operationslike reductions.

UPC is the youngestof the languagesconsideredin this section,andassuch,it has

not yet hadmuchof an opportunityto prove itself. The biggesthurdle it seemsto face

is the fact thatmoving datafrom thesharedportion of theaddressspaceto a processor’s

physicalmemoryoccursrathertransparentlyin the language,disguisingthe overheadof

communicationon bothsharedanddistributedmemoryplatforms.This will obfuscatethe

performancemodelfor the programmer, thoughcarefulprogrammersmay be ableto use

theaffinity field of UPC’s forall loopsto carefullymanagetheir programs’locality.
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Single-AssignmentC

SingleAssignmentC (SAC) is afunctionalvariationof ANSI C developedattheUniversity

of Kiel [Sch98b,Sch94]. Its extensionsto C supportmultidimensionalarrays,APL-like

operatorsfor dynamicallyqueryingarrayproperties,andfunctionalsemantics.SAC also

supportsa with-loop constructthat superficiallyresemblesZPL’s regions. Like regions,

with loopsare usedto specify the indicesinvolved in a computationfor a statementor

groupof statements.However, unlike regions, the with loop providesa mechanismfor

iteratingover an index setby generatingindicesthat canbe usedto index into an array

ratherthanreplacingarrayindexing altogether. In this sense,thewith loop resemblesthe

forall constructof languageslikeF95andFIDIL ratherthanZPL’s regions.SAC currently

runsonly onsharedmemorymachines,andissueslikearraydistributionandinterprocessor

communicationareinvisible to theprogrammer.

Listing 3.10 shows a SAC implementationof Jacobidesignedto run for LOOPitera-

tions. Line 10 shows theuseof a with-loop to iterateover B’s bounds,applyingthefive-

point stencilusingthemodarray operatorto modify B. NotethatB canserveasboththe

sourceanddestinationof thestencildueto SAC’s functionalsemantics.Lines35–36show

asumreductionthatis usedby this programasachecksum.

NESL

NESL is a data-parallelprogramminglanguagedevelopedat Carnegie Mellon that imple-

mentsnestedparallelismusingfunctionalsemantics[Ble95,Ble96]. Functionalsemantics

dictatethat many functionscanbe executedin paralleldueto the completelack of alias-

ing betweensibling function calls. NESL supportsnestedparallelismby allowing these

functionsto spawn parallelfunctioncallsof theirown.

NESLalsosupportstheconceptof dataparallelismusingits sequenceconcept—aone-

dimensionaldistributed array that can consistof data items or other sequences.NESL

providesa parallelapply-to-each constructto operateon a sequence’selementsin parallel.
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Listing 3.10:SAC JacobiImplementationExcerpt[SAC01]

1 /**************************************************************
2 * description:
3 *
4 * This SAC demo program implements 2-dimensional relaxation
5 * on double precision floating point numbers applying a
6 * 5-point stencil and fixed boundary conditions.
7 *************************************************************/
8

9 inline double [] onestep ( double [] B) {
10 A = with ( . < x < . )
11 modarray (B, x, 0.25*( B[x+ [1,0]]
12 + B[x -[1,0]]
13 + B[x+ [0,1]]
14 + B[x -[0,1]]) );
15

16 return (A );
17 }
18

19 inline double [] relax ( double [] A, int steps ) {
20 for (k =0; k<steps ; k++ ) {
21 A = onestep (A );
22 }
23

24 return (A );
25 }
26

27 int main () {
28 A = with ( . <= x <= .)
29 genarray ([SIZE1 , SIZE2 ], 0.0 d);
30

31 A = modarray (A, [0,1], 500.0 d);
32

33 A = relax ( A, LOOP);
34

35 z = with ( 0* shape (A ) <= x < shape ( A))
36 fold (+ , A[x ]);
37

38 printf (" %.10g\n ", z);
39

40 return (0);
41 }
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Listing 3.11:NESLJacobiImplementationExcerpt[NES01]

1 function sparse_MxV (mat ,vect ) =
2 let l = { #row : row in mat };
3 i ,v = unzip ( flatten (mat ))
4 in {sum (row ): row in partition ({ x* v: x in vect - >i ; v}, l)} $
5

6 % Each Jabobi iteration is just a matrix vector product,
7 this will just repeat it n times. %
8 function Jacobi_Iterate (Mat ,vect ,n ) =
9 if (n == 0) then vect

10 else Jacobi_Iterate (Mat ,sparse_MxV (Mat ,vect ), n-1) $
11

12 % THE FOLLOWING TWO FUNCTIONS ARE MESH SPECIFIC AND ONLY GET
13 CALLED ONCE TO INITIALIZE THE MESH AND VECTOR %
14

15 function make_2d_n_by_n _mes h( n) =
16 let
17 % A sequence of indices of the internal cells. %
18 intrnl_ids = flatten ({{ i+n *j : j in [1: n-1]}: i in [1: n-1]});
19

20 % Creates a matrix row for each internal cell.
21 Each row points left, right, up and down with weight .25 %
22 internal = {( i ,[(( i+1 ), .25), (( i-1), .25),
23 (( i+n ), .25), (( i- n), .25)]):
24 i in intrnl_ids };
25

26 % Creates a default matrix row (used for boundaries).
27 Each points to itself with weight 1 %
28 default = {[( i ,1.0)]: i in [0: nˆ2]}
29

30 % Insert internal cells into defaults %
31 in default <- internal $
32

33 % Assumes mesh is layed out in row major order %
34 function make_initial_v ec to r ( n) =
35 dist (0.0, nˆ2) <- { i, 50.0: i in [ nˆ2- n:n ˆ2]} $
36

37 % ENTRY POINT %
38 function runit (n , steps ) =
39 let matrix = make_2d_n_by_n _mesh(n );
40 vector = make_initial_v ec tor (n );
41 in Jacobi_Iterate ( matrix , vector , steps ) $
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The language’s combinationof nestedparallelismanddataparallelismallows theexpres-

sionof paralleldivide-and-conqueralgorithmssuchasQuicksort,aswell astraditionaldata

parallelalgorithmssuchasmatrixadditionsandmultiplications.

NESL hasa well-definedperformancemodelthatusesa work/depthschemeto calcu-

late asymptoticboundsfor the executiontime of NESL programson parallelcomputers.

Althoughthis modelis well-suitedto thelanguage’s functionalparadigmandallows users

to makecoarse-grainedalgorithmicdecisions,it revealsverylittle aboutthelower-level im-

pactof one’s implementationchoicesandhow they will bemappedto thetargetmachine.

In particular, issuesof datalocality andinterprocessorcommunicationarecompletelyin-

visible in NESL’ssyntaxandperformancemodel,andarethereforeinscrutableto theuser.

Listing 3.11givesa NESL implementationof theJacobiiterationthatrunsfor steps

iterations. This versionimplementsJacobiby multiplying the dataarray (storedin the
�'� -elementsequencevect ) by anextremelysparsematrix Mat thatdescribesthe5-point

stencil.This matrix is setup in themake_2d_n_by_n_mesh () routinein lines15–31.

Theactualcomputationis expressedrecursively in lines1–10.

3.11.4 Global-View Libraries

MathematicalLibraries

As describedin theintroduction,thevastmajorityof global-view librariesexport interfaces

for high-level mathematicaloperationssuchas matrix multiplicationsor matrix solvers.

While suchroutinestend to be highly optimized, they strive to serve a more restricted

purposethanthe otherwork describedin this section. As a result, theselibrariesshould

not beviewedascompetitorswith languagessomuchasresourcesthatcanbeusedwithin

a parallel language.The primary challengeto doing so is that eachlanguageandlibrary

tendsto have its own arrayformatanddistribution scheme.As a result,trying to getthem

to interoperateoftenrequiresremappinganarrayfrom oneallocationto another, whichcan

bequiteexpensive.
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KeLP

KeLP [BCSvS01, BFS01,FKB98] is a C++ library that evolved from LPARX [Koh95]

and more distantly from FIDIL. It supportsrectangularindex set classescalled regions

that areusedfor iterationandto declarearrays. Ratherthandistributing a singleregion

betweenprocessorsasin ZPL, KeLPbreaksa problem’s global index setdown into a col-

lectionof regions,eachof which is assignedto a specificprocessorto achieve parallelism.

Groupsof cooperatingregionsaremanagedanddistributedacrossphysicalprocessorsus-

ing the FloorPlan class. FloorPlansarealsousedto declareparallelarray instancevari-

ables,known asXArrays. DatatransfersbetweenXArrays arecapturedusingMotionPlan

objectsthatdescribesthe indicesthatneedto be communicatedbetweenprocessorsfor a

particularFloorPlan,while Mover objectsimplementthespecificschedulethata Motion-

Plandescribesfor an XArray. KeLP’s regionssupporthigh-level operatorssuchasshift,

intersect,andgrow. KeLPexpressesiterationoveraregion’s indicesusinganindexIterator

classthatprovidesforall-stylesemantics.

KeLP is uniqueamongthe languagesdescribedin this sectiondue to the fact that it

takesa very practicalstancefor solvingextremelyhardproblemsutilizing multiple arrays

at multiple scales.While otherlanguagesaretrying hardto get a simpleJacobiiteration

or matrix multiplicationto run well, KeLPis on the front linesworking on a crucialclass

of problemsthat most languages(including ZPL) hopeto be able to handle“someday.”

This practicalityis not without a certainamountof unwieldiness,however, asKeLP’s Ja-

cobi implementationdemonstrates.Furthermore,KeLP is targetedheavily at grid-based

computing,andthereforemaynot beasgeneralasotherlanguagesdescribedhere.

TheKeLP implementationof Jacobiis shown in Listings 3.12and3.13. Listing 3.13

containsthecodewhich declaresthemainRegion (line 19) andthenpartitionsit into sub-

regions,capturingthemin a FloorPlan(line 20). It thendeclarestwo arrays,grid1 and

grid2 usingthatFloorPlan(line 22). Lines2–15setup theMotionPlanrequiredto trans-

fer boundaryvaluesbetweenprocessorsfor theFloorPlan.Line 26 establishespointersto
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Listing 3.12:KeLPJacobiImplementationExcerpt[KeL01]
1 /* perform one 5-point jacobi stencil operation on oldgrid, *
2 * storing the result in newgrid */
3 void ComputeLocal ( XArray2<Grid2<double> >& oldgrid ,
4 XArray2<Grid2<double> >& newgrid ) {
5 int i;
6

7 for ( nodeIterator ni (oldgrid ); ni; ++ni ) {
8 i = ni();
9

10 Grid2<double> & OG = oldgrid ( i);
11 Grid2<double> & NG = newgrid ( i);
12

13 Region2 interior = grow (OG.region (),-1);
14

15 FortranRegion2 Foldgrid (OG.region ());
16

17 f_j5relax (OG.data (), FORTRAN_REGION2(Foldgrid ),
18 NG.data ());
19 }
20 }
21

22 /* compute the error norm max(abs(newgrid - oldgrid)) *
23 * Note: for better performance this should be done in Fortran */
24 double computeNorm (XArray2<Grid2<double> >& oldgrid ,
25 XArray2<Grid2<double> >& newgrid ) {
26 double result = 0.0;
27 int i ;
28 Point2 p;
29

30 for ( nodeIterator ni( oldgrid ); ni ; ++ni ) {
31 int i = ni ();
32 const Region2 interior = grow( oldgrid (i). region (), -1);
33 for ( indexIterator2 ii(interior ); ii ; ++ii ) {
34 p = ii();
35 result = MAX(ABS( newgrid (i)( p)-oldgrid ( i)(p)), result );
36 }
37 }
38

39 mpReduceMax(&result ,1);
40 return (result );
41 }
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Listing 3.13:KeLPJacobiImplementationExcerpt(continued)[KeL01]
1 /* fill in a one-cell ghost region for each Grid in X */
2 void initMotionPlan ( FloorPlan2 & X, MotionPlan2 &M) {
3 int i ;
4 int j ;
5

6 for ( indexIterator1 ii (X); ii; ++ii ) {
7 i = ii(0);
8 Region2 inside = grow (X( i), -1);
9

10 for ( indexIterator1 jj(X ); jj; ++jj ) {
11 j = jj (0);
12 if (i != j) M.CopyOnIntersection ( X,i,X ,j,inside );
13 }
14 }
15 }
16

17 void main () {
18 MotionPlan2 M;
19 Region2 domain (1,1, N, N);
20 FloorPlan2 T = UniformPartition ( domain );
21

22 XArray2<Grid2<double> > grid1 (T), grid2 (T);
23 � � �
24 initMotionPlan ( T,M);
25

26 XArray2<Grid2<double> > *oldgrid = &grid1 , *newgrid = &grid2 ;
27

28 Mover2<Grid2<double> , double> * pDM1 =
29 new Mover2<Grid2<double> , double> (grid1 ,grid1 ,M);
30 Mover2<Grid2<double> , double> * pDM2 =
31 new Mover2<Grid2<double> , double> (grid2 ,grid2 ,M);
32

33 do {
34 /* Exchange boundary data with neighboring processors */
35 pDM1->execute ();
36 SwapPointer (& pDM1, &pDM2);
37

38 /* Perform the local jacobi computation */
39 ComputeLocal (* oldgrid ,*newgrid );
40

41 /* Compute the stopping criterion */
42 stop = computeNorm (* oldgrid , * newgrid );
43

44 /* Swap the pointers to the grids */
45 SwapPointer (& oldgrid ,&newgrid );
46 } while (stop > epsilon );
47 }
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eachgrid to supportquickswappingoneachiteration,while lines28–31establishaMover

for eachgrid. Themainloop takesplacein lines33–46.TheMover is executedon line 35,

causingboundaryvaluesto be updatedfor the currentgrid. The five point stencil is ex-

pressedusingasimpleFortranroutinefor efficiency (notshown here),andis appliedto the

arraysusingthe ComputeLocal () function of Listing 3.12. Thenthe normalvalueis

computed,thepointersareswapped,andthenext iterationbegins.

3.11.5 SIMD ProgrammingLanguages

Parallaxis-III andC�

ThoughtheSIMD (SingleInstruction,Multiple Data)programmingmodelseemsto bein

a stateof indefiniteretirement,two SIMD programminglanguagesdeserve mentionhere

for their index setconcepts:Parallaxis-III andC� [Brä95,Thi91]. Both languagessupport

densemultidimensionalindex spacesthatareusedto declareparallelarrays.Parallaxis-III

arraystatementsareperformedover theentirearray, andthereforedo not useindex setsto

describecomputation.In contrast,C� doesuseits index sets(shapes) to designateparallel

computationover entirearrays.However, it enforcesa tight correspondencebetweenthe

shapesof thecomputationandthearraysbeingused.Dueto this restriction,its shapesare

moreof a type modifier thana generalindex setfor expressingarraycomputation.Both

languagesallow for individualelementsto bemasked.Neitherprovidessupportfor strided

index sets.

3.11.6 Summary

Table 3.2 provides an overview of the main approachesconsideredin this section. Its

columnsindicate:whethereachapproachis alibrary- or language-basedapproach;whether

it supportsa local-view or global-view of computation;whetherit assumesa distributed

memory(DM), sharedaddressspace(SAS),or sharedmemory(SM) memorymodel; its

supportednotationfor arrayaccesses;how its syntaxindicatesconcurrency andcommuni-
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cation;andwhethersynchronizationis implicit in the approachor explicitly specifiedby

theprogrammer.

Generallycharacterizingthe spaceof relatedwork, the trendseemsto be that local-

view libraries and languagessupportgood flexibility anda performancemodel for pro-

grammers,but requirea greaterprogrammingeffort to explicitly managethe detailsof

parallelprogramming.By contrast,global-view languagesrelieve programmersof much

of this burden,but often hide it so well that userscannotmake informeddecisionsabout

their programs.Onesuchexampleis thelack of cuesto indicatecommunicationanddata

distribution informationin languageslikeHPFandNESL. In ZPL, thegoal is thatthedis-

tribution of regionsandtheir usewith arrayoperatorswill provide the programmerwith

sufficient informationto understandtheprogram’sparallelimplementationwithoutexplicit

compilerfeedbackor performanceanalysistools.

3.12 Discussion

3.12.1 CurrentSupportfor RegionDistribution

The currentimplementationof ZPL’s regionsmatchesthis chapter’s contentvery closely

with two important limitations. First, a region’s dimensionscan currently only be dis-

tributedin ablockedmanner. Second,all of aprogram’sregionsareconsideredinteracting.

Thissecondlimitation impliesthattherewill only bea singleprocessorgrid perprogram.

Theselimitations exist primarily due to insufficient motivation ratherthan technical

challenges.In particular, mostof the applicationsthat have beenwritten in ZPL to date

only usea single index spaceto describetheir algorithms. Furthermore,the algorithms’

characteristicshave alwaysbeenamenableto block distribution. As a result, the mech-

anismsfor specifyingalternative distribution schemesor additionalprocessorgrids have

never beendeveloped. This is not to say that supportfor otherdistributionsor multiple

problemsizesis not importantin a languagelikeZPL, but simply thattheproblemswhich

requiresuchmechanismshavenot yetbeenstudiedin ZPL.
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Summaryof CurrentScheme

Currently, ZPL programmersspecifythenumberof processorsandthedimensionsof the

processorgrid on the commandline of their ZPL executables.The -p � flag is usedto

specifythenumberof processors,while -r �'� , -c ��� , and-l ��� canbeusedto specifythe

numberof processorrows, columns,or levels in grids that are 1D–3D. Processorgrids

greaterthan3D canbe specifiedusing - g� � x � � x � � � x ��� . If the processorgrid’s dimen-

sionsareunderspecified,theZPL runtimeheuristicallyusesaconfigurationthatdividesthe

processorsbetweenthegrid dimensionsasevenlyaspossible.

At executiontime, theZPL runtimeevaluatestheglobalboundsof eachregion, com-

putestheresultingboundingregion,anddistributeseachdimensionof thatboundingregion

overtheprocessorgrid in ablockedfashion.Thisdistribution is thenpropagatedto eachof

theprogram’s regionsto computeits distribution.

3.12.2 ProposedSupportfor RegionDistribution

In thissection,I proposesyntaxfor supportinginteractingregions,multipleprocessorgrids,

andalternative index distributions.Runtimesupportfor thesemechanismsis discussedin

Chapter4.

SupportFor InteractingRegions

Onequestionthat shouldbe raisedis whetherthe compilershoulddetectinteractingre-

gionsontheprogrammer’sbehalf(usingadisjointsetalgorithm,for example[CLR92]), or

whethertheprogrammershouldspecifysetsof interactingregionsandhave thecompiler

“typecheck”thesetsto ensurethatthey areindependent.I believethatthesecondapproach

is moreattractive,andfollows thespirit of disallowing automaticvariabledeclarations.

To be more specific,I believe that programmershave a senseof what the “problem

spaces”in their algorithmsare. For example,“my programusesa large 2D domain,a

smaller2D domain,andsome1D vectors.” It thereforemakessenseto have usersdeclare
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Listing 3.14:ProposedSyntaxfor SpecifyingRegion Interactions(Domains)

region
R = [1.. m, 1.. n];
BigR = [0.. m+1, 0.. n+1];
North = [north of R];
South = [south of R];
S = [1.. x, 1.. y];
V = [1.. numelems ];
LongV = [0.. numelems+1 ];
InnerV = [2.. numelems -1];

grid Grid2D : 2;
Grid1D : 1;

domain Big2D : Grid2D = R, BigR ;
Small2D : Grid2D = S;
Vect1D : Grid1D = V, LongV, InnerV ;

theseproblemspacesto the compilerexplicitly, namingthe groupsof regions that they

believedescribeeachdomain.

As a proposedsyntax,considerListing 3.14. A numberof regionsaredeclaredby the

programmer. Thesedeclarationsarefollowedby two processorgrid declarations,Grid2D

which is 2-dimensionaland Grid1D which is 1-dimensional. Next, threedomainsare

declared,eachof which definesa group of interactingregions that will sharethe same

distribution andprocessorgrid. Prepositionalregionsbelongto thesamedomainastheir

baseregion. Similarly, dynamicregionsaregroupedin domainsbasedon theregionsand

arrayswith which they interact.

The compiler’s job is thereforeto typecheckregion andarrayusesto ensurethat two

regionsfrom differentdomainsarenot usedin aninteractingway. For example,assuming

arrayA is declaredusingregionR in Listing 3.14,thecompilerwouldemit anerrorfor the

following statementwhich mixesdomains:

[S ] A := 0;
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To supportbackwardscompatibility with currentprograms,it canbe assumedthat if

no domainsarespecified,all of a program’s regionswould belongto the samedomain.

Programsthatuseregionsof differentrankswould eitherbeforcedto declaredomains,or

couldbeinterpretedashaving animplicit domainperrank.

Returningquickly to the grid dimensionbucketing exampleof Listing 3.5, note that

while its intendedmeaningwaslogically clearto usasreaders,thereis nothingin thecode

to indicatethatregionsRandGinteract—theonly interactingregionsareGandthedynamic

region [value ] . This doesnot offer ZPL’s runtimeany indicationof how the indicesof

the dynamicregion [ value ] shouldbe distributed acrossthe processors,sinceG has

no actualboundsitself. Intuitively, we wererelying on R to describethe global problem

space,andto determinethelocationof region [value ] . Usingthissection’sproposal,the

intendedeffect would happenautomaticallydueto thelack of domaindeclarations.Or, to

bemoreexplicit, onecoulddeclare:

domain D: Grid1D = R, G;

Supportfor Multiple ProcessorGrids

The proposedgrid anddomainconceptsfor groupingregionsalsoprovide the userwith

niceidentifiersfor specifyingeachprocessorgrid. In particular, thecurrentcommand-line

supportfor specifyinggridscouldbeexpandedto allow domainsto benamed.Forexample,

theprocessorgridsfor thedomainsof Listing 3.14couldbespecifiedasfollows:

-gGrid2D =2x8 -gVect1D =16

Supportfor Non-BlockedDistributions

The remainingchallengeis how to supportdistributionsof region dimensionsother than

blocked. I believe thatregion distributionsshouldbespecifiedat compile-timeratherthan

on thecommand-line.My reasonsfor this arethree:First, region distribution cuescanbe

valuablefor the compiler to generateefficient code. For example,it is easyto generate
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Listing 3.15:ProposedSyntaxfor DeclaringDomainDistributions

prototype logdist (i : integer ; p: uinteger ): uinteger ;

domain Big2D : Grid2D ( blocked ,cyclic ) = R, BigR ;
Small2D : Grid2D = S;
Vect1D : Grid1D (logdist ) = V, LongV, InnerV ;

/* The following distribution gives the first half of the
indices to the first processor, a quarter to the second,
an eighth to the third and so on */

procedure logdist (i : integer ; -- the index to be distributed
lo : integer ; -- the low bound for this dim
hi : integer ; -- the high bound for this dim
p: uinteger -- number of procs in this dim

): uinteger ; -- return the proc i maps to
var

numelems : integer ; -- number of indices in this dim
top : integer ; -- upper bound for current proc
denom: integer ; -- 2, 4, 8, etc.

begin
numelems := hi - lo + 1; -- calculate number of elements
top := lo ; -- set top to low bound
denom := 2; -- start with 1/2 the elements
for i := 0 to p-1 do -- loop over processors

top += numelems /denom ; -- increase top by 1/denom elems
if ( i < top ) then -- if i is less than top...

return i ; -- it’s on proc i
end ;
denom *= 2; -- otherwise double denominator

end ;
return p-1; -- in case we slip through

end ;
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efficient loopsover blocked, cyclic, or block-cyclic dimensions.However, generatinga

singleloop thatcanefficiently iterateover all three(or any otherarbitrarydistribution) is

muchmore challenging. Secondly, region distribution decisionstend to be basedon an

algorithmandnotaparticularproblemsizeor numberof processors.While thisclaimmay

not be true for every program,it is sufficiently accurateto requirerecompilationwhena

programmerwantsto experimentwith differentdistributions.Third,expressinganarbitrary

distribution is mucheasierto dowithin thecontext of aZPL programthanit wouldbeona

program’scommandline.

Thus,I proposethe following scheme:For eachdomain,theusercanspecifyeithera

standarddistribution(block,cyclic, or block-cyclic) or acustomdistributionperdimension.

Customdistributionscorrespondto the � � functionsin Section3.3andwouldbeexpressed

usinga procedurethatacceptsanindex, a numberof processors,��� , andthe low andhigh

boundsof that dimension’s indicesas its arguments. The procedurereturnsa processor

numberfrom 0 to ��� ��� to indicatewheretheindex resides.If adomain’sdistributionis not

specified,it defaultsto ablockeddistributionin everydimension.Underthis interpretation,

all existingZPL programsarebeingimplementedcorrectly.

As an example, considerListing 3.15. This codere-specifiesthe domainsof List-

ing 3.14with the following distributions: The Big2D domainshouldbe distributedin a

blockedmannerfor its first dimensionanda cyclic mannerfor its second.No distribution

is specifiedfor domainSmall2D , causingit to beblockedin bothdimensions.Vect1D

is distributedusinga customdistribution function, logdist () , which distributeshalf as

many elementsto eachsuccessiveprocessor.

As a final note,considerthat languagesupportfor variationson thestandarddistribu-

tionscouldbevery helpful. In particular, onemight wanta blockeddistribution in which

the blocksarenot all of equalsize,as in the logdist () function. This representsin-

formation that could be helpful to the compiler, yet is virtually undetectablesimply by

analyzinga user’s customfunctions.Somemeansof specifyingsuchsimplevariationson

standarddistributionscouldbenefitboththecompilerandtheprogrammer.
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3.12.3 The(In-)Completenessof ArrayOperators

In anidealworld, onecouldimaginethatZPL wouldgiveprogrammerstheability to spec-

ify their own arrayoperators.However, ZPL’s arrayoperatorsvary greatlyin syntaxand

effect from oneanother—muchmoreso than its region operators,for example. For this

reason,it is difficult to imaginea cleanschemefor allowing usersto specifycustomarray

operators,especiallygiven that eachwould tendto requirea customcommunicationim-

plementation.Otherwise,userarrayoperatorswouldsimplybesyntacticsugarfor specific

applicationsof theremapoperator.

For this reason,it is temptingto arguethatZPL’s arrayoperatorsrepresenta complete,

fundamentalbasissetof operatorsthat a programmermight want to use. Unfortunately,

this seemsabit naive,andin any caseit is beyondmy abilitiesto prove.

However, thereis asimpleandquickargumentthatZPL’sarrayoperatorsform a“good”

basisset.In particular, thefactthatthereis aone-to-onecorrespondencebetweenthearray

operatorsandthedifferentcommunicationstylesprovidedby librariessuchasMPI, PVM,

SHMEM, etc. impliesthatZPL’s operatorsmatchthecommunicationstylesthatpractical

librarieshave identifiedasbeingfundamentalto parallelcomputing. I believe thata new

arrayoperatorshouldbeconsideredonly if (1) it involvesausefulcommunicationstylethat

is not succinctlydescribedby anexisting ZPL arrayoperator, and(2) it hasanimplemen-

tationthatis moreefficient thanits remapequivalent.Judgingfrom thestylessupportedby

currentlibraries,theexistingarrayoperatorsseemto matchcurrentuserrequirements.

3.12.4 ReconsideringtheWYSIWYGPerformanceModel

Thissectionreconsidersthewisdomandusefulnessof ZPL’s performancemodel.

DoesWYSIWYGThwartCompilerOptimization?

Oneof the main argumentsagainstZPL’s WYSIWYG performancemodel is that telling

theuserwhat to expectfrom a programlimits theamountof optimizationthata compiler
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cando. In my interpretationof ZPL’sperformancemodel,thiscouldbetruein theextreme

case,but not in general. In particular, I do not readZPL’s performancemodelassaying

“a point-to-pointcommunicationshallbeinvokedfor every@-reference”somuchas“@-

referencesmayreferto remotevalues,andpoint-to-pointstylecommunicationis sufficient

for transferringthosevaluesto local memory.” That is, the performancemodeldoesnot

dictateanabsolutecauseandeffect,but ratherdescribesthedataaccesspatternandalikely

solution.Thisdoesnotstrikemeasbeinga barrierto optimization.

As evidence,theZPL compilerperformsseveraloptimizationson thecommunication

usedto implement@-references,includingmessagevectorization,latency hiding, redun-

dancy elimination,andcombiningof messages[CS97, Cho99].Noneof thesebreakZPL’s

performancemodel,becausethearrayvaluesarestill organizedin thesameway, andthe

non-localreferencesare still made. The communicationimplementinga program’s @-

referencesis simply being performedin a more subtleway than a naive readingof the

performancemodelmight indicate.

On the other hand, thereare other optimizationsthat shouldbe considereda direct

violation of ZPL’s performancemodel—forexample,distributing an array in a skewed,

non-grid-alignedmanner. Thoughsucha distribution might improve performancefor cer-

tain programs,I amnot in favor of suchoptimizations,asI think thatlanguagesmusthave

someinvariantsuponwhich a usercanrely. For example,asa C programmer, it is use-

ful to know that its arraysarelaid out in row-majororder. While I canimaginecompiler

optimizationsthatusea differentorder, I would worry thatsuchoptimizationswould dis-

ruptprogrammers’viewsof whatwashappeningto theextentthatit thwartstheirability to

evaluateaprogram’s implementation.Thesameholdstruein ZPL.

ZPL’s InvisiblePerformanceFactors

Anotherpotentialtroublewith the WYSIWYG performancemodelis thatnot everything

is visible to the programmer. This I believe to be a real problem. For example,savvy

programmersmaywant to know how thecompileris insertingandoptimizing communi-
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cation,so that they might reorganizetheir codeto enableadditionaloptimizations. This

informationis not madeavailableto themin thelanguage.

As asecondexample,ZPL compilersoftenhaveto inserttemporaryarraysinto auser’s

codein ordertostoretheresultsof complex expressionslikeremapoperators.Thesetempo-

raryarraysconsumepreciousmemoryresourcesandresultin memoryreferenceoverheads,

yet areinvisible to programmerswho lack an intimateknowledgeof their ZPL compiler.

Sucheffectsseemat oddswith theWYSIWYG principle.

As afinal example,ZPL containsanarraycontractionoptimizationthatreplacesarray

referenceswith scalarsin orderto reducememoryusageandoverheads[LLS98, Lew00].

However, theuserhasnovisualcuesin theprogramto indicatewhencontractionis possible

or whethertheoptimizationfiresasexpected.

All of thesecasesinvolveparalleloverheadsthatprogrammersmight like to havemore

information aboutat the sourcelevel. However, ZPL’s global view doesnot allow the

languageto exposesuchinformation.Thesecasesalsorepresentcodethattheprogrammer

typically cannothand-optimizeusinga “back door” in the languageto ensurea particular

implementation.For example,programmershave no meansof specifyingcommunication

or thecontractionof avariableby hand,if they havesomeinsightasto whatwouldbebest

for theprogram.

This seemslike an obvious areafor continuedresearch.One approachmight be to

supplyedit-timetoolsthatareintegratedwith thecompilerandcanindicatesuchinvisible

factorsascommunicationplacementor unexpectedarraystorage.Anotherapproachwould

be to develop lower-level concepts,perhapsusinggrid dimensionsasa foundation,that

would give usersa meansof specifyinglower-level behavior whenthe compilerfails (as

indicatedby compilerfeedbackor profiling tools).

While ZPL’s performancemodelis not perfect,it doesprovide theuserwith a reason-

ably accuratelow-level interpretationof their codewithout sacrificinghigh-level, global-

view semantics.This makesZPL uniqueamongcurrentparallelprogramminglanguages,

andit is adirectresultof thelanguage’suseof regions.
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3.12.5 Unifying Parallel andIndexedArrays

Therehasbeensomeattemptin theZPL projectto do away with ZPL’s indexedarraysby

unifying themwith parallelarrays.Themotivationsfor thisareunderstandable:having two

distinctarraytypescanbesomewhatconfusingto users.In addition,many of theparallel

arrayoperatorswouldbeusefulif supportedfor indexedarrays.Sincethey arenot,explicit

loopsandindexing mustbeusedinstead.Theproposalwouldbeto declareall arraysusing

regions,andthento givetheusertheability to markeachdimensionasbeingdistributedor

not.

The problemwith this approachis that it complicatescertainaspectsof regionsand

arrayoperators.For example,imaginethata ZPL codecontainsthefollowing 2D parallel

arraydeclarations:

var A: [1.. n, 1.. n] integer ;
B: [1.. n, 1.. n] array [1..3] of integer ;
C: array [1..3] of [1.. n, 1.. n] integer ;

Usingthesedeclarations,thesameregionsanddirectionscanbeappliedto all threearrays,

sincethey areeachdeclaredusinga 2D region. For example,a simpleoperationmight

appearasfollows:

[1.. n, 1.. n] A@east := B@east [i ] + C[ j] @east ;

If parallelandindexeddimensionswereunifiedinto theregionconcept,thedeclarations

wouldappearasfollows:

var A: [1.. n, 1.. n] of integer ;
B: [1.. n, 1.. n, 1..3] of integer ;
C: [1..3, 1.. n, 1.. n] of integer ;

This approachhasseveral disadvantages.First, my array assignmentwould needto be

coveredby 2D and3D regionsto provide indicesfor all threearrays.Furthermore,three

differentversionsof directioneast wouldhaveto bedeclaredsincethelogicaldimension

that east wasmodifying is now different in eacharray. Third, B andC would require

different3D regionsto describethe correctelementsin eachof their references.Finally,
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theprogrammerwouldneedsomemechanismto indicateto thecompilerwhichdimensions

of A, B, andC it shouldalign. All of theseproblemsobfuscatewhatwasoriginally a very

simplestatement.

The other approachwould be to allow the userto declareparallel arraysof parallel

arrays,resultingin declarationssimilar to theoriginal ones.This hasits own setof prob-

lems,however. For example,eachnestedarrayexpressionwould requiremultiplecovering

regionsto specifyits indices. In addition,nestedarrayswould make it ambiguouswhich

arrayanoperatorwasbeingappliedto.

All of theseproblemsmightbesolvablegivenenoughtimeandimagination.However,

they alsomotivatea re-evaluationof theexisting syntaxto determinewhetherit is all that

bad. In my opinion, it is not. ZPL suppliesuserswith traditionalsequentialarrayswith

familiar accessstyles.It alsosuppliesthemwith parallelarrayswith unfamiliar operators.

This forcesusersto think aboutparallelarraysdifferentlythansequentialarrays.And they

should.It alsogivesusersa clearsyntacticindicationof whencommunicationis required

andwhenit is not. In short,I believeparallelarraysshouldlook differentbecausethey are

different.

This is not to saythatadditionalsupportfor indexedarraysis unwarranted.In particu-

lar, ZPL couldeasilysupportmoreadvancedindexedarrayaccessessuchasarrayslicing

or vectorsubscripting.Both of thesemechanismswould eliminateadditionalloopsfrom

existingZPL codes.

3.13 Summary

This chapterdescribedthe parallel interpretationof regions,andthe effect that their dis-

tribution haswheninterpretingZPL programs.Distributing interactingregionsin a grid-

alignedmannersupportstheconceptof aWYSIWYG performancemodelin ZPL,allowing

programmersto evaluatetheircodes’communicationandconcurrency. As aresult,regions

impartauniquemix of high-level semanticsandlow-level implementationinformation.In
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contrast,otherprogramminglanguageseitherrequireusersto programat thelow-level us-

ing a local-view, or they abstractaway importantdetailslike communicationto provide a

high-level global-view. Regionsallow ZPL to achieve anidealbalancebetweenthesetwo

approaches.

Thenext chapterdescribestheimplementationof regionsin ZPL.
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Chapter4

IMPLEMENTING REGIONS AND ZPL

This chapterdescribesthe implementationof ZPL, focusingon its runtimedatastruc-

turesandlibrary interfaces.This discussiondescribesthecurrentimplementationof ZPL

asaccuratelyaspossible,thoughin many casesthe identifiersarechangedfor reasonsof

clarity.

The chapterbegins by providing an overview of the compilationandexecutionmod-

els usedto implementZPL programs.It thendescribesthe datastructuresthat represent

ZPL conceptsat runtime,includingregions,arrays,processorgrids,datadistributions,and

directions. Section4.3 introducesseveralof the codeidioms usedto iterateover regions

andaccessarraysin thecompiler-generatedcodeandruntimelibraries.Section4.4summa-

rizestheinterfacefor ZPL’s runtimelibraries,detailingits guidingphilosophyfor commu-

nicationroutinesandtheapplicationof thisphilosophyin its point-to-pointcommunication

interface.Section4.5providesahigh-leveloverview of ZPL’scompilation.Relatedwork is

describedin Section4.6,andproposedsupportfor alternativedatadistributionsis discussed

in Section4.7.Partsof this chapterelaborateonpreviouslypublishedresults[CCS97].

4.1 Modelsof ZPL’s Compilation and Execution

This sectiongivesa brief overview of ZPL’s compilationandexecutionmodelsin orderto

setthestagefor therestof thechapter.
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Figure4.1: ZPL’sCompilationModel. Thisdiagramshowsaloosearchitecturefor theZPL
compiler. Userscansupplya ZPL sourcefile, C headerfiles, C sourcefiles, objectfiles,
andlibrariesto thezccompiler. TheZPL sourcefile is optionallyrun throughcppandthen
fedto zc0,whichtranslatesit to anintermediaterepresentationimplementedusingANSI C
with callsto theZPL runtimelibraries.Directivesto includetheuser-suppliedheaderfiles
arealsoinsertedinto theintermediatecodeto provide prototypesfor any externalroutines
implementedin theuser’s code.TheintermediateC, userC files,objectfiles,andlibraries
arethenfed to cc,alongwith ZPL’smachine-independentandmachine-dependentruntime
libraries.Theresultis anexecutablethatimplementstheuser’sZPL program.
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4.1.1 CompilationModel

ZPL’scompilationmodelis heavily influencedby thelanguage’sgoalof portability. Porta-

bility is achievedin ZPL by compilingto ANSI C andlinking in library routinesto imple-

mentmachine-specificfeatures.Thismodelis illustratedin Figure4.1.

The ZPL compiler is namedzc. It producesan executablefrom sourcefiles written

in ZPL andC, objectfiles, andlibraries. Thecurrentimplementationassumesthatonly a

singleZPL sourcefile will be specified,thoughit may be definedin termsof otherZPL

filesusingpreprocessor#include directives.A programcalledzc0formstheheartof zc

by performingtheZPL to C translationstep.Theresultingcodeis thenfedinto amachine’s

nativeC compiler, alongwith ZPL’s runtimelibrariesandany otherC files,objectfiles,or

librariesspecifiedby the programmeron the commandline. This link stepresultsin an

executablethatimplementstheZPL program.

ZPL’s runtimelibrariesaredividedinto two layers.Thefirst is a machine-independent

layerwhichcontainsroutinesthatarelargeenough,complicatedenough,or usedfrequently

enoughto warrantcreatinga library routineratherthanhaving the compilergeneratethe

codefor eachprogram. Suchroutinesinclude the parsingof the executable’s command

line, thecreationof dynamicregions,file I/O routines,memoryallocation,andhigh-level

communicationroutines. This layer is written asgenericallyaspossibleto ensurethat it

will executecorrectlyonall platforms.

Thesecondlayerof thelibrariesis a machine-dependentlayerwhich implementslow-

level routinesthatmayvaryfrom machineto machine.Thislayercanalsooverrideroutines

or datastructuresfrom the machine-independentlayer to meeta particularplatform’s re-

quirements.Most of the routinesin themachine-dependentlayer implementdatatransfer

routines,sincedetailsof communicationvarysomuchfrom platformto platform.Versions

of the machine-dependentlibraries have beendevelopedfor MPI, PVM, SHMEM, and

sequentialplatforms1. Futureversionsareplannedfor threadedsharedmemoryplatforms.

1An NX implementationalsoexistedat onetime,but hasfallenout-of-datealongwith thelibrary itself.
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...
> jacobi −p8 −r4 −sn=10000
         −sverbose=true

> ...

actual
program

jacobi

actual
program

jacobi

−p8 −r4 −sn=10000 −sverbose=true

−p8 −r4 −sn=10000 −sverbose=true
−p8 −r4 −sn=10000 −sverbose=true
−p8 −r4 −sn=10000 −sverbose=true
−p8 −r4 −sn=10000 −sverbose=true
−p8 −r4 −sn=10000 −sverbose=true

−p8 −r4 −sn=10000 −sverbose=true

−p8 −r4 −sn=10000 −sverbose=true

jacobi
actual

program

bootstrap
program

jacobi

Figure4.2: ZPL’s ExecutionModel. The userexecutesa ZPL program,specifyingthe
processorgrid(s)andoverridingconfigurationvariablesonthecommandline. Thisinvokes
thebootstrapprogramwhichdeterminesthenumberof processorsrequestedandspawnsa
correspondingnumberof copiesof theactualprogram,passingthecommandline to each.

4.1.2 ExecutionModel

As mentionedpreviously, ZPL userscanusecommand-lineoptionsto specifyprocessor

grids and to overridethe default valuesof their configurationvariables. For example,a

commandline for theJacobiimplementationin Section2.15.1mightappearasfollows:

jacobi -p8 -r4 -sn =10000 - sverbose =true

Theeffectof this commandline is to run ona �5�9� processorgrid usingaproblemsizeof

10,000andverboseoutput.

Compiling a ZPL programfor a parallelplatform generatestwo executables,known

as the bootstrap program and the implementingprogram. Dif ferent platformstypically

have diversemethodsof executingmultiple cooperatingversionsof an executable. The

bootstrapprogramis designedto hidethesedetailsfrom theuserbyparsingtheexecutable’s

commandline, determiningthe numberof processorsrequired,and then spawning that

many copiesof the implementingprogramusing the machine-specificmechanism.The

originalcommandline is passedto eachof thecopiessothatthey cansetuptheirprocessor



190

grid views andconfigurationvariablescorrectly. This resultsin anexecutionenvironment

thatis consistentfrom machineto machine,shelteringusersfrom muchof theoverheadof

learninghow to spawn processeson eachplatform.SeeFigure4.2for anillustration.

Conceptually, ZPL usesa singlethreadof control to implementeachprocessorspeci-

fied by theuser. In reality, thesethreadsof controlmaybeimplementedusingcooperating

threadsor processes,andthenumberof physicalprocessorsmaybesmallerthanthelogi-

calset.Thisdiscussionwill reinforcetheconceptualview by usingtheterm“processor”to

refer to a singlethreadof controlandlogical processor, regardlessof its actualimplemen-

tation.

4.2 Runtime Descriptors

This sectiondescribestheruntimedatastructuresthat implementZPL, referredto hereas

descriptors. Eachdescriptorcorrespondsto oneof themajorconceptsin thelanguageand

containsthe dataand functionsusedto implementthat concept. Descriptorsare imple-

mentedusingC structuresto storetheir definingvaluesanda pointer to the structureto

supportefficient parameterpassing.Everyprocessorstoresa privatecopy of eachdescrip-

tor, allowing its valuesto differ from thoseof otherprocessors.

4.2.1 DescriptorImplementationNotes

Thissectioncoverssomebasicsrelatedto theimplementationof ZPL’sruntimedescriptors.

HelperDataStructures

Thedescriptorsin thefollowing sectionsmake useof somehelperdatastructuresin order

to storerelatedfieldsclosetogetherin memory. Thesestructuresstoredimensionbounds

andsequencedescriptorsandaredefinedin Listing 4.1. Additional structuresareusedto

storefields that arelessobviously relatedadjacentin memoryfor purposesof cacheline

utilization. For clarity, this discussionwill ignoresuchstructures.
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Listing 4.1: DescriptorHelperStructures

/* a low/high bound pair */
typedef struct _lohi {

int lo ;
int hi ;

} lohi ;

/* a low/high bound pair with stride */
typedef struct _lohistr {

int lo ;
int hi ;
int str ;

} lohistr ;

/* a sequence descriptor */
typedef struct _seq {

int lo ;
int hi ;
int str ;
int align ;

} seq ;
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ArrayFieldsof Non-ConstantSize

Many of thedescriptorsin thischaptercontainarrayswhosesizesaredefinedby aregion’s

rank. SinceC structurescannotcontainnon-constantsizedarrays,this is donefor clarity

anddoesnot representthe typesusedin the actualimplementation.In reality, the imple-

mentorhasthreeobviouschoicesfor declaringsuchfields,describedhere.

Thefirst is to storea pointerin thestructureto anarraythatwill bedynamicallyallo-

catedat runtime. This is themostflexible solution,but involvesdynamicmemoryandan

extrapointerdereferenceto accesssuchfields.

A secondoptionis to usefixed-sizedarraysby imposinganarbitrarymaximumon the

rankof thedescriptors.This is theleastflexible approachandit obviouslybreaksthezero-

one-infinityprinciple [Mac87]. In practice,however, evena modestboundis sufficient to

handlethevastmajority of programs.Furthermore,fixing sucha boundsimplifiestheim-

plementation.Thesereasonsmakethis implementationtemptingin spiteof its inflexibility .

The third option is to createa helperstructurethat containsall of the arrayelement

typesasits fields.A descriptorstructureis thendeclaredfor eachrankusedby a program,

storinganarrayof correspondingsizeasits lastfield. Sincetheprefixesof thestructuresare

all identical,library codecantreatthesestructuresuniformly regardlessof rank(provided

thattheC compilerdoesnot reorderthefieldsin any way). Suchstructurescanbedeclared

usingC preprocessormacrosfor simplicity. Thechiefdisadvantageof thisapproachis that

it is somewhatnonintuitiveandmayspreadrelatedvaluesout in memoryfurtherthanideal

in termsof cacheutilization.

Listing 4.2 illustrateseachof theseapproachesas well as the conceptualarray that

they arebeingusedto implement. Our implementationtakesthe secondapproachusing

a maximumrank of 6. Although this approachinitially seemedpainfully inflexible, its

simplicity quickly becameseductive. In the long run, no usershave ever beenlimited

by this decision,andZPL’s implementationandresearchhave benefittedgreatlyfrom the

choice.
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Listing 4.2: ImplementingStructureswith Non-ConstantArray Fields

/* Conceptual structure */
typedef struct _concept {

int numdims ;
� � �
int a[numdims ];
double b[numdims ];
lohi c[numdims ];

} concept ;

/* Approach one: dynamic arrays */
typedef struct _dynarr_struct {

int numdims ;
� � �
int * a;
double * b;
lohi * c;

} dynarr_struct ;

/* Approach two: fixed-size arrays */
typedef struct _constarr_stru ct {

int numdims ;
� � �
int a[MAX_DIMS];
double b[MAX_DIMS];
lohi c[MAX_DIMS];

} constarr_struc t ;

/* Approach three: struct-per-dim */
typedef struct _abc_struct {

int a;
double b;
lohi c;

} abc_struct ;

#define FLEXARR_STRUCT_OF_RANK(rank ) \
typedef struct _flexarr_struct ##rank { \

int numdims ; � � � \
abc_struct abc [rank ]; \

} flexarr_struct ##rank ;

FLEXARR_STRUCT_OF_RANK(2) my2Dstruct ; /* define a 2d version */
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typedef struct _glob { 

} *glob;

int numprocs;
int index;5

8

global state
descriptor

CPU CPU CPUCPU CPU CPUCPU

Controller

Sparse Network

CPU

Figure4.3: TheGlobalStateDescriptor. ThisfigureshowstheCTA machinemodelandthe
globalstatedescriptorthatdescribestheprocessorshown in white. Thenumprocs field
describesthenumberof processorsin useby theprogram,andthe index field describes
theuniqueID of theprocessorstoringthedescriptor.

4.2.2 GlobalStateDescriptor

Theglobal statedescriptorstoresinformationrelatingto aprogram’sglobalproperties.In

its simplestform, this descriptorhastwo datavalues: the total numberof processors,�
(storedasnumprocs ), andtheuniqueindex of thelocalprocessor(index ����� � � �,�9� ).
SeeFigure4.3for anillustration.

Eachcopy of theimplementingprogramdeterminesthenumberof processorsby read-

ing the processorgrid specificationsfrom the commandline. If a single grid is speci-

fied, numprocs is simply setto the numberof processorsin thatgrid. If multiple grids

arespecified,the onethat usesthe largestnumberof processorsdeterminesthe valueof

numprocs .

Most parallel platformsprovide cooperatingprocesseswith a meansof queryinga

uniqueindex valuefrom 0 to ����� . If a platform doesnot provide sucha mechanism,

it canbe suppliedto the implementingprogramsby the bootstrapprogramon their com-

mandlines. In eithercase,this valueservesastheprocessor’s index .

Someplatformsrequireadditionalglobalbookkeepinginformationthatcanbe imple-

mentedin thestatevectoror usingglobalvariables.For example,in PVM, eachprocessor

hasa uniquetaskidentifier (TID) thatdescribestheprocesswithin thePVM environment,

usingauniquevalueotherthan0 to �8��� . TheTID of eachprocessormustbedetermined



195

and storedin an array for usethroughoutthe libraries when communicatingwith other

processors.

4.2.3 TheProcessorGrid Descriptor

Theprocessorgrid descriptoris usedto representa singleview of the processorsetasa

regulargrid. It containsfieldsthatdescribethenumberof dimensionsin theprocessorgrid

(numdims ), thenumberof processorscontainedby theprocessorgrid (numgridprocs ),

andtheuniqueindex of thecurrentprocessor(gridindex ). ZPL typically usesthefirst

numgridprocs processorsfrom theglobalsetto implementagivenprocessorgrid, caus-

ing a processor’s gridindex to besetequalto its index in theglobalstatedescriptor.

Processorsthatdo not participatein a particulargrid areassigneda gridindex of � � in

theirdescriptors.

In addition,thenumberof processorsin eachgrid dimensionis storedusinganinteger

array, procsperdim [] . Thesevaluesareidenticalto thevalues¡�¢'£�¡�¤�£5¥ ¥ ¥ £�¡�¦ usedto

describeprocessorgrids in Section3.2. Eachprocessoralsostoresits logical coordinates

in the processorgrid usinga secondinteger array, myloc [] . For a given dimension§ ,
myloc [ i] ¨ª©�¥ ¥ ¥ procsperdim [ i] � � . Processorsareorderedin row-major order

for eachgrid. Thus,for a3-dimensionalgrid:

gridindex « myloc [0] ¬ procsperdim [1] ¬ procsperdim [2]
myloc [1] ¬ procsperdim [2]
myloc [2]

ProcessorGrid Slices

Processorgridsarealsoorganizedinto processorgrid slices(or slicesfor short).Eachgrid

slicedescribesa subsetof processorsthateitherhave thesameindex in a givendimension

of thegrid or donot. For example,in a2-dimensionalgrid, processorswouldbeorganized

into row slicesandcolumnslices. Sinceregionsaredistributedin a grid-alignedmanner,

processorgrid slicesare useful for referring to the subsetof processorsparticipatingin
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Figure4.4: ProcessorGrid Slicesin 3D. This figure illustratesthe8 waysof slicing a 3D
processorgrid andtheir correspondingslicenumbers.

thebroadcastandreductionroutinesusedto implementZPL’s flood andpartial reduction

operators.

A ® -dimensionalprocessorgrid has̄ ° slices,numbered±�² ² ² ¯�°'³0´ . Eachsliceis inter-

pretedby converting its numberto a binaryrepresentationandassociatinga bit with each

processorgrid dimension.In particular, thelowestorderbit representsthefirst dimension

of the processorgrid, the next bit representstheseconddimension,andsoon. If a given

dimensionholdsthevalue“0,” it impliesthatall processorsin thatdimensionareinvolved

in theslice.Thevalue“1” indicatesthattheprocessorgrid is slicedin thatdimension.This

meansthat in any grid, slicenumber0 refersto thecompletesetof processorsin thegrid,

whereasslice number ¯�°µ³¶´ describesa setof · slices,eachof which containsa single

processor.

As a more interestingexample, in a 2-dimensionalgrid, slice 1 ( ±�´ ¸ ) refersto the

processorgrid’s rows,while slice2 ( ´ ±�¸ ) refersto its columns.Thus,slices1 and2 might

beusedto implementthefollowing statements,respectively:

[1.. n, *] A := >>[ , k] B; -- broadcast within slice 1
[1, 1.. n] C := +<<[R ] D; -- reduce within slice 2

SeeFigure4.4for anillustrationof theeightwaysto slicea3D processorgrid.



197

Listing 4.3: A C Routineto Determineif a Grid Sliceis Distributed

int slice_distribu ted (procgrid grid , int slicenum ) {
int dim ;
int dimbit = 0x1 ;

/* loop over the processor grid’s dimensions... */
for ( dim =0; dim<grid - >numdims ; dim++ ) {
/* if the slice spans this dim and the grid isn’t flat... */
if ((slicenum & dimbit == 0) &&

(grid - >numprocs [dim ] > 1)) {
return 1; /* ...then the dimension is distributed */

}
dimbit = dimbit << 1; /* ...else, continue with next dim */

}
return 0; /* if we get here, no dim was distributed */

}

Any given processorslice hasa numberof propertiesthat might be of interestto the

ZPL runtimelibraries.Theseinclude:

¹ Is slice º distributedacrossmultipleprocessors?

¹ Whatis my/processor» ’s logicalnumberwithin slice º ?

¹ Whatis thelowest-/highest-numberedprocessorin slice º ?

¹ In my instanceof slice º , which processorstoresindex ¼ ?

All of thesepropertiesarefairly trivial to computeusinga loop thatchecksthebits of the

binaryslicevalueby iteratingover theprocessorgrid’s dimensions.For instance,thecode

in Listing 4.3computeswhetheror notaparticularprocessorgrid sliceis distributedacross

multiple processors.This informationcanbe usedby library calls to determinewhether

communicationis necessary. For example,whenusinga ½�¾)» grid, this routinewouldsay

thatslice1 is distributed,but thatslice2 is not. Thus,thepartialreductionshownpreviously

wouldbecompletelylocal,requiringnocall to thereductionroutinein theruntimelibraries.
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typedef struct _grid {

} *grid;

int numdims;
int gridprocs;
int gridindex;
int procsperdim[numdims];
int myloc[numdims];
int numslices;
int slice_distributed[numslices]; 

{0, 2, 0}

2

3
24

{2, 4, 3}

8

processor grid
descriptor

{1,1,1,1,
1,1,1,1}

CPU CPU

CPU

CPUCPU

CPUCPUCPU

Figure4.5: TheProcessorGrid Descriptor. A processorgrid andthegrid descriptorfor the
processorshown in white. Thefieldsareasfollows: numdims —therankof theprocessor
grid; gridprocs —the numberof processorsin the grid; gridindex —the ID of the
processorstoringthedescriptor;procsperdim [] —thegrid’sdimensions;myloc [] —
the logical locationof theprocessorstoringthedescriptor;numslices —the numberof
slicesin thegrid; slice_distributed [] —anarraystoringwhetheror not eachslice
is distributedacrossmultipleprocessors.

The processorgrid descriptorstoresthe numberof slicesin the grid, as well as the

answersto any of the questionsabove thatareconsideredworthwhile to precomputeand

store.For example,the runtimelibrariescheckwhetherslicesaredistributedfairly often,

sothis informationis precomputedandstoredin anarrayindexedby slicenumberto avoid

recomputingit every time.

Certainplatformssupportuser-specifiedprocessorgroupsto describea subsetof the

processors.For example, MPI’s communicators allow processorsto be organizedinto

disjoint subsets[Mes94]. Suchmechanismscan be usedto arrangeprocessorsin their

respective slices. As a result, the machine-independentlibrariesoften play a role in the

initializationof aprocessorgrid by definingslicesfor useby thecommunicationroutines.

This concludesthe descriptionof the processorgrid descriptor. Figure4.5 shows an

illustrationsummarizingits structure.
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4.2.4 TheDistributionDescriptor

Distribution descriptors areusedto representthe mappingof indicesto a processorgrid.

They correspondto thedomaindeclarationsdescribedin Section3.12.2.As such,they are

usedto distributetheindicesfrom agroupof interactingregionsto theircommonprocessor

grid view. Distribution descriptorsarealsouseful for finding the locationof a particular

index asrequiredby theremapoperatoror adynamicregion.

Distribution descriptorscontaina referenceto the processorgrid descriptorthat rep-

resentsthe target of the distribution (procgrid ). They alsostorethe boundingindices

of theregionsthatarebeingdistributed(bound []. lo /hi ), sincetheseboundsaretypi-

cally usedto computeadistribution. Althoughthedistribution’srank(numdims ) couldbe

lookedup in its processorgrid descriptor, in practicethisvalueis replicatedin thedistribu-

tion descriptorbecauseof its small sizeandto avoid the lookup. Thefinal componentof

thedescriptoris adescriptionof thedistribution itself.

Sincethecurrentimplementationof ZPL only supportsblockeddecompositions,it does

not utilize distribution descriptorsthat supportarbitrarydistributions. Rather, the values

thatdefinetheblockeddistributionarestoredfor eachdimensionof theindex space.

Continuingwith thearbitrarydistribution proposalof Section3.12.2,it is easyto con-

ceiveof storinganarrayof functionpointerswithin thedistributiondescriptorthatdescribe

the distribution of eachdimension(map[] ). The runtimeroutinescould thenquerythe

locationof index ¿ À'Á in dimension¿ usingacall asfollows:

proc = (dist - >map[ i])( ind , dist ->bound [i ]. lo ,
dist ->bound [i ]. hi,
dist ->procgrid - >procsperdim [i ]);

Figure4.6showsanillustrationof thedistributiondescriptor.

It seemslikely that moreadvanceddatadistribution schemeswill want to storesome

amountof stateinformation to describethe distribution and provide fast lookupsfor a

particularindex. For example,consideranirregularlyblockedpatternwhosedistribution is

notdefinedusingsimplemath.In suchacase,theimplementormightwantto storeasimple
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typedef struct _dist {

} *dist;

int numdims;
grid procgrid;

lohi bound[numdims];

int (* map[numdims])(...); 

2
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{{0,5},
 {0,5}}

descriptor
distribution

f1

f2
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Figure4.6: TheDistribution Descriptor. Thedistribution on theleft is encodedin thedis-
tribution descriptorin the center. The fields areasfollows: numdims —the rank of the
distribution; procgrid —a pointer to the processorgrid descriptorto which this distri-
bution maps;bound [] —an array of low/hi boundsthat describethe boundingbox of
the index spacebeingdistributed;map[] —anarrayof pointersto mappingfunctions(or
possiblysentinelfunctionsrepresentingbuilt-in distributions).

arrayof valuesto indicatethefirst index ownedby eachprocessor. Thiswould supportthe

useof binary searchesto locatea particularindex quickly. Suchdatawould needto be

associatedwith a distribution descriptor’s dimensionsratherthanthedistribution function

itself in orderto allow asinglefunctionto bereusedwith multiple index sets.Thequestion

is thereforehow to storeand initialize sucharbitrarydatastructuresso that they canbe

passedinto thedistribution function.This topic requiresfurtherstudy.

Theremainderof this chapter’s technicaldescriptionwill assumethat regionsaredis-

tributedusingablockeddistribution(regularor irregular).Thetopicof supportingalterna-

tivedistributionswill bereconsideredin Section4.7.

4.2.5 TheRegionDescriptor

The region descriptoris usedto storeinformationfor eachregion in a ZPL program.As

such,it is oneof the mostfundamentaldescriptorsin the implementation,describingthe

index setsusedfor arraydefinitionsandthelanguage’simplementingloopnests.Figure4.7

showsanillustrationof a regiondescriptorin ZPL.
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typedef struct _region {

} *region;

2
{{?,?,?,−1},

{{?,?}, {0,5}}
{{0,0}, {1,1}}

1
FloodRow

{0,5,1,0}}

region descriptor

int numdims;

seq seqdesc[numdims];

dist distribution;
lohi globbbound[numdims];
lohi procloc[numdims];

bool iown; 
char* name;

lohistr locbound[numdims]; 

 FloodRow = [*, 0..n+1]; 

{{0,0,1}, {3,5,1}}

Figure4.7: The Region Descriptor. This figure shows a floodedrow region and the re-
gion descriptorfor the processorowning the shadedportion of its indices. The fields
areasfollows: numdims —the rank of the region; seqdesc —the region’s definingse-
quencedescriptors;distribution —a referenceto theregion’s distribution descriptor;
globbound [] —thelowestandhighestindicesrepresentedby theregion in eachdimen-
sion; procloc [] —the processorcoordinatesowning theselowestandhighestindices;
locbound [] —theboundsandstridethatdefinetheprocessor’s local indices;iown —a
booleanflagindicatingwhetheror not theprocessorownsapieceof theregion;name—the
nameof theregion, for debuggingpurposes.
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Global-view Fields

To describea region’s globalview, its descriptorstorestheregion’s rank(numdims ), and

an arrayof sequencedescriptors(seqdesc [] ). By convention, the alignmentvalueof

eachsequencedescriptoris storedasa valuefrom 0 to ÂµÃ�Ä , where Â is its corresponding

stride value. Flood and grid dimensionsare indicatedusing sentinelalignmentsof Ã Ä
and Ã�Å , respectively, sincetheseare illegal alignmentsfor a traditionaldimension. The

othersequencedescriptorfields arenever referencedfor a grid or flood dimension,and

thereforemaycontainarbitraryvalues.

DistributionFields

Theglobal distribution of the region is capturedin the region descriptorby storinga ref-

erenceto its distribution descriptor(distribution ) aswell astheactual low andhigh

global indicesfor eachdimension(globbound [] ). Note that theseboundsdescribethe

lowestandhighestindicesthatareactuallydefinedby asequencedescriptorratherthanthe

descriptor’s low andhigh bounds.For example,theglobalboundsof descriptorÆ Ä$Ç È�Ç Å�Ç Ä É
would be 1 and5 sinceit only describesodd elements.Theseboundingindicesareused

at runtimeto dynamicallycomparethedimensionsin thesourceanddestinationregionsof

a flood or reductionoperator. They arealsousedto determinetheboundsof anarrayI/O

operation,to computethealignmentof stridedregions,etc.

In addition, the region descriptorstoresthe processorgrid coordinateswherethe re-

gion’s lowestandhighestindicesaremapped(procloc [] ). Althoughthesevaluescould

be computedfrom the region’s sequencedescriptorsanddistribution descriptor, the cur-

rent implementationcachesthemin the region descriptorsfor convenienceand to avoid

excessiveuseof themodulusoperator.
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Local-view Fields

Eachprocessor’s localview of aregion is representedin its descriptorby storinglow, high,

andstridevaluesfor eachdimension(locbound [] ). Theseboundsrepresentthe lowest

and highestindicesin the dimensionthat map to the processor. They can thereforebe

usedas loop boundswhen iteratingover a processor’s local portion of the dimensionin

eitherascendingor descendingorder. If a processordoesnot own any indicesin a certain

dimensionof a region, it storesa low boundthatexceedsits high boundsothatany loops

over the dimensionwill be degenerate.In addition,a booleanvalueis storedto indicate

whetheror not theprocessorownsa block of the region’s indices(iown ). Although this

couldbecomputedby looking at theboundsof eachdimension,it is storedexplicitly asa

quickmeansof checkingaprocessor’s involvementin acomputationover theregion.

Note that a processor’s local stridevaluesare identical to the stridesstoredin its se-

quencedescriptors.They arestoredagainwith its local boundsfor improved cacheuti-

lization whenloopingover theprocessor’s indices(themostcommonuseof a region de-

scriptor).In fact,thecurrentimplementationdoesnotcontainastridefield in thesequence

descriptorsto avoid replicatingthevalue. Sincesequencedescriptorsareonly usedwhen

definingregions,theseparationin memoryis lessimportantin thiscase.

A floodor grid dimensionis representedusingastrideof 1 andanarbitraryindex owned

by theprocessorasits low andhigh bounds(typically theprocessor’s lowestlocal index).

Thisallowstheprocessorto loopover thesingleimplementingindex of thedimensionasit

wouldany otherdimension.SinceZPL’ssemanticspreventtheuserfrom directly referring

to this index, its implementingvalueis inconsequential.

MiscellaneousFields

Thecurrentimplementationof regionsalsousesastringto storethenameof theregion for

debuggingpurposes(name). This is never requiredto implementa ZPL program,but has

madedevelopmentmucheasierat times.
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typedef struct _array {

region impl_reg;

} *array;

 var F:[FloodRow] float; 

12

{0,4}
{0,3}

{1,1}

accessFN()
NULL
NULL

int size;
char* data;
int offset[numdims]; 
int blocksize[numdims]; 
int stride[numdims];
char* origin;
char* (* accessor)(int ind[]); 
void (* readelem)(void* elem); 
void (* writelem)(void* elem); 

char* elemtype;"float"
int elemsize;

2

array descriptor

4

int numdims;
region decl_reg;

Figure4.8: TheParallelArray Descriptor. This figureshows theparallelimplementation
of afloodedrow array, andthearraydescriptorfor theprocessorowningtheshadedportion
of the array. The fields areasfollows: numdims —the rank of the array;decl_reg —
the region usedto declarethe array; impl_reg —the region describingthe array’s size
once implicit storageis addedto it; elemsize —the size of the array’s elementtype
in bytes; elemtype —a string describingthe array’s elementtype; size —the size of
the databuffer allocatedfor the array’s datavalues;data —a pointer to the array’s data
buffer; offset [] —offsetsfor makingglobal indiceszero-basedwhenaccessingthear-
ray; blocksize [] —multiplicative factorsusedto scaleeachdimensionof an array’s
access;stride [] —divisorsusedto stridean array’s dimensions;origin —a special
pointerusedto optimizearrayaccesses;accessor () —a functionusedto accessthear-
ray elementat a given index; readelem () /writelem () —functionsto reador write
theelementsof anarray, usedprimaryfor arrayswith non-scalarelementtypes.
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4.2.6 TheParallel ArrayDescriptor

ZPL’s parallel array descriptor(array descriptorfor short)is usedto representa proces-

sor’s view of a parallel array. Sinceparallel arraysare definedusing regions, much of

thehigh-level informationaboutthearrayis storedin its definingregion’s descriptor. This

leavesthearraydescriptorwith thetaskof describingthememorylayoutusedto implement

anarray. Figure4.8showsanarraydescriptorin ZPL.

High-levelFields

In additiontostoringareferenceto itsdeclaringregion,(decl_reg ), eacharraydescriptor

storesits rank(numdims ), its elementsizein bytes(elemsize ), andastringholdingthe

nameof the elementtype for useby debuggers(elemtype ) [WA00, Wat00]. Because

ZPL currentlysupportsthe implicit extensionof an array’s storage(Section2.18.5),the

arraydescriptoralsostoresa referenceto a region that definesits actualsize, including

any implicit storage(impl_reg ). Arrays that requireno implicit storagestorea second

referenceto their definingregion in this field.

DataLayoutFields

Thearray’sdatais storedin row-majororderusingasingleblockof memorywhosesizeis

nominallyequalto thenumberof local indicesin thedefiningregiontimestheelementsize.

This sizeis explicitly storedin thedescriptorfor accountingpurposesandasa debugging

tool (size ). Thedatablockitself is dynamicallyallocatedandpointedto usingacharacter

pointerto supportpointerarithmetic(data ).

Therestof thearraydescriptor’s datalayoutfieldsprovide a meansof translatinglog-

ical indicesto memoryaddresses.Sincean array’s indicesare not necessarily0-based,

eachdimensionmuststorean offset to shift indicesto 0 (offset [] ). In addition,each

dimensionstoresa multiplicative factorusedto describethedistancebetweenconsecutive

elements(blocksize [] ) andastrideusedto representstrideddimensions(stride [] ).
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While it is temptingto combinethe blocksize [] andstride [] fields into a single

multiplicative factor, the fact that their ratio may be lessthan1 requiresthe valueto be

fractional. For example,an arrayof charactersstridedby 8 would requirea blocksizeof
Ê�Ë Ì

. Ratherthan incur the overheadand imprecisioninvolved in using a floating point

multiplicative factor, thecurrentimplementationusestwo integervalues,optimizingthem

awaywhenpossible.Thisoptimizationusesanadditionalcharacterpointerfield (origin )

whoseuseis describedfurtherin Section4.3.2.

Arrayswith floodedor grid dimensionsareimplementedusinga multiplicative factor

of 0 to collapseany index in thatdimensiondown to its singlesetof implementingvalues.

Notethatthis is alsothejustificationfor explicitly storingthebaseelementsizeratherthan

simply referringto blocksize [ numdims -1] . In caseswheretheoutermostdimension

is a flood or grid dimension,this multiplier will be set to 0 thoughthe elementsize is

obviouslynon-zero.

ArrayOperationFields

Theremainingfieldsof thearraydescriptorarefunctionpointersusedto storeotheroper-

ationsrelatingto thearray. Oneof thesefunctionpointersrepresentsthearray’s accessor

function, a routinethattakesanarrayindex asinput andreturnsa pointerto theaddressof

thearrayelement(accessor () ). Accessorroutinesarea meansof gettingat anarray’s

datain agenericbut efficientmanner, andarediscussedfurtherin Section4.3.2.

The othertwo function pointersareusedto reador write an elementof the arrayus-

ing the consoleor a file and can be set by the userin a ZPL program(readelem () ,

writelem () ). Thesefieldsareprovidedto givetheuserhigh-level controlfor specifying

I/O on non-scalararrayelements.WhenperformingI/O on anparallelarray, theappropri-

atefunctionis appliedto eachelementoneata time, if it is defined.If it is not,scalararray

valuesarehandledusingdefault scalarformattingandnon-scalarvaluesresultin anerror

messageat runtime.
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(c) (d)(a) (b)

R

BigR

A

New

R

BigR

Figure4.9: Fluff Requiredby the JacobiIteration. (a) The global-view of regionsR and
BigR for theJacobiiteration. (b) Theblockeddistribution of the index spacefor a Í)Î9Í
processorgrid. (c) The memoryallocatedon eachprocessorfor arrayA. White values
arenormalarrayvalues.Dark grey valuesindicatefluff valuesrequiredby theprocessor
to storeelementstransferredfor the @-references.Light grey valuesindicateadditional
valuesthatareallocatedto keepeachprocessor’sdatarectangularin shape.(d) Thememory
allocatedon eachprocessorfor arrayNew. No fluff valuesarerequiredsinceit hasno @-
referenceswithin theprogram.

Fluff

Oneissuethathasbeenignoredthroughoutthisdissertationis thefollowing: Wheredo the

runtimelibrariesstorevaluesthatarecommunicatedbetweenprocessorsastheresultof an

@-, flood, reduction,or remapoperator?For the last threeoperators,the communicated

datacanalwaysberepresentedusinganarray—eithertheleft-handsideof theassignment,

or a temporaryarrayintroducedby thecompiler. However, theanswerfor the@ operator

is somewhatmorecomplicated.

Sincethe@operatoris typically usedto accessanarray’snearbyneighboringelements,

thecommunicatedvaluesarestoredin memoryadjacentto theprocessor’slocalblockof ar-

raydata,known asfluff (otherwork refersto theselocationsasghostcells, overlapregions,

or oneof several othercolorful names).The ideabehindfluff is to storecommunicated

valuesin closeproximity with theoriginal values,bothto supporta uniform meansof ac-

cessingthem,andin hopesthatthey will shareacacheline with theprocessor’s localarray

values.
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typedef int dir[numdims]; 

descriptor
direction

{−1, 0}
north

Figure4.10: TheDirectionDescriptor. A directionis shown with its descriptor, a simple
integerarray.

The fluff requiredby eacharray is computedat compile time by searchingfor @-

referencesandstoring the maximalextent that every array is accessedin eachdirection.

Thesevaluesare then usedby the array descriptor’s initialization codeto allocateextra

rows or columnsof memoryalongwith the original chunkof data. For example,in the

Jacobiimplementationof Listing 2.15,thecompilerwould determinethat theA arrayre-

quiresanextra row andcolumnof datain eachdirectiondueto the5-pointstencilapplied

to it, while theNewarrayrequiresnoadditionalmemory. SeeFigure4.9for anillustration.

4.2.7 TheDirectionDescriptor

Directiondescriptorsarethesimplestof all. They areimplementedusinga simpleinteger

arrayto storethedirection’s definingvalues.Directiondescriptorsarementionedherefor

completenessratherthan becauseof any intriguing aspectsin their design. Figure4.10

illustratesthis fascinatingdatastructure.

4.2.8 Initializing RuntimeDescriptors

When a ZPL programis executed,the first thing that happensin the actualprogramis

the initialization of the runtime libraries. Then, the global statedescriptoris set up by

parsingthe commandline andqueryingthe processor’s index from the runtimelibraries.

Next, theuser’s global variablesareinitialized in theorderthat they weredeclaredin the

programtext. SinceZPL doesnot supportforwarddeclarationsof grids,domains,regions,

or variables,thisensuresthattheprogram’sdescriptorsaresetup in a legalorder.
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Eachconfigurationvariableis initialized by checkingthe commandline to seeif its

default value was overridden. If it was not, the initializing expressionis evaluatedand

storedin theconfigurationvariable(implementedasa traditionalC variable).

Grid descriptorsareinitialized by readingtheirglobalspecificationfrom thecommand

line andstoringit in thedescriptor. Eachprocessorthencomputesits positionwithin the

grid usingsimplecomputationsbasedonarow-majorlayoutof processorsby globalindex.

They alsocalculatethenumberof slicesin thegrid, computewhetheror not eachslice is

distributed,andstorethis informationin thedescriptor.

Regionsareinitialized in two phases.Whena region’sdeclarationis first encountered,

theprocessorcomputesits globalboundsandstoresthemin its descriptor, alongwith the

numberof dimensions,sequencedescriptors,andnameof the region. The boundingin-

dicesof the region’s distribution descriptorarealsoexpandedto reflect the new region’s

contribution to theboundingindex space.

The secondphaseof region initialization occursafterall of a distribution descriptor’s

regionshave contributed their bounds. At that point, the indicesof eachdimensionare

blocked up to defineeachprocessor’s local portion of the boundingindex space.These

indicesarethenintersectedwith eachregion’s global indicesto determinetheprocessor’s

localportion,andtheboundsandownershipfieldsin its descriptorareupdated.

Array descriptorsaresimilarly initialized in two phases.Whenthearray’s declaration

is first encountered,its rank, definingregions,elementinformation,andaccessorareall

storedin thedescriptor. Noneof thearray’s dataor layoutcanbesetup until its defining

regionhasbeendistributed.This marksthesecondphaseof anarray’s initialization. Once

theregion’s local indiceshavebeendetermined,eacharraydeclaredover thatregion reads

the indices,expandsthemby the appropriateamountof fluff, allocatesits block of data,

andstoresall thevaluesin its descriptor.

Dynamicregionsandlocal arraysareinitialized in muchthesameway. Their descrip-

torsaredeclaredasvariableswithin afunctionor C scope.Thesedescriptorsareinitialized

assoonasthescopeis entered,anddeallocatedwhenit is left.
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Listing 4.4: A General2D M-Loop overRegionR

if (R ->iown ) {
const int i0Lo = R- >locbound [0]. lo ;
const int i0Hi = R- >locbound [0]. hi ;
const int i0Str = R->locbound [0]. str ;
int i0 ;
const int i1Lo = R- >locbound [1]. lo ;
const int i1Hi = R- >locbound [1]. hi ;
const int i1Str = R->locbound [1]. str ;
int i1 ;

for (i0 = i0Lo ; i0 <= i0Hi ; i0 += i0Str ) {
for (i1 = i1Lo ; i1 <= i1Hi ; i1 += i1Str ) {
/* loop body goes here */

}
}

}

4.3 CodeIdioms

This sectiondescribesthe most importantcodeidioms usedin generatingZPL code. Of

particularimportancearethe nestedloopsgeneratedby the compilerto iterateover a re-

gion’s index setandthemeansby whichanarray’s datais accessed.

4.3.1 M-Loops

Any time a region’s indicesneedto be enumerated,ZPL usesa nestedloop calledan m-

loop (multi-loop) to implementthe traversal. Sinceregionsarecentralto ZPL’s parallel

execution,m-loopsaboundin the generatedC codeof ZPL programs.M-loops comein

many differentvarietiesto optimizethetraversalof theindex setasmuchaspossible.This

sectiondescribesthemostimportantm-loopvarieties.This discussionassumesthateach

region’sindicesshouldbetraversedin row-majororder, thougharbitraryordersarepossible

simplyby reversingor reorderingtheimplementingloops.
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Listing 4.5: A Non-StridedM-Loop

if (R ->iown ) {
const int i0Lo = R- >locbound [0]. lo ;
const int i0Hi = R- >locbound [0]. hi ;
int i0 ;
const int i1Lo = R- >locbound [1]. lo ;
const int i1Hi = R- >locbound [1]. hi ;
int i1 ;

for ( i0 = i0Lo ; i0 <= i0Hi ; i0++ ) {
for (i1 = i1Lo ; i1 <= i1Hi ; i1++ ) {
/* loop body goes here */

}
}

}

General M-Loops

Themostgeneralm-loop implementationtraversesall indicesof a region R usingcodeas

shown in Listing 4.4. Theentireloop is guardedby a checkto seewhethertheprocessor

executingthecodeactuallyownsapieceof theregion. This is usedto preventunnecessary

initialization and to avoid the possibility of performinguselessiterationsin outer loops

whoseinnerloopsaredegenerate.

If theprocessorownsapieceof theregion,theprocessor’s local loopboundsandstride

are readfrom the region descriptorand storedinto constantinteger variablesto assure

the C compiler that they are fixed regardlessof the loop’s contents. The loop itself is

implementedusinga straightforwardnestedloop whosedepthcorrespondsto theregion’s

rank. Notethatthis singleloop idiom worksfor normal,strided,singleton,flood,andgrid

dimensionsgivenregiondescriptorsasdefinedin Section4.2.5.
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Listing 4.6: An M-Loop whoseSecondDimensionis Flat

if (R ->iown ) {
const int i0Lo = R- >locbound [0]. lo ;
const int i0Hi = R- >locbound [0]. hi ;
int i0 ;
const int i1 = R- >locbound [0]. lo ;

for (i0 = i0Lo ; i0 <= i0Hi ; i0++ ) {
/* loop body goes here */

}
}

Non-stridedM-Loops

For region dimensionsthat canstaticallybedeterminedto benon-strided,thestridevari-

ablesin the generalm-loop are eliminatedto provide more preciseinformation to the

C compiler. As an example,a completelynon-stridedm-loop would be implementedas

shown in Listing 4.5.

Flat M-Loops

Iteratingover singleton,flood, andgrid dimensionsusinga loop is overkill, sinceat most

oneindex is representedperprocessor. Whenthecompilercanstaticallyclassifya region

dimensionasoneof thesethreetypes,the loop is replacedby a constantdeclarationof

thatdimension’s index counter. For example,Listing 4.6 shows anm-loopwhosesecond

dimensionis eitherasingleton,grid, or flood dimension.Notethatthis loopworksfor sin-

gletondimensionsevenonprocessorsthatdonotown its singleindex dueto theconditional

thatguardstheloopasawhole.

MacroizedM-Loops

To keepZPL’s generatedcodemorecompactandreadable,macrosaredefinedfor eachof

the m-loop idioms. For example,the macroizedversionof Listing 4.6 is shown in List-



213

Listing 4.7: A MacroizedM-Loop

if (I_OWN( R)) {
INIT_2D_LOOP(N , F, R);

MLOOP_UP(R , 0) {
MLOOP_UP_FLAT( R, 1) {
/* loop body goes here */

}
}

}

ing 4.7. The INIT_2D_LOOP () macrodeclaresthe loop bounds,strides,anditeration

variablesasnecessary. Its argumentsindicatewhetherthe region’s dimensionsarenon-

strided(N), strided(S), or flat (F), respectively. It alsotakestheregion descriptoritself as

anadditionalargument.

The loopsthemselvesaredefinedusingmacroswhosenamesreflectwhetherthey are

goingup or down, andwhetherthey arestridedor flat (non-stridedis thedefault). Thear-

gumentsto thesemacrosincludetheregion descriptor(for documentationpurposesonly),

andthe dimensionbeingtraversed. Note that althoughthe MLOOP_UP_FLAT() macro

expandsto theemptystring, it is generatedfor thepurposesof readabilityandcomplete-

ness.

MaskedM-Loops

Whenloopingoverregionscopesthataremasked,them-loop’sbodyis guardedby acondi-

tional thatchecksthevalueof themaskat thecurrentloop indices.Listing 4.8showssuch

anm-loop.M-loopsfor which it is staticallyunknown whetheror notamaskis usedeither

addthischeckto theconditionalor createtwo copiesof theloop—onethatusesmasksand

asecondthatdoesnot.
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Listing 4.8: A MaskedM-Loop

if (I_OWN( R)) {
INIT_2D_LOOP(N , F, R);

MLOOP_UP(R , 0) {
MLOOP_UP_FLAT(R , 1) {

if ( READ_2D_MASK( M)) {
/* loop body goes here */

}
}

}
}

Rank-IndependentM-Loops

In many library routines,it is necessaryto iterateover anm-loopof arbitraryrank. Rather

thancreatem-loopsfor eachpossiblerank,anodometer-stylem-loopcanbeused,which

storesits loop boundsin an integerarray. Listing 4.9 shows suchanm-loop. Thebulk of

thework in thiscodeis spentadjustingtheodometerby updatingtheinnerloop’s index and

thenpropagatingthecarryasnecessary.

4.3.2 AccessingArrays

Accessingparallelarraysis thesecondcrucialidiom in ZPL’sgeneratedC codesincemost

m-loopbodiesreferto arrayvariables.As with m-loops,arrayaccesseshavemany different

variationsbasedonthepropertiesof thearray’sdimensions.Thissectiongivesanoverview

of themajorarrayaccessstyles.

General ArrayAccess

Themostgeneralarrayaccessfor a2D arrayof doubles,A, appearsasfollows in ZPL:

*( double *)( A- >data +
((( i0 - A->offset [0])* A->blocksize [0])/ A->stride [0]) +
((( i1 - A->offset [1])* A->blocksize [1])/ A->stride [1]));
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Listing 4.9: A Rank-IndependentM-Loop

if (R ->iown ) {
int i [R- >numdims ]; /* the index */
int dim ; /* a dim counter */
int done = 0; /* are we done yet? */

/* set the index to the region’s low bounds */
for ( dim =0; dim<numdims ; dim++ ) {

i [dim ] = R->locbounds [dim ].lo ;
}

while (! done ) {
/* loop body goes here */

/* increment the odometer */
for (dim =numdims -1; dim> =0; dim --) {

i [dim ] += R- >locbounds [ dim ]. stride ;
if ( i[ dim ] <= R->locbounds [dim ]. hi ) {

break ; /* done incrementing */
} else {

if ( dim == 0) {
done = 1; /* done looping */

} else {
i[ dim ] = R- >locbounds [ dim ]. lo ;

}
}

}
}

}
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The index for eachdimensionis adjustedby the dimension’s offset, scaledby its multi-

plicative factor, and then rescaledby its stride. As mentionedin Section4.2.6, the two

scalingfieldscannotbecollapsedinto a singleintegerin thegeneralcase,requiringanex-

plicit multiplicationanddivisionperdimension.In spiteof its complexity, thisaccessstyle

hasthebenefitof working for all arrays,whethertheir dimensionsarestrided,non-strided,

singleton,flooded,or grid.

Non-stridedArrayAccess

If anarrayis staticallyknown to benon-strided,thedivisionsin its accessexpressioncan

beremoved,simplifying it asfollows:

*( double *)( A- >data +
((i0 - A- >offset [0]) * A- >blocksize [0]) +
((i1 - A- >offset [1]) * A- >blocksize [1]));

This savesanintegerdivision perdimension,which representsa fair amountof computa-

tionaloverheadin thegeneralcase.

OptimizedNon-stridedArrayAccess

Non-stridedarrayaccessescanbe further optimizedby folding the offset valuesinto the

datapointer itself. This is doneusing the origin pointermentionedin Section4.2.6.

Whenanon-stridedarraydescriptoris initialized, its origin field is setasfollows:

A- >origin = A->data - (A ->offset [0]* A- >blocksize [0])
- (A ->offset [1]* A- >blocksize [1]);

This allows thefollowing optimizedaccessexpression,sincethecontribution of theoffset

factorshasbeenprecomputed:

*( double *)( A- >origin + ( i0 * A- >blocksize [0])
+ ( i1 * A- >blocksize [1]));

Notethatthisoptimizationis notpermissiblefor strideddimensionsdueto thefactthatthe

strideis not guaranteedto evenlydivide theproductof its offsetandits blocksize.
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OptimizingFlat Dimensions

As describedin Section4.2.6,floodandgrid arraydimensionshaveablocksizeof 0 sothat

all indicesin thatdimensionwill accessthesamevalues.In thesecases,thearrayaccess

componentcorrespondingto the flat dimensioncan be eliminatedaltogether, saving the

explicit multiply-by-zero.For example,thefollowing arrayaccesswouldbelegal for a2D

arraywhosefirst dimensionwasa singleton,flood,or grid dimension:

*( double *)( A- >origin + ( i1 * A- >blocksize [1]));

As a relatedoptimization,themultiplier for asingletonarraydimensioncanalsobeset

to 0 aslongasall accessesto thearrayarelegal.

MacroizedArrayAccesses

As with m-loops, the ZPL compiler typically generatesarray accessesusing macrosto

improve readabilityandconciseness.For example,the arrayaccessjust above could be

generatedasfollows:

*( double *) ACCESS_2D( N, F, A, i0 , i1 )

As with the m-loop macros,eachaccessmacrois definedin termsof lower-dimensional

accessmacros.Thefirst two argumentsindicatethatthearray’sdimensionsarenon-strided

andflat, respectively. Thethird argumentis thearraydescriptoritself. Thefinal arguments

arethe indices,which arespecifiedexplicitly in orderto supportarbitraryindexing. Note

that stridedarraysrequirea separatesetof macrosto supportaccessesusingtheir data

pointersratherthantheir origin pointers.

This concludesthedescriptionof themostimportantarrayaccessexpressions.At this

point, it seemsuseful to illustrate the implementationof an actualZPL arraystatement.

Listing 4.10 shows the main loop in the PSPmatrix multiplication algorithm(line 27 of

Listing 2.20),which iteratesoverR3Dto reducetheelementwiseproductsof A3DandB3D

into a temporarygrid array, RedTempof size[1..m , ::, 1.. o] .
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Listing 4.10:TheMain Loop in PSPMatrix Multiplication

if (I_OWN( R3D)) {
INIT_3D_LOOP(N , N, N, R3D);

MLOOP_UP(R3D, 0) {
MLOOP_UP(R3D, 1) {

MLOOP_UP(R3D, 2) {
*( double *)ACCESS_3D(N, F, N, RedTemp, i0 , i1 , i2 ) +=

*( double *) ACCESS_3D( N, N, F, A3D, i0 , i1 , i2 ) *
*( double *) ACCESS_3D( F, N, N, B3D, i0 , i1 , i2 );

}
}

}
}

AccessorFunctions

Within ZPL’s runtimelibrary routines,it is often necessaryto accessan array’s elements

withoutknowing its rankor anything aboutits dimensions’characteristics.Thispresentsa

challengeto accessingthearrayefficiently. Onesolutionis to usea loop over thearray’s

dimensionsthat incrementallycalculatesthemostgeneralarrayaccessasgivenat thebe-

ginningof this section.This hasthedisadvantagesof usingcontrolflow andof potentially

involving moremathoperationsthanthearrayactuallyrequires.

Theapproachtakenby thecurrentimplementationis to associateanaccessorfunction

with eacharraydescriptorthatreturnsits arrayelements’addressesasefficiently aspossi-

ble. This hasthedisadvantageof requiringa function call, but supportsa cleaninterface

andthemostefficient accesspossiblefor thatarray. Accessorfunctionsareautomatically

createdby thecompilerandareassociatedwith an array’s descriptorduring its initializa-

tion.
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(a) (b)
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Bumper0 Bumper0

Figure 4.11: Walker/BumperAccesses.(a) The two bumpervaluesrequiredto walk a
pointeralonga 2D array. (b) The threebumpervaluesrequiredto walk a pointeralonga
3D array.

Walker/BumperAccesses

Whenan array is being reador written within an m-loop, the addressesof the accessed

datavalueshave a very regular patterndueto the rectangularlayout of the array’s data.

For this reason,accessexpressionsas describedin this sectionare rarely usedwithin a

compiler-generatedm-loop. Although a perfectC compilermight useinductionvariable

eliminationto automaticallyrecognizetheregularityof theaccesses,this is rarelyachieved

in practicedueto ZPL’s heavy useof pointersto refer to arraydescriptors.As a result,

the currentimplementationperformsthis optimizationmanuallyfor eacharrayreference

usinga techniquecalled walker/bumperaccesses. It shouldbe notedthat this doesnot

negatetheusefulnessof theaccessidiomsabove, sincethey arestill requiredto initialize

thewalker/bumperapproach.In addition,randomlyaccessinganarray, asrequiredby the

remapoperator, utilizesthefull gamutof accesstechniques.

Theideabehindwalker/bumperaccessesis to storea pointer(thewalker) into thedata

arrayandto incrementit by an appropriateamount(the bumpers)at the endof eachim-

plementingloop. This is shown in Figure4.11. Onebumpervalueis usedperdimension,
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to advancethewalker from its currentpositionto thenext index in thatdimension.Note

thatbumpervaluesdependheavily on theenclosingregionaswell astheorderin which its

indicesaretraversed.

Listing 4.11shows the inner loop of the PSPmatrix multiplicationusingwalkersand

bumpersratherthanaccessmacros.Although the resultingcodelooks muchmorecom-

plicated,them-loop’s bodyis now computationallymuchsimplerandwill resultin faster

overall execution.Note that thefact thatcertaindimensionsof A3D, B3D, andRedTemp

areflat causethebumpersreferringto thosedimensionsto besimplifiedor eliminatedal-

together. As expected,macrosareusedto make this codea bit morereadable(not shown

here).

Walkersandbumpersarealsousedwithin the odometer-style m-loopsof library rou-

tinesto eliminatetheoverheadof callinganarray’s accessorfunctionfor every iteration.

4.3.3 AdvancedM-LoopIdioms

In addition to changingthe order and direction of m-loop iterations,the ZPL back-end

provides ZPL implementorswith several additionalhooksfor generatingm-loops. For

example,optimizationsmayspecifyarbitrarystatementsthatshouldbegeneratedjust in-

sideor outsideof eachdimension’s loop. In addition,an optimizationmy unroll or tile

eachm-loop dimensionby a constantamount. Thesehooksprovide implementorswith

a rich set of mechanismsthat simplify the optimizationof an m-loop and its array ac-

cesses[DCS01,Gul00].

Unrolling M-Loops

Unrolling anm-loopis a fairly simplematterof stampingout two sibling loops.Theupper

boundof thefirst loop is adjustedby its unrolling factor. Thebodyof the loop, including

walker anditerationvariableupdates,is stampedout the specifiednumberof times. The

secondloop cleansup by iteratingover any remainingiterationsin thetraditionalmanner.
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Listing 4.11:ThePSPMatrix Multiplication Loop UsingWalkersandBumpers

if (I_OWN( R3D)) {
INIT_3D_LOOP(N , N, N, R3D);

/* set up A’s walkers and bumpers */
char * Walker_A3D = ACCESS_3D(N , N, F, A3D, i0 , i1 , i2 );
const int Bumper_A3D_1 = A3D->blocksize [1];
const int Bumper_A3D_0 = A3D->blocksize [0] +

(i1Lo - i1Hi - 1)* A3D- >blocksize [1];

/* set up B’s walkers and bumpers */
char * Walker_B3D = ACCESS_3D(F , N, N, B3D, i0 , i1 , i2 );
const int Bumper_B3D_2 = B3D->blocksize [2];
const int Bumper_B3D_1 = B3D->blocksize [1] +

(i2Lo - i2Hi - 1)* B3D- >blocksize [2];
const int Bumper_B3D_0 = (i1Lo - i1Hi - 1)* B3D- >blocksize [1];

/* set up RedTemp’s walkers and bumpers */
char * Walker_RedTemp = ACCESS_3D(N , F, N, RedTemp, i0 , i1 , i2 );
const int Bumper_RedTemp_2 = RedTemp->blocksize [2];
const int Bumper_RedTemp_1 =

(i2Lo - i2Hi - 1)* RedTemp- >blocksize [2];
const int Bumper_RedTemp_0 = RedTemp->blocksize [0];

MLOOP_UP(R3D, 0) {
MLOOP_UP(R3D, 1) {

MLOOP_UP(R3D, 2) {
*( double *) Walker_RedTemp += *( double *) Walker_A3D *

*( double *) Walker_B3D ;

Walker_B3D += Bumper_B3D_2;
Walker_RedTemp += Bumper_RedTemp_2;

}
Walker_B3D += Bumper_B3D_1;
Walker_A3D += Bumper_A3D_1;
Walker_RedTemp += Bumper_RedTemp_1;

}
Walker_B3D += Bumper_B3D_0;
Walker_A3D += Bumper_A3D_0;
Walker_RedTemp += Bumper_RedTemp_0;

}
}
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Listing 4.12:An M-Loop Unrolled Ï Times

if (R ->iown ) {
INIT_1D_LOOP(N , R);
i0HiUnr = i0Hi -(k -1);

/* unrolled loop */
for (i0 =i0Lo ; i0< =i0HiUnr ; i0++ ) {
/* copy 1 of the loop body */
/* increment walkers and i0 */

/* copy 2 of the loop body */
/* increment walkers and i0 */
Ð Ð Ð
/* copy k of the loop body */
/* increment walkers */

}

/* clean-up loop */
for ( ; i0<i0Hi ; i0++ ) {
/* loop body */
/* increment walkers */

}
}
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(b)(a)

Figure4.12:Tiled Walker/BumperAccesses.(a)Thesix bumpervaluesrequiredto walk a
pointeralonga tiled 2D array. (b) Thetenbumpervaluesrequiredto walk a pointeralong
a tiled 3D array.

Listing 4.12shows a simple1-dimensionalm-loop that is unrolled Ñ times. M-loops are

generatedrecursively, makingit simpleto unroll theirouteror innerloops.

Tiling M-Loops

Tiling anm-loopis somewhattrickier. Eachtiled dimensionis implementedusinganouter

andinner loop. Loopsfor non-tileddimensionsarerepresentedusinga traditional(inner)

loop. Loops for dimensionswith the degeneratetile sizeof 1 are implementedusinga

traditional outer loop and no inner loop. The m-loop’s outer loops are generatedfirst,

followedby its innerloops,usinga recursivestrategy. Notethatanm-loop’s tiles canalso

befully unrolled.

Therealchallengeis thattheloopnow potentiallyrequiresfour bumpersperdimension:

oneto advancethe walker within a normal-sizedtile; oneto advanceit within a cleanup

tile; oneto advanceto thenext tile in thatdimension;andoneto resetto thefirst tile in the

dimension.This tendsto getcomplicatedquickly, asshown in Figure4.12.
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Listing 4.13:Declarationsfor theTopof theRegion/MaskStack

struct _rmstackframe {
region reg ;
array mask;
int with ;

} rmstackframe ;

rmstackframe rmstack [ maxrank+1 ];

The loops generatedfor thesetiled m-loopstend to be sufficiently complicatedthat

they are not worth reproducinghere. The nice thing is that, having beenimplemented,

clientoptimizationscantakeadvantageof themechanismsimplyby adjustinganm-loop’s

tiling factorwithin thecompiler’s internalrepresentation.

4.3.4 TheRegion/MaskStack

To implementZPL’s dynamicregion scopes,the compilerusesa conceptualregion/mask

stack at runtimeto keeptrack of thenestedscopesthatareopenin eachdimension.The

region/maskstackhasafairly simpleimplementationusingtraditionalC scopes.Thetopof

thestackis implementedusingaglobalarrayof structures,eachof whichstoresareference

to a region descriptor(the currentregion), an arraydescriptor(the currentmask),anda

booleanflag(whetherthemaskwasspecifiedusingthewith or without keyword). Each

dimensionof this arraycorrespondsto a singlerank.Listing 4.13shows thedeclarationof

theregion/maskstack.For example,theexpressionrmstack [2]. reg wouldreferto the

current2D region.

New regionscopesare“pushed”ontothetopof thestackby openinganew scopein the

C codewhichdeclareslocalreferencesto regionandarraydescriptors.Thepreviousvalues

at thetopof thestackaresavedinto thesevariables,andthetopof thestackis re-assigned.

Whentheendof theregion scopeis reached,the local variablesarerestoredto thetop of

thestackandtheC scopeis closed.Listing 4.14illustratesthis idiom.
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Listing 4.14:PushingandPoppingtheRegion/MaskStack

{ /* Open region scope for [R with Mask] */
region prev2Dreg = rmstack [2]. reg ;
array prev2Darr = rmstack [2]. arr ;
int prev2Dwith = rmstack [2]. with ;
rmstack [2]. reg = R;
rmstack [2]. arr = Mask;
rmstack [2]. with = 1;

Ò Ò Ò region scope code Ò Ò Ò

rmstack [2]. reg = prev2Dreg ;
rmstack [2]. arr = prev2Darr ;
rmstack [2]. with = prev2Dwith ;

} /* Close region scope for [R with Mask] */

Listing 4.15:Fixing up theRegion/MaskStackon ProcedureReturns

void proc_returns_ear ly () {
region covering2Dreg = rmstack [2]. reg ;
array covering2Darr = rmstack [2]. arr ;

{ /* Push new region scope */
Ò Ò Ò
{ /* Push new region scope */
Ò Ò Ò

if ( quit_now ) {
/* prepare to return from procedure */
rmstack [2]. reg = covering2Dreg ;
rmstack [2]. arr = covering2Darr ;

return ;
}

}
}

}
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Theonly tricky casecomeswhenreturningfrom a procedurecall in themiddleof its

body. This caseis handledby generatingsuchproceduresso that they take a snapshotof

theircoveringscopeimmediatelyafterbeingcalled.Then,all returnstatementsprior to the

procedure’s endaregeneratedto restorethe original statebeforereturning. Listing 4.15

illustratesthis idiom.

4.4 Runtime Libraries

As mentionedpreviously, ZPL’s runtimelibrariescontainroutinesto implementmemory

management,I/O, andregion operators.Most of theseroutinesaresufficiently straightfor-

wardanduninterestingthatthey arenotdiscussedin this dissertation.

Theprimaryroleof theruntimelibrariesis to supporttheinterprocessorcommunication

requiredby ZPL’s arrayoperators.Thissectiondescribesthephilosophyof theseroutines,

examinesonepieceof the interfacein detail,andthenprovidesanoverview of therestof

thecommunicationinterface.

4.4.1 TheIronmanPhilosophy

ZPL’s communicationroutinesareguidedby a setof ideasknown collectively asthe Iron-

man philosophy[CCS97]. This philosophycontainsgeneralprinciples that we believe

shouldguidethedesignof any communicationlibrary usedto implementtheback-endof

aportableparallellanguage.Thephilosophycontainsthefollowing points:

Ó A communicationinterfaceshouldremainparadigm-neutralto avoid favoring one

particularcommunicationstyleoveranother.

Ó A communicationinterfaceshouldbeflexible enoughthatdifferentimplementations

canmapit to diversearchitecturesin anaturalmanner.

Ó Specifyingthe argumentsto a communicationinterfaceshouldrequirelittle or no

datamovementto avoid unnecessarycopying andoverheads.
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Ô A communicationinterfaceshouldprovide optimizationopportunitiesto its clients

andto its implementors.

The Ironmanphilosophywas developedin responseto the challengeof providing a

singlecommunicationinterfacethatworksequallywell onarchitectureswith sharedor dis-

tributedmemory. In particular, recall that distributedmemorymachinestendto be most

amenableto message-passinglibrariessuchasMPI andPVM, whichusuallyrequirecopy-

ing datainto messagesandbufferingthemat thesendingand/orreceiving ends.In contrast,

sharedmemorymachinesallow processorsto accessdatavaluesdirectly in thelocalmem-

oriesof otherprocessors,makingone-sidedputsandgetsor directmemoryaccessesmore

attractive dueto their reducedsynchronizationandcopying requirements.Thegoalof the

Ironmanphilosophyis to allow eacharchitectureto useits preferredmechanismwith a

singleinterface.

In additionto theIronmanphilosophy, ZPL’scommunicationlibrariesareguidedby an

additionalprinciple,motivatedby its softwareengineeringbenefits:

Ô Communicationinterfacesfor high-level languagesshouldbedividedinto two layers:

(1) a machine-independent,language-dependentlayerand(2) a machine-dependent,

language-independentlayer.

For ZPL, thismeansthatthemachine-independentinterfacefor aparticularcommunication

stylewill takeregion,array, anddirectiondescriptorsasargumentsto describethecommu-

nicationin aconcise,high-level manner. In contrast,themachine-dependentversionof the

interfacewill take parameterswhosetypesaretraditionalC types.This is donein orderto

make the low-level interfaceuseful for other languagesandto permit implementorswho

areunfamiliarwith ZPL’s datastructuresto port theinterfaceto new architectures.

4.4.2 ThePoint-to-pointInterface:An IronmanCaseStudy

Thissectionillustratestheapplicationof theIronmanphilosophyin thecontext of thepoint-

to-point communicationroutinesusedto implementZPL’s @ operator. As describedby
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theprevioussection,this interfacehasbothmachine-dependentandmachine-independent

layers.Thecompletepoint-to-pointinterfaceis referredto asthe Ironmaninterfacedueto

thefactthatit wasthefirst practicalapplicationof theIronmanphilosophy.

The key to understandingZPL’s point-to-pointcommunicationinterfaceis to realize

thattherearetwo spansof time thatcharacterizeany point-to-pointdatatransfer:thespan

duringwhich it is legal to accessthevaluesthatneedto betransferred,andthespanduring

which it is legal to accessthe locationsinto which they arebeingtransferred.While this

observationdoesnotseemparticularlydeep,it formsthedefinitionof theIronmaninterface

andallowsdatatransfersto beimplementedon any architecturewith a minimalamountof

overhead.

This discussionwill refer to the valuesbeing transferredas the source of the com-

municationandtheir target locationsasthe destination. First the abstractIronmaninter-

facewill be introduced,followedby descriptionsof its machine-dependentandmachine-

independentimplementations.

Abstract IronmanInterface

The core of the Ironman interface consistsof a set of four calls, two for eachof the

time spansdescribedabove. The first two calls are namedSR() (source ready) and

SV() (source volatile). Thesecalls areusedto mark the spanof time during which the

sourcevaluescanbeaccessedfor transfer. Thecall to SR() indicatesthat thesourceval-

uescanbereadby thecommunicationlibrary, whereasthecall to SV() indicatesthat the

sourcevaluesare in dangerof beingchanged,andmay not be referencedby the library

againoncethecall returns.

Thecorrespondingsetof callson thedestinationsideareDR() (destinationready) and

DN() (destinationneeded). Thesecalls indicatethespanof time duringwhich thedesti-

nationlocationscanbewritten. The call to DR() indicatesthat thedestinationlocations

maybeoverwrittenby the interfacewhile DN() indicatesthat thedestinationvalueswill

beexpectedto bein placeassoonasthecall returns.
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Table4.1: SamplePoint-to-PointIronmanBindings

Blocking Non-Blocking One-SidedComm. One-SidedComm. Threaded

Routine Messages Messages (Push-based) (Pull-based) Communication

DR() — postreceive setflag —
spawn thread

to receive

SR() send postsend

wait for flag;

put data;

clearflag

setflag
spawn thread

to send

DN() receive wait for receive wait for flag to clear

wait for flag;

getdata;

clearflag

wait for

receiving thread

SV() — wait for send — wait for flag to clear
wait for

sendingthread

It shouldbenotedthatthesecallsdonotgiveany indicationof how thecommunication

shouldactuallybe implemented;their semanticsdo not reflectaspectsof eithermessage-

passingor aone-sidedcommunicationstyle. In this sense,they satisfytheIronmanphilos-

ophy’sparadigm-neutralrequirement.

Table4.1 shows that the interfacealsomeetsthe flexibility requirementsof the Iron-

manphilosophyby showing how the calls might be implementedusingmessage-passing

(blockingor non-blocking)andone-sided/shared-memorycommunication(push-or pull-

based).Thefinal columnindicateshow the interfacemight be implementedon platforms

with supportfor lightweightthreads.
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TheMachine-DependentIronmanInterface

This sectiondescribesthemachine-dependentIronmaninterface,aswell asthedatastruc-

turesthat it usesfor its parameters.The prototypesand datastructuresthat definethe

interfacearegivenin Listing 4.16.

Themachine-dependentIronmaninterfaceconsistsof thefour routinesdescribedin the

abstractinterfaceaswell astwo new routinesto specifythe lifetime of a particularcom-

munication.Thefirst new routine,PP_New() definesa batchof point-to-pointcommuni-

cationsby providing therelevantsourceanddestinationaddresses.This functionreturnsa

handleto an implementation-specificdatastructure(PP_info ) thatuniquelydefinesthe

communications.This handleservesas the singleargumentto the otherfive calls. The

secondnew routine,PP_Old () , allows theclient to signify that it hasfinishedwith this

batchof communications,andthatthePP_info structurecanbedeallocatedor recycled.

ThePP_New() andPP_Old () routineswereaddedto theabstractinterfacein order

to amortizetheoverheadsassociatedwith settingupnew communications.Many programs

performthesamecommunicationseveraltimeswithin a loop,suchasthecommunications

requiredby the 5-point stencil in the Jacobiiteration. In suchcases,it makes senseto

describethecommunicationasingletimeoutsideof themainloopusingPP_New() , then

perform the communicationwithin the loop using the four main calls asmany timesas

necessary. After the loop hasexited, a call is madeto PP_Old () to let the library know

thattheruntimeis donewith thebatchof communicationsfor thetimebeing.

Memory locationsaredescribedto the machine-dependentinterfaceusinga C struc-

ture known asa memblock . This datastructureis usedto describea regularly-strided,

multidimensionalblock of data,andis definedusinga basepointer, anelementsize,anda

vectorthatcontainsthenumberof elementsandstrideperdimension.Theideabehindthe

memblock is that datalocationsin a multidimensionalarraycanbe describedpassively

without marshalingdatavalues,usingonly Õ5Ö ×�Ø space.This is an exampleof the third

Ironmanprinciplein practice.
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Listing 4.16:TheMachine-DependentIronmanInterfaceandStructures

/* a single block of memory locations */
typedef struct {

void * baseptr ;
int elemsize ;
int numdims ;
struct {

int numelems ;
int stride ;

} diminfo [ numdims ];
} memblock ;

/* a single communication with another processor */
typedef struct {

int procnum ;
int numblocks ;
memblock * mbvect ;

} comminfo ;

/* a pair of communications */
typedef struct {

comminfo * recvinfo ;
comminfo * sendinfo ;

} commpair ;

/* the machine-dependent communication structure */
typedef Ù Ù Ù PP_info ;

/* The six point-to-point calls */
PP_info * PP_New( int numcomms, commpair * commlist );
void PP_DR(PP_info * commhandle );
void PP_SR(PP_info * commhandle );
void PP_DN(PP_info * commhandle );
void PP_SV(PP_info * commhandle );
void PP_Old ( PP_info * commhandle );
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Eachpoint-to-pointcommunicationis describedusinga comminfo structurethat in-

dicatestheotherprocessorinvolvedin thecommunicationalongwith thememblock s that

needto besentor received. Note thatalthoughspecifyingthecooperatingprocessormay

seemantitheticalto thenotionof one-sidedcommunication,thefactthatall of ZPL’s Iron-

mancalls arebeinggeneratedfor a systemin which all processesarecooperatingmakes

this informationbothcomputableandappropriate.

The last datastructureis the commpair which storesreferencesto two comminfo

structures:oneto besent,theotherto bereceived.Theideabehindthecommpair is that

for mostpoint-to-pointcommunications,many processorswill act bothasa senderanda

receiver of data.Simpleshiftsof dataasshown in Figure3.11carea commonexampleof

this phenomena.

ThePP_New() call takesasits argumentsa vectorof commpair s andthe lengthof

thatvector. Dependingon theimplementationandthedatato betransferred,it maysetup

memoryfor marshalingdata,exchangeaddresseswith otherprocessors,or simply tuck the

parametersawayfor futurereference.In any case,it usesastructureof its choosingto store

all thestateit needsto describethecommunicationandreturnsahandleto thatstructureto

thecaller.

ThePP_DR() , PP_SR() , PP_DN() , andPP_SV() callsmaythenbeimplemented

for agivenplatformassummarizedin Table4.1,or usingany othertechniquethatis consis-

tentwith thewaytheroutinesdefinethelegaldatatransferranges.ThePP_Old () routine

simplycleansup theimplementation’s internaldatastructuresandreturns.

TheMachine-IndependentIronmanInterface

Themachine-independentIronmaninterfaceimplementspoint-to-pointcommunicationus-

ing six routines,eachof which correspondsto one of the six routinesin the machine-

dependentinterface(Listing 4.17).Each@-referenceandwrap-@referencein aZPL pro-

gramis implementedusingasetof callsto thesesix routinesto implementits point-to-point

communication.
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Listing 4.17:TheMachine-IndependentIronmanInterfaceandStructures

/* a structure for defining an array’s @ references */
typedef struct {

array arr ; /* an array */
direction * dirlist ; /* a list of directions */
int numdirs ; /* # of @-reference directions */
int numwrapdirs ; /* # of wrap-@ directions */

} atinfo ;

/* The machine-independent Ironman interface */
void At_New( region reg , /* the enclosing region */

atinfo comminfo [], /* the info for each array */
int numarrs , /* the number of arrays */
int commid); /* a unique comm ID */

void At_DR( int commid);
void At_SR( int commid);
void At_DN( int commid);
void At_SV ( int commid);

void At_Old ( int commid);

As in the machine-dependentIronmaninterface,the machine-independentinterface’s

parameterssupportthe ability to specifymultiple communications/@-referencesat once.

This fulfills the fourth Ironmanprincipleby giving the implementationtheopportunityto

batchmultiplemessagesto asingleprocessor, therebyamortizingthecostof theircommu-

nicationoverheads.

As in thelow-level interface,theargumentsto theinitializationcall, At_New() define

the requiredcommunications,simply usinga higher level of abstraction.The communi-

cationsaredescribedusingtheatinfo datastructurewhich containsanarrayreference,

a list of all the directionsbeingappliedto it, anda countof how many are@-references

andhow many arewrap-@references.The At_New() routinetakesasits argumentsa

referenceto thecoveringregion descriptor, a vectorof atinfo structures,anda commu-

nicationID usedto uniquelyidentify thecommunication.
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PP_New(3,{{NULL,{0,1,{ACCESS_2D(A,0,3),8,1,{{3,24}}}}},
          {NULL,{1,1,{ACCESS_2D(A,2,3),8,1,{{1,8}}}}},
          {NULL,{2,1,{ACCESS_2D(A,2,3),8,1,{{3,8}}}}}});

PP_New(3,{{{0,1,{ACCESS_2D(A,2,1),8,1,{{2,8}}}},NULL},
          {{1,1,{ACCESS_2D(A,2,3),8,1,{{1,8}}}},NULL},
          {{2,1,{ACCESS_2D(A,3,3),8,1,{{2,32}}}},NULL}});

PP_New(2,{{{1,1,{ACCESS_2D(A,2,3),8,1,{{3,8}}}},NULL},
          {NULL,{2,1,{ACCESS_2D(A,3,3),8,1,{{2,24}}}}}});

ZPL Source

Intermediate
C code

PP_New(2,{{NULL,{2,1,{ACCESS_2D(A,2,1),8,1,{{2,8}}}}},
          {{1,1,{ACCESS_2D(A,0,3),8,1,{{3,32}}}},NULL}});

Mloop(R) {

}
  ACCESS_2D(A,i0,i1) = ...;

Mloop(R) {

}
  ... = ...ACCESS_2D(A,i0,i1)...;

Mloop(R) {
  ACCESS_2D(A,i0,i1) = ...
}

[R] begin

B := A@north + A@east + A@ne;
A := ...;
... := ...A...;

A := ...;
end;

At_DN(comm);
Mloop(R) {
  ACCESS_2D(B,i0,i1) = ACCESS_2D(A,i0−1,i1)
                     + ACCESS_2D(A,i0,i1+1)
                     + ACCESS_2D(A,i0−1,i1+1);
}
At_SV(comm);

At_DR(comm);

At_SR(comm);

comm = At_New(R,{A},{{north,east,ne}})

proc 1:

proc 2:

proc 3:

proc 0:

machine−independent library

machine−dependent library

platform−specific communication mechanism

zc0

(e)

(a)

(d)

(b)

(c)

At_Old(comm);

At_New() At_DR() At_SR() At_DN() At_SV() At_Old()

PP_New() PP_DR() PP_SR() PP_DN() PP_SV() PP_Old()

Figure4.13: IronmanCommunication.(a) ZPL sourcecodethat contains@-references.
This example shows the communicationinduced by the boxed assignmentstatement.
(b) The intermediateC codecreatedby zc0. The compiler hascombinedthe three@-
referencesinto a singlesetof callsandmovedthe callsapartin the codeto hide latency.
(c) The Ironmaninterface,shown as its six calls in two layers. The low-level calls are
implementedin termsof a platform-specificmechanismsuchasMPI, SHMEM, or shared
memory. (d) The communicationrequiredby eachof the three@-references,and their
union ascomputedby At_New() . Note that someredundantcommunicationis elimi-
natedin thismannerandthatmultiplecommunicationsto thesameprocessorarecollapsed
to one.(e)Thecallsto PP_New() thatwill bemadeby eachprocessor.
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The implementationof At_New() beginsby computingwhich @-referencesrefer to

remotevalues.It bucketsthosereferencesby processornumber, andsetsupthememblock

structuresneededto describethesourceanddestinationlocations.This informationis then

passedon to PP_New() andthe handlethat it returnsis storedin an arraybasedon the

uniquecommunicationID.

Eachof theothermachine-independentcallssimply takesthecommunicationID asits

parameter, looksupthecommunicationhandle,andpassesthework off to its corresponding

low-level routine. In addition,any communicationsthat wereclassifiedasbeinglocal to

a processor(e.g., a wrap-@for a region dimensionthat lies on a single processor)are

implementedin thesehigh-level routinesusingtraditionalmemorycopies.

The ZPL compiler insertscalls for a given @-referencebasedon the nearbyreads

andwrites of the array’s values. Not surprisingly, the decisionsabouthow to group@-

referencesinto a singlesetof callsandhow far apartto pushthesecallsarea complicated

matter. Theseamountto policy decisionsfor usingtheIronmanmechanism,andfortunately

have beenstudiedin greatdepthelsewhere[Cho99,CS97].Figure4.13shows a complete

overview of theIronmaninterfaceandits use.

4.4.3 OtherCommunicationInterfaces

This sectiongivesa brief overview of theothercommunicationinterfacesrequiredto im-

plementthe ZPL operatorsdescribedin this dissertation. It shouldbe notedthat these

routineshave not alwaysbeenasfaithful to the Ironmanphilosophyasthe point-to-point

communicationroutines,primarily dueto timeconstraintsandalackof compileroptimiza-

tionsthathaveutilized them.Nevertheless,mostreflectat leastsomeof Ironman’sguiding

principles,andall have thepotentialfor Ironman-motivatedimprovements.
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Listing 4.18:TheFloodLibrary Interface

/* Machine-independent flood routine */
void Flood (region dstreg , /* destination region */

region srcreg , /* source region */
array dstarr , /* destination array */
array srcarr ); /* source array */

/* Machine-dependent broadcast Routine */
void Bcast ( void * data , /* pointer to values */

int size , /* total data size */
int slice , /* processor grid slice */
int srcproc ); /* source processor */

Floods

Thefloodoperatoris implementedusingamachine-independentfloodroutineanda lower-

level machine-dependentbroadcastroutine (Listing 4.18). The high-level call takes the

sourceanddestinationregionsandarraysthatdefinetheflood operationasits arguments.

Thelow-level routineis agenericbroadcastthattakesadatapointerandthedatasizeto

describethesourceor destinationof thebroadcast.It alsotakesaprocessorgrid slicenum-

berandasourceprocessorindex to indicatewhichprocessorsareinvolvedin thebroadcast.

It shouldbe notedthat this routineis usednot only for flood operations,but alsofor file

inputof scalarvaluesandthebroadcaststepof reductionroutinesthatrequirethem.

The currentflood andbroadcastinterfaceslimit compileroptimizationsby failing to

permitmultiple arraysto bepassedin, aswith the Ironmaninterface.Moreover, the low-

level routinerequiresits datato beconsecutive in memoryratherthanreferencedusinga

memblock -stylestructure.

It is natural to wonderwhetherdividing the flood and broadcastroutinesinto com-

ponentpartslike the Ironmaninterfacewould be beneficialto an implementationor not.

It shouldbe notedthat the log-basedbroadcasttreesoften usedto implementbroadcasts

requiretighter synchronizationbetweenthe processors,sincedatais propagatedthrough
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Listing 4.19:TheReductionLibrary Interface

/* Machine-independent reduction routine */
void Reduce_int ( region dstreg , /* destination region */

region srcreg , /* source region */
array locdata , /* proc’s local contribution */
int op); /* reduction operator */

/* Machine-dependent reduction routine */
void _Reduce_int ( int * data , /* pointer to values */

int numelems , /* number of elements */
int op, /* reduction operator */
int slice , /* processor grid slice */
int dstproc , /* destination processor */
int bcast ); /* broadcast result to slice? */

thenetwork in multiple steps.While this would seemto limit thebenefitsof a split-phase

broadcastinterface,thetopicdeservesmorestudy. For now, theimplementationhaschosen

to implementbroadcastsusinga singleatomicoperation.

Reductions

As might beexpected,the reductionroutinesarequitesimilar to thoseusedto implement

floods(Listing 4.19). The chief differenceis that the type of databeingreducedis now

importantsincethe routinesmustapply the reductionoperationto combinevalues. As a

result,eachreductionroutineis instantiatedfor eachof thescalartypes.Thearrayusedto

storea processor’s local contribution is re-usedto storethe resultof the reduction,mini-

mizing thenumberof arrayspassedto thehigh-level call. Eachroutinetakesanargument

specifyingthereductionoperator. User-specifiedoperationsarehandledby aseparatecall.

The low-level routine takesan additionalparameterindicatingwhetheror not the result

shouldbe re-broadcastback to the processorgrid slice. This is usedby full reductions

aswell as reductionsto flood dimensions.Suchbroadcastsmay be implementedin the

reductionroutineitself, or usingthebroadcastroutinefrom theprevioussection.
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Listing 4.20:TheRemapLibrary Interface

/* Machine-dependent remap routines */
void SetMaps (region reg , /* destination region */

array map[], /* vector of map arrays */
int srcrank ); /* rank of source array */

void Remap(region reg , /* destination region */
array dst , /* destination array */
array src ); /* source array */

Thecurrentimplementationof reductionshassimilar failingswith regardto the Iron-

manphilosophyasthe flood routines. An interfacewhich strivesto achieve the Ironman

principlesmorecompletelyhasbeenstudiedin previouswork, but hasneverbeenaddedto

theactualruntimeinterface[Wea99].

Remaps

Theremapoperatorfails to meettheIronmanphilosophyevenmoreseverely, asit doesnot

evenhaveahigh-level interface.Thecurrentinterfaceconsistsof two low-levelcalls,oneto

definetheoperator’s maparraysandthesecondto performtheremapitself (Listing 4.20).

Thisdivisionallows thecommunicationscheduledictatedby themaparraysto beusedfor

multiple instancesof theremapoperator, if optimizedappropriatelyby thecompiler.

Eachof theseroutinestakesregionandarraydescriptorsasargumentsandperformsit-

erationsoverthemwithin their implementations.Theresultis thatloopsandarrayaccesses

cannotbeoptimizedasdescribedin Sections4.3.1and4.3.2,resultingin someof theper-

formanceproblemsseenin Chapter3’s experiments.This poororganizationis a symptom

of thefactthatthis is afirst-generationimplementationof theremapoperator, writtenwith

correctnessin mind,but not performance.Work is currentlybeingdoneto breaktheloops

andaccessesoutof theseroutinesandinto thecompiler-generatedcode.It is expectedthat

this will alsoresultin a setof machine-independentand-dependentroutinesto implement

theall-to-all communication.
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Tokens

Onefinal communicationmechanismis the useof tokensto passsmall control messages

from oneprocessorto another. Tokensareusedprimarily to implementfile I/O so that

processorstake turnsreadingor writing a datastreamin a coordinatedmanner. They are

mentionedherefor completeness,but areotherwisenot importantto this dissertation.

4.5 Compiling ZPL

This sectionprovidesa high-level overview of how zc0compilesZPL to C. Thezc0com-

piler canbe thoughtof ashaving a numberof distinct phases,illustratedin Figure4.14.

Thesephasesaredefinedasfollows:

Ú TheParsingphasereadstheZPL sourcecodeandstoresit asa high-level abstract

syntaxtree (AST) that directly mirrors its structure.This high-level representation

is maintainedup until thefinal phase,which preservesZPL’s cleanspecificationof

parallelcomputationthroughoutthecompilationprocess.

Ú TheAnalysisI phaseperformssimpleanalysessuchascallgraphanalysis,classifica-

tion of parallelprocedures,andtypeinference.

Ú TheLegalizationphasebreakscomplex expressionsoutof arraystatementsto ensure

thateachonecanbe implementedusinga singlem-loop. Suchexpressionsinclude

floods,reductions,andremapsthat arenot part of a simpleassignment,aswell as

procedurecalls that returnparallel arrays. After legalizationhascompleted,each

statementin theAST canbeclassifiedashaving asinglerank.

Ú TheTypecheck phaseensuresthat theZPL programis legal. This is performedlater

thanonemight expect in order to simplify the typechecker’s job by legalizing the

AST first. As a result,earlierphasesarewritten to betolerantof illegalcode.
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Figure 4.14: The Phasesof ZPL Compilation. The zc0 compiler startsby parsingthe
ZPL sourcecodeinto anabstractsyntaxtreerepresentation.TheAST thenpassesthrough
variousanalysis,transformation,andoptimizationstagesuntil it reachescodegeneration,
at whichpoint theC implementationis emitted.

Û The AnalysisII phaseconductsmoreanalysis,primarily relatingto parallel issues.

Theseanalysesincludedeterminationof eachstatement’scoveringregionscope,alias

analysis,anddependenceanalysis.In addition,eacharray’s implicit storageandfluff

requirementsaredeterminedin this phase.

Û Them-loopphaseinsertsanm-loopnodeinto theAST for eachparallelstatement.

Eachnoderepresentsthem-loopthatwill eventuallybegeneratedfor thestatement,

andcontainsfields to indicatethe iterationorder, unrolling and tiling factors,and

otherrelevantdetails.

Û TheOptimizationphaseperformsanumberof optionaloptimizations,includingsten-

cil optimizations[DCS01], m-loop fusion and array contraction[LLS98, Lew00],

andoptimizationsonflood arraysandregions[Gul00].
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Ü TheCommunicationphaseinsertscommunicationasrequiredby arrayoperatorsand

optimizesit to reduceoverheads[CS97,Cho99, Wea99]. Theseoptimizations,as

well as the m-loop fusion in the optimizationphase,usea factor-join compilation

modelin which arrayexpressionsarebroken into atomic factors, movedaroundas

constrainedby their dependences,and joined with compatiblefactorsin order to

increaselocality andreducetheoverheadsassociatedwith m-loopsandcommunica-

tion [CCL Ý 96]. For example,a full reductionoperatorwould bebrokeninto a local

computationfactor, a global reductionfactor, a global broadcastfactor, andan as-

signmentfactorto storetheresult.Thesefactorscanthenbejoinedwith compatible

factorsstemmingfrom otherreductionsor arraystatements.

Ü The Codegeneration phaseproducesthe C codethat implementsa ZPL program.

This consistslargely of generatingtraditionalscalarcode,theidiomsof Section4.3,

andcallsto theruntimelibrariesasappropriate.

Although the processof compiling ZPL containsmany nitpicky details,most of the

interestingandchallengingoneshavebeendescribedeitherin thisthesisor in thereferences

providedin thisdiscussion.Ratherthandelveinto themoretediousdetails,thisdissertation

electsto postponesuchdiscussionto a futuredocument.

4.6 RelatedWork

4.6.1 Implementationof Parallel Languages

Most of the parallel languagesin the previous chapterhave articlesdetailingtheir imple-

mentations.Thissectiongivesabrief overview of someof themostrelevantexamples.

High PerformanceFortran

A vast numberof documentshave beenwritten detailing implementationsof High Per-

formanceFortranandits predecessors,ViennaFortranandFortran-D[Tse93, vRDSP96,
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Dut97, BCFÞ 93,GMSÞ 95]. This plethoraof publicationsis partially dueto theconcerted

effort that the parallel programmingcommunityput into supportingparallel Fortran di-

alects,andpartially dueto thechallengesandobstaclesinvolvedin efficiently implement-

ing HPF programs. In particular, the language’s supportfor generalarray indexing and

directive-basedparallelismrequiresHPF compilersto serve asparallelizingcompilersin

thelimit. A goodHPFcompilermustbeableto interpretanarbitraryloop nest,determine

how its referencedarraysshouldbealigned,andtheninsertcommunicationto efficiently

bring disparatearrayelementstogetherasrequiredby the computation.Communication

issuessuchasvectorizationandidentificationof reductionswhich aretakenfor grantedin

alanguagelikeZPL mustexplicitly belocatedandimplementedby theHPFcompiler. This

hasprovento bechallengingto do correctlyandefficiently, especiallygiventhelack of an

HPFperformancemodel[Ngo97].

SingleAssignmentC

Single-AssignmentC’s functionalsemanticsboth easeandcomplicatethe taskof imple-

mentingit efficiently in parallel.To its benefit,SAC’s functionalsemanticseliminatemany

issuesof aliasinganddatadependencesfoundin imperativelanguages,resultingin simpler

semantics.However, the temporaryarraysthatwould beusedby a naive implementation

of SAC can result in excessive amountsof memorybeing usedfor eachstatement.To

combatthis problem,the SAC compilerusesa form of loop fusion known aswith-loop

folding [GKS99]. This optimizationis similar to them-loop fusionandarraycontraction

found in the ZPL compiler. The SAC compiler implementswith-loops usinga number

of threadsthat arecreatedduring programstartupandusedto executedifferent loop it-

erations[Gre98]. Otheroptimizationsin SAC attemptto reducesynchronizationof these

threadsbetweenwith-loops.
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KeLP

SinceKeLPtargetstheparallelexecutionof irregularblock-structuredalgorithms,oneof

its biggestchallengesis determininganefficientcommunicationscheduleto transfervalues

betweentheRegionsownedbydifferentprocessors[FKB98]. KeLP’sMoverclassanalyzes

a particularMotionPlanat runtimeto constructan efficient communicationpatternusing

an inspector/executormodel [BF99, ASS95]. This datamovementis then implemented

usingnon-blockingMPI calls. The result is a communicationschedulethat tendsto be

competitivewith hand-codedMPI.

NESL

NESL is compiledusinganintermediatelanguagecalledVCODE [BCH ß 94]. VCODE is

a stack-basedintermediatelanguagethatoperateson vectorsandsegmentedvectors.The

compilationchallengeis thereforeto convertnestedoperationson nestedNESLsequences

into segmentedVCODE operationson setsof flat vectors.TheVCODE is thencompiled

to sharedmemoryMIMD machinesin amannerthatstrivesto reducesynchronizationand

intermediatestorage[Cha91].

4.6.2 CommunicationInterfaces

As mentionedin thepreviouschapter, thecommunicationinterfacesthataremostwidely

usedtodayarethe MPI, PVM, andSHMEM libraries[Mes94,BDGß 91, BK94]. These

librariesdeviatefrom theIronmanphilosophyin thattheirroutinesdescribeparticularcom-

municationparadigmssuchasmessage-passingor one-sidedcommunication.Thisdecision

makessensesincethe interfacesaredesignedfor humanusersratherthanthe back-ends

of compilers. However, it limits their efficiency. Attemptsto implementthesestylesof

communicationon platformswhosearchitecturesdo not supportthe interface’s paradigm

havetypically resultedin communicationoverheadsthataresub-optimal[SSOß 95,CCS95,

BB00].
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Onecommunicationsystemthat sharesthegoalsof Ironmanis theCooperativeData

Sharing(CDS) systemdevelopedby DiNucci [DiN97, DiN96]. Unlike other interfaces,

CDSsupportsinterprocessorcommunicationwithoutmakingassumptionsaboutthearchi-

tecture’s communicationparadigmand without bloating the interface. This is achieved

usinga model that provides eachprocessorwith a local memoryand a local communi-

cation heap. In addition,a setof public communicationcells aremadeavailable,which

allow processorsto publicizereferencesto regionswithin their communicationheaps.Us-

ing the supportedoperationson communicationcells and heaps,CDS supportsa wide

rangeof communicationstylesincludingone-sidedcommunication,two-sidedcommuni-

cation,client-server models,broadcasts,andreductions.As such,CDS offers a flexible

andelegantabstractmodelfor interprocessorcommunication.Thebig questionfor CDSis

whetheror not thesystemcanbeimplementedefficiently enoughon a varietyof architec-

tures,andwhetherit canbeprogrammedsuchthata singleuseof it performswell on all

architectures.

4.7 Discussion

The biggestweaknessof ZPL’s current implementationis its lack of supportfor non-

blocked distributions. This assumptionrestrictsthe generalityof its region and array

descriptors. In particular, note that the region descriptor’s locbound [] fields assume

a blocked distribution, as do the array descriptor’s memory layout fields (offset [] ,

blocksize [] , andstride [] ).

Regular andirregular blockeddistributionsprovide gooddatalocality andsurface-to-

volume ratios, making them an acceptablechoicefor a majority of array-basedparallel

algorithms. However, supportfor cyclic, block-cyclic, and more arbitrary grid-aligned

distributionsseemscrucial in orderfor ZPL to bea general,robust language.This section

considerspotentialimplementationsfor eachof thesedistributions.
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Figure 4.15: ProposedCyclic Distribution Implementation. (a) A squareregion that is
distributedto a à�áµâ processorgrid usingablockeddistributionfor thefirst dimensionanda
cyclic distributionfor thesecond.Theunshadedindicesindicatethosethatwouldbeowned
by thesecondprocessorin thegrid. (b) Theregion descriptorthatdescribestheunshaded
indices. Note that the local boundsin the seconddimensionarestridedby 3 to capture
thecyclic striding.Furthermore,theregion’supperprocessorlocationis processor1 rather
than processor2 sinceit holds the highestindex. (c) The array descriptorfor an array
of floatsdeclaredusingthis region. As usual,the offsetsaresetso that the lowest local
index—(1,2)—mapsto the origin. The blocksizeis alsosetasthoughthis wasa normal
â�á3ã block of data. However, thestrideis setto 3 in the seconddimensionto compress
thestridedindicesdown to consecutivedatavalues.A traditionalaccessorfunctioncanbe
usedto accessthesevalues,providedthatit usesthestridein theseconddimension.

4.7.1 CyclicDistributions

Cyclic distributionsseemlike a fairly simple modificationto the currentblocked distri-

bution scheme.In particular, the stridefield of the region descriptor’s local boundscan

besetto thenumberof processorsin thatdimension,causingm-loopsto skip throughits

indicesasrequired. Furthermore,the arrayvaluesfor a cyclic distribution canbe stored

usinga denseblock of memoryby settingthestridefieldsof thearraydescriptorto values

thatcounteractthelargeincrementbetweenindices,therebyaccessingadjacentvalues.See

Figure4.15for anillustration.
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(a) (b) (c) (d)

Figure4.16: Fluff Allocation for Cyclic Distributions. (a) An arraywhosecolumnsare
distributedcyclically. (b) A processor’sdenseallocationof theunshadedvaluesfrom parta,
assumingthatnofluff is required.(c) Thefluff allocationfor an@east referencein which
the fluff valuesare placedto the side of the processor’s data. Note that the amountof
fluff requiredis equal to the amountof datathat the processorowns, due to the cyclic
distribution. This allocationhasthe disadvantagethat calculatingthe addressfor a fluff
valuedoesnotmatchthenormalarrayaccessidiomssincethealignmentof anindex affects
its resultingaddress.(d) An alternative schemein which the fluff is interleaved with the
actualdata. This allows traditionalaccessidioms to be used,but hasthedisadvantageof
spacingaprocessor’sactualvaluesout fartherin memory.

The biggestchallengeto cyclic distributionsseemsto be the issueof fluff. Whenap-

plying a simple @-referencelike A@east to a cyclically-distributedarray, every index

requiresa datavalueto be communicatedfrom its neighboringprocessor, sinceadjacent

indicesareno longer locatedon the sameprocessor. If the fluff is storedin an adjacent

blockof memory, asin theblockedimplementation,it breaksthearray’s indexing scheme,

sincea non-affine accessorfunction would be requiredto accessnormalandfluff values

uniformly (Figure4.16c). Yet, if the fluff is interleaved with the normalarrayvalues,it

hastheeffect of spreadingvaluesout in memory, possiblydecreasingcacheutilization for

arrayaccessesthatdo not referto fluff (Figure4.16d).

In decidingbetweentheseimplementations,the thing to keepin mind is that cyclic

distributionsarea poorchoicefor applicationsthatuse@-references(andthereforefluff)

sinceeachonerequiresthecommunicationof anamountof dataequalto theglobalarray

sizeto betransferred.For this reason,it canbeassumedthatwiseuserswill tendnot to use

cyclic distributionsin conjunctionwith the@operator, andinterleavedstoragecanbeused

to implementany programsthatdo.
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Figure4.17:ProposedBlock-CyclicDistribution Implementation.(a)A squareregion that
isdistributedto a ä'å�ä processorgrid usingablockeddistributionfor thefirstdimensionand
a block-cyclic distribution for thesecond.Theunshadedindicesindicatethosethatwould
be ownedby the secondprocessorin the grid. (b) The region descriptorthat describes
theunshadedindices.Notethatanextra dimensionhasbeenaddedto thetraditionallocal
boundsfield so that the boundsof eachblock ownedby the processorcanbe described.
The iown field hasbeenchangedfrom a booleanto anindicatorof thenumberof distinct
blocksownedby thisprocessor. (c)Thearraydescriptorfor anarrayof floatsdeclaredusing
this region. Severalof thefields(thedatasize,dataandorigin pointers,offsets,blocksizes,
andstrides)have hadan extra dimensionaddedso that the memorylayout of eachblock
ownedby theprocessorcanbedescribed.

4.7.2 Block-CyclicDistributions

Block-cyclic distributionscannotbedescribedby thecurrentregion andarraydescriptors

dueto thefactthatthey essentiallyhave two strides:oneto movebetweenelementswithin

a block anda secondto move from oneblock to thenext. Themoststraightforwardmodi-

ficationto thedescriptorswouldbeto storeasequenceof localboundsandmemorylayout

information,onefor eachblock that theprocessorowns. Figure4.17givesanillustration.

Thisapproachis similar in conceptto assigningmultiplevirtual processorsto asinglephys-

icalprocessor, but reducessomeof theoverheadsinceonly thedescriptors’localfieldsneed

to bereplicated.This approachwould alsoincreasethedepthof them-loopnest,sincean

additionalloop would be requiredto iterateover blocksfor eachblock-cyclic dimension.
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An advantageto this schemeis that all existing codeidioms andruntimelibrarieswould

requireonly minor changesto iterateover theseblocksof indicesanddata.

4.7.3 Arbitrary Distributions

Oneof thebiggestchallengesfor implementingarbitraryregion distributionsis generating

m-loopsthat caniterateover a processor’s local indices,whetherin a compiler-generated

loop or a library routine.It seemsunlikely thatcompileranalysisof a user-supplieddistri-

bution functionwould resultin theproductionof efficient loop nests.A relatedchallenge

is thememorylayoutof datavaluesfor arraysdistributedusingarbitrarydistributions.

Onesolutionwould be to requirethe userto supply iterationandmemorylayout de-

scriptionsfor eachdistribution functionthatthey specify. Theproblemwith this of course

is that it requiresmorework on the user’s part andwould tendto thwart the compiler’s

ability to performoptimizationsonm-loopsor arrayaccesses.

My proposalis ratherto performaprobingof thedistributionfunctionduringtheconfig-

urationportionof a ZPL executable,to find regularpatternsin theindicesthataremapped

to eachprocessor. For a givendomaindimensionwhosedistribution is user-defined,each

processorwould iterateover thedomain’s globalbounds,keepingtrackof theindicesthat

it owns. As it doesso, the processorwould keeptrack of consecutive indicesor indices

stridedby a regular amount. As soonasoneof thesepatternswasbroken, the processor

would storethatpatternin a singleregion/arrayblock, similar to thoseusedin theblock-

cyclic distribution. In the worst case,every pair of indiceswould requireits own block,

sinceany two indicesarestridedby someconstantamount.Figure4.18showsanexample

of this scheme.

Thisapproachis admittedlynaive. It cannothopeto efficiently summarizeacompletely

arbitrarysetof regionindices.But thenagain,it is difficult to imagineanautomatedscheme

thatcould. In its favor, if thereis any amountof regularity in a user-defineddistribution, it

seemslikely thatthis schemewill detectthepatternandrepresentit succinctly. In particu-

lar, this proposalwould do a greatjob with user-supplieddistributionsthatareessentially
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Figure4.18:ProposedUser-DefinedDistribution Implementation.(a)A squareregion that
is distributedto a æ5ç3æ processorgrid usinga blockeddistribution for thefirst dimension
anda user-defineddistribution, mydist () for the second.Calling mydist () with the
global indices èêé é é ë , processor1 determinesthat it ownsindices1, 4, 6, 7, and8 (shown
unshaded).Indices1 and4 areconsideredto bestridedby 3. However, index 6 breaksthis
pattern,so a new block is started. Indices7 and8 areeachstridedby 1 relative to 6, so
they bothbelongto thesecondblock. Thus,theprocessor’s indicescanbesummarizedas
ablock from 1 to 4 by 3 andasecondblockfrom 6 to 8 by 1. (b) Theregiondescriptorthat
describestheprocessor’s indices. As in theblock-cyclic implementation,the local bound
field is vectorizedto describethe separateblocksof indices. (c) The arraydescriptorfor
an arrayof floatsdeclaredusingthis region. Onceagain,several fields arevectorizedto
describeeachblockof dataownedby theprocessor.

blocked,cyclic, or block-cyclic in nature.For example,imaginethatusersspecifynonstan-

dardblock sizes,suchasin the logdist () distribution of Section3.12.2.Or, that they

wanta variationof a cyclic or block-cyclic distribution thatthecompilerdoesnot support.

In theseinstances,theproposedapproachwould detecttheblocksor cycle andusean in-

ternalrepresentationthat would be almostasefficient asa built-in implementation.This

shouldreducethenumberof built-in distributionsthattheZPL languageandcompilersfeel

compelledto support.

Finally, note that the time spentclassifyinga distribution shouldbe small given that

grid-aligneddistributionsonly supportshuffling of a dimensionof indicesratherthanthe
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global index set. Thus,for any multidimensionalproblem,eachprocessoris only probing

theedgesof theindex spaceratherthanthespaceasawhole.

Obviously, this schemewill have somechallengesthat I have not anticipated,but it

seemslike a reasonablefirst steptoward supportingarbitrarydistributionsonceZPL can

supportcyclic andblock-cyclic distributions.

4.8 Summary

Thischapterhasprovideddetaileddescriptionsof thethreemaincomponentsusedto imple-

mentZPL: (1) theruntimedescriptorsusedto representZPL’sparallelconceptsat runtime,

(2) codeidioms suchasthe m-loopsandarrayaccessesusedto implementthe language,

and(3) the runtime librariesusedto implementinterprocessorcommunication.Regions

playanimportantrole in all threeof theseareasdueto theirconciseruntimerepresentation

of anindex setandtheirusein bothcompiler-generatedandlibrary codes.

This chapteralso gave an introduction to the Ironman philosophy, an overview of

ZPL compilation,anda proposalfor theimplementationof region distributionsotherthan

blocked. Thenext two chapterswill considersomemodificationsthathave beenaddedto

thebaseZPL region to helpwith theexpressionof morecomplex algorithmicparadigms:

namely, hierarchicalcomputationandsparsecomputation.
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Chapter5

REGION SUPPORT FOR HIERARCHICAL COMPUTATIONS

This chapterexaminesthe useof regions to implementhierarchicalarray-basedal-

gorithms. Suchcomputationsrequireregion supportbeyond that describedin previous

chaptersin orderto createa variable-sizedcollectionof regions,eachwith its own charac-

teristics. The approachdescribedhereparameterizesa region’s characteristicsto express

hierarchicalindex sets.Thoughthis approachresultsin a reasonablesolution,it is a prime

exampleof a poorly-designedlanguageconstruct,asit lacksgeneralityandorthogonality

with otherZPL concepts.Thestrengthsandweaknessesof theapproachareevaluatedat

theendof thechapter, anda proposalfor eliminatingits defectsis presented.

Therestof thischapteris organizedasfollows. Section5.1describeshierarchicalalgo-

rithms,concentratingon multigrid algorithmsandtheNAS MG benchmark.Sections5.2

and5.3 explain how parameterizedregionscanbe usedto expressmultigrid-style com-

putationsin ZPL anddemonstratetheir usein a ZPL implementationof MG. The imple-

mentationof ZPL’s parameterizedregionsis explainedbriefly in Section5.4. Section5.5

comparesversionsof MG written in several different languagesin termsof clarity, per-

formance,andportability. Relatedwork is describedin Section5.6,andthestrengthsand

weaknessesof ZPL’s supportfor hierarchicalprogrammingarediscussedin Section5.7.

This chapter’s contentsare an expandedpresentationof work that was publishedprevi-

ously[CDS00, CDS99].
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5.1 Multigrid Algorithms

Hierarchical algorithmsare characterizedby their useof hierarchicaldatastructuresto

exponentiallyreducethecomplexity of a traditionalalgorithm. An importantsubclassof

hierarchicalalgorithmsaremultigrid methods[Wes92,Bra77], sonameddueto their tech-

niqueof computingusingmultiplearrays,or “grids.” Multigrid methodsenjoy widespread

usedueto their simplicity andregularity, aswell astheir applicability to a numberof im-

portantproblemdomains.

Multigrid algorithmstendto work asfollows. A userhasa problemto solve in afinely

discretizedspace.However, thecomplexity of thecomputationandthesizeof theproblem

spaceareso greatthat a straightforward solution to the problemwould be prohibitively

expensive. Ratherthanattackthe original problemdirectly, the multigrid methodgradu-

ally simplifiesthediscretizationspaceto createsmallerandsmallerapproximationsof the

original problem.This phaseof thealgorithmis known ascoarsening, andit proceedsby

collapsinga groupof discretizedelementsdown to a singleelement.Typically, a pair of

elementsperdimensionis projecteddown to asingleelementof thecoarsergrid.

Oncethis coarseningprocessproducesa discretizationthatcanbesolvedin a reason-

ableamountof time, the simplified problemis solved using traditional methods. Then,

its solutionis usedto constructan approximatesolutionto the original problem. This is

doneusinga seriesof interpolationstepsthatmapthe solutionbackdown the hierarchy,

expandingit alongthewayuntil it formsanappropriatesolutionfor theoriginaldiscretiza-

tion of the problem. Theseinterpolationstepsaretypically performedby comparingthe

solutionsat eachlevel with theapproximationsto theproblemthatwerecomputedduring

coarsening.Theentireprocessof coarseningandrefining thesolutionis oftenperformed

repeatedlyto graduallyrefinethesolution. Figure5.1 providesa simpleschematicof the

multigrid method’sexecution.



253

start

filter filter solve

repeat?

project project project

interp.interp.interp.

filter

Figure5.1: The Multigrid Method. This diagramshows a simpleoverview of the multi-
grid method. The original discreteproblemis projectedrepeatedlyto createcoarserand
coarserapproximationsto the original problem. That problemis thensolved andthe re-
sult is interpolatedbackdown the hierarchy, filtering along the way againstthe original
approximations.Theentirecyclemaythenberepeatedto improvethesolution.

5.1.1 NASMG

A well-known benchmarkthat makesuseof the multigrid methodis the MG benchmark

from the NAS Parallel BenchmarkSuite (NPB) [BBB ì 94]. NPB containsa numberof

benchmarksdevelopedwith theintentof capturingalgorithmsandcommunicationpatterns

usedin importantparallelscientificcomputations.Onegoal of this effort is to provide a

consistentmeansof measuringperformancefrom oneparallelplatformto thenext.

TheoriginalNAS benchmarksweredistributedasEnglish-text descriptionsof thealgo-

rithms,with sampleinputsandoutputsprovidedfor verificationpurposes.Version2 of the

benchmarksuite(NPB2)is distributedasacollectionof hand-codedimplementationsusing

FortranandMPI, representinga reasonableandportableimplementationof theversion1

specifications[BHSì 95,SvdWWY97].

TheNAS MG benchmarkusesa multigrid computationto obtainanapproximatesolu-

tion to a scalarPoissonproblemon a discrete3D grid with periodicboundaryconditions.

As such,it representsacrispalgorithmfor usein evaluatingZPL’ssupportfor hierarchical
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Table5.1: Parametersfor ProductionGradeClassesof MG

Class ProblemSize Iterations

A í î ï�ð)í î ï�ð)í î ï 4

B í î ï�ð)í î ï�ð)í î ï 20

C î�ñ í,ð)î ñ í,ð)î ñ í 20

array-basedprogramming. Five different classesof MG exist, eachwith its own prob-

lem sizeandnumberof iterations. Two of theseclasses—SandW—aresmall versions

designedfor developmentpurposesonly. The otherthree—A,B, andC—areproduction

gradeclasses.Thedefiningparametersfor thesethreeclassesaresummarizedin Table5.1.

NotethatclassesA andB usethesameproblemsize,but for differingnumbersof iterations.

ThoughNAS MG containssimplificationsthatmaynot reflecttheassumptionsof more

complex multigrid solvers,its authorsexplain thatthey “choseit for its portabilityandsim-

plicity, andexpect that a supercomputerwhich canrun it effectively will alsobe ableto

run morecomplex multigrid problems”[BF95]. Thisstudyof MG adoptsa similar philos-

ophy, assumingthat in orderto supportmorecomplex multigrid methodsandhierarchical

algorithms,a parallellanguagemustfirst demonstratesuccesswith simpler, moreregular

examples.

Thebulk of thecomputationin MG is implementedusingfour 27-pointstencils(Fig-

ure 5.2). Two of thesestencils—interp and rprj3—interpolateandprojectbetweenrep-

resentationsof the problemat adjacentlevelsof thehierarchy. The othertwo—residand

psinv—implementrefinementoperationsat a singlelevel of thehierarchy. A goodparal-

lel implementationof thesestencilswould usepoint-to-pointcommunicationto transfer

boundaryvaluesbetweenprocessors.MG’s communicationsandstencilsarevery similar

to thosefoundin theJacobiiteration,simply involving moredirections.MG alsorequires

supportfor periodicboundaryconditionsandfor full reductionsover thefinestgrid.
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Figure5.2: A 27-pointStencil. The centerelementin a ò�ó�ò�ó�ò block of elementsis
replacedby a weightedsumof its neighboringvalues.Typically, theweightsarebasedon
anelement’sdistancefrom thecenterelement,asshown in this diagram.

5.1.2 Hierarchical Arrays

Themaindatastructureusedby multigrid algorithmslikeMG is thehierarchical array. In

its mostbasicform, the hierarchicalarrayis simply a datastructurewith multiple levels,

eachof which is implementedusinganarraywith half asmany elementsperdimension.In

anarraylanguagelike ZPL, a hierarchicalarraycouldbe representedby a setof regions,

eachof whichhaseitheranupperboundhalf asbig astheprevious,or astridethatis twice

asbig (Figure5.3).

In agoodmultigrid implementation,thesizeof thefinestgrid andthenumberof levels

shouldideally be specifiableby the programmerat executiontime, to allow a reasonable

amountof flexibility . In ZPL, theobstacleto doingsois therepresentationof anarbitrary

numberof regions,eachof whichhasauniqueupperboundor stride.As thelanguagehas

beendescribedso far, this cannotbe done,sinceit providesno meansfor statically-sized

groupsof regions,let alonedynamically-sized.While it wouldbepossibleto userecursion

to dynamicallycreatethelevelsof thehierarchicalarrayat executiontime, this solutionis

notgeneralandpreventstheallocationof apersistenthierarchicalarrayof data.
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(b)

(c)

(a)

Figure5.3: HierarchicalArray Implementations.(a) Theconceptualview of ahierarchical
array. (b) An implementationin which theboundsof thearrayarehalvedat eachlevel in
thehierarchy. (c) An alternative implementationin which theboundsof thearrayarekept
constant,but thestrideis doubledfor eachlevel.
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A very poorhierarchicalarrayimplementationcouldbedoneby addinganadditional

dimensionto describethe levels of the hierarchy. For example,the following 4D region

coarselydescribesthethree-dimensionalhierarchicalarrayusedby MG:

region RGrid = [1.. nx , 1.. ny, 1.. nz , 1.. num_levels ];

Thoughthis describestoo many indicesat the coarserlevels of the hierarchy, shattered

controlflow or maskscanbeusedto limit theindicesto therequiredsubset.

In spiteof thefactthatit couldwork, this implementationshouldbeavoidedatall costs

dueto the numberof extraneousindicesat the coarserlevels of the hierarchy. Declaring

anarrayover this region would resultin theallocationof ô'õ÷ö ø ù�úêô datavalues,assuming

that ô�û�üýô'þ0üýô'ÿ0üýô2ü�� � � � � � � � � � . In contrast,anefficient hierarchicalarrayimple-

mentationshouldonly require 	�
 ô'õ � elementsto be allocated.This solutionis therefore

unacceptableandservesasmotivationfor thesolutiondescribedin thefollowing section.

5.2 ZPL’s Multi-Concepts

To solve theproblemof creatinga setof relatedregionsor arrays,ZPL programmersare

giventhemeansto declareaparameterizedgroupof ZPL conceptssuchasregions,arrays,

anddirections.For example,themulti-region allows programmersto declarea parameter-

izedcollectionof regionswhoseattributescanvary with theparameter’s value. Similarly,

multi-arraysandmulti-directionscanbecreated,whosepropertiesvary within thegroup.

Beforecontinuing,it shouldbe statedthat thesemulti-conceptshave a numberof prob-

lemsthatmake themless-than-idealasa generalcomputingconcept.Theseissueswill be

addressedat theendof thischapter, but will beignoreduntil thatpoint.

5.2.1 Multi-Regions

As an exampleof a multi-region declaration,the following line of codecreatesa setof

increasinglysmall1D regions:

region MR{0.. k} = [1 +{} .. 1000-{}];
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This declarationcreates���� regions,numbered��� � �  . Eachpair of emptybraces({} )

in the region’s definition is replacedby its parameterindex whenthe definition is evalu-

ated. Thus,eachinstanceof region MR{} hasits upperandlower boundsadjustedby its

index. For example,MR{0} is equivalentto theregion [0..1000] , MR{1} is equivalent

to [1..999] , andMR{i} represents[ i..1000- i ] .

Declarationsof arrays,directions,andothervariablesmayalsobeparameterizedin this

way. Whenmulti-conceptsaredefinedin termsof othermulti-concepts,they may inherit

theparameterrangefrom thatobjectratherthanspecifyingit explicitly. For example,the

following declarationcreatesasetof ���� arrayscorrespondingto theregionsabove:

var MA{}: [ MR{}] double ;

5.2.2 Hierarchical ArraysandMulti-Regions

ZPL programmerscanusemulti-regionsto createhierarchicalarrayssimply by appropri-

ately parameterizinga region’s upperboundor stride. For example,the declarationsin

Listing 5.1 createtwo setsof 1D hierarchicalregionsandarrays. The first region decla-

ration usesan upperboundthat shrinksby half at eachlevel, whereasthe secondstrides

eachlevel by twicetheamountof theprevious.Eachapproachis legalandeachdescribesa

hierarchicalarraywith theappropriatenumberof elements.However, theapproacheshave

somewhatdifferentimplicationswhenit comesto communicationandloadbalancing.

CommunicationConsiderations

In termsof communication,notethatto projecttwo elementsfrom afiner level to acoarser

level in ZPL, the first approachwould requirethe remapoperator, sincethe indicesof

interactingelementsarenot separatedby aconstant:

[MRShr { i}] MAShr{i } := proj (MAShr {i -1} #[ Index1 *2-1],
MAShr{i -1} #[ Index1 *2]);
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Listing 5.1: Two Implementationsof HierarchicalArraysin ZPL

region MRShr{0.. num_levels } = [1..( n/2ˆ{})];
MRStr {0.. num_levels } = [1.. n] by [2ˆ{}];

var MAShr{}: [ MRShr{}] double ;
MAStr {}: [ MRStr {}] double ;

In contrast,the stridedapproachkeepsinteractingelementsneareachother in the index

space,admittingasolutionthatonly requiresthe@ operator:

[MRStr { i}] MAStr {i } := proj (MAStr {i -1},
MAStr {i -1} @step { i-1});

Sincethestencilsof multigrid methodslike MG oughtto be implementedusingpoint-to-

pointcommunication,thesecondexpressionof theprojectionis preferable.

Load-BalancingConsiderations

Thesecondconsiderationis theloadbalancingof thehierarchicalarray’s levels. Notethat

if a singleblockeddistribution is usedfor every level of MRShr, approximately����� of the

processorswould own no indicesat eachsuccessive level of the hierarchy(Figure5.4a).

To keepthe elementsdistributedacrossall processors,a differentdistribution would be

requiredfor eachlevel (Figure5.4b). In contrast,thefact thatMRStr hasthesamelower

andupperboundsateachlevel meansthatasingledistributioncandistributeall of its levels

asevenlyaspossible(Figure5.4c).

Dueto boththecommunicationandloadbalancingissues,thestridedapproachis pre-

ferredwhenimplementinghierarchicalarraysin ZPL.

5.2.3 SemanticSugarfor Multi-Concepts

As eventheshort1D examplesabove show, stencilcomputationsinvolving multi-regions

andmulti-arraystendto usesimplevariationsof theparameterindicesoverandoveragain
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(a)

(b)

(c)

Figure5.4: Load BalancingHierarchicalArrays. Considerthe differentdistribution pos-
sibilities for eachhierarchicalarray implementationon a ����� processorgrid. (a) For
implementationsthatshrinktheglobalboundsof eacharray, usingasingledistribution for
all levels will causea load imbalanceat all levels of the hierarchyother than the finest.
(b) Usinga uniquedistribution per level in thehierarchycanfix this problem,but compli-
catesthedistributionsomewhat. (c) With a stridedimplementation,a gooddistribution for
thefinestlevel will alsogive thebestloadbalancepossibleat all coarserlevels.
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in a singlestatement.To help with this problem,ZPL allows the index for a multi-array

to beelidedandinheritedfrom theenclosingregion scopeof appropriaterank(this causes

an error if the enclosingregion scopeis not a multi-region). Similarly, multi-directions

caninherit their indicesfrom theregion or arrayto which they areappliedwhenusingthe

region operatorsor an@ operator. Usingtheseconventions,thesimplestencilon MRStr

couldberewrittenasfollows:

[MRStr { i}] MAStr {} := proj (MAStr { i-1},
MAStr { i-1} @step {});

To furtheraidwith theproblem,relativeindicescanbeusedto adjusttheinheritedindex

by a constantoffset. Thesyntaxfor this typeof referencehasnever beenformalized,but

thecurrentsyntaxis theunsightlyuseof emptycurly-bracesto referto theinheritedindex.

For example,thepreviousline couldberewrittenasfollows:

[MRStr { i}] MAStr {} := proj (MAStr {{}-1},
MAStr {{}-1} @step {});

Although this doesnot save any keystrokes in this example, indexing expressionswith

longeridentifierstypically benefit.

5.3 ZPL MG Implementation

GivenZPL’s multi-concepts,implementingMG in ZPL is fairly straightforward. The im-

plementationdescribedhere(referredto asZPL MG) follows theNAS implementationas

closelyaspossible.

5.3.1 Declarations

ZPLMG Directions

Thedirectionsdeclaredin ZPL MG aresimply the26non-degeneratevectorsdescribedby�  "!$# # # !�%'&��  "!$# # # !�%'&��  "!$# # # !
), for usein the27-pointstencilsatall levelsof thehierar-

chy. ThesearedeclaredusingZPL’sscaledby directionoperatorwhichscalesadirection
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by anunsignedintegervalue. In addition,for clarity of naming,direction ( )�*�+ )�*�+ )�*�, is

redeclaredasthestepfor thestridedmulti-region.

Listing 5.2 shows the completesetof directiondeclarations.It shouldbe notedthat

many of the traditionalbenefitsof ZPL areabsentin thesedeclarations.In particular, the

useof so many directionsnegatesthe benefitof namingthem sincethe namesare now

asdescriptive asthe directionsthemselves. Furthermore,the similarity in the directions’

namesanddefinitionsis astediousanderror-proneastraditionalarrayindexing. To some

extent, this is a symptomof the benchmarkitself, but it also representsa failing in the

languagethatwill beaddressedin this chapter’sdiscussionsection.

ZPLMG Regions

The only region requiredby ZPL MG is a hierarchicalregion that describesthe problem

spaceusingstriding:

region Level {} = [1.. nx , 1.. ny , 1.. nz] by step {};

Typically thebenchmarkis run usingequalvaluesfor nx , ny , andnz , thoughthis decla-

rationallowsdifferentvaluesto bespecifiedat runtime.

ZPLMG Arrays

TheNAS implementationof MG usesaninput arrayat thefinestlevel of thehierarchy(V)

andtwo hierarchicalarrays(UandR). Thesearedeclaredin ZPL MG trivially asfollows:

var V: [Level {0}] double ;
U{}: [Level {}] double ;
R{}: [Level {}] double ;

5.3.2 A SingleIteration

A single iterationof NAS MG consistsof a roundof projections,the computationof an

approximatesolution,andthena seriesof interpolationsusingfiltering. This is expressed
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Listing 5.2: Directionsusedby ZPL MG

direction
dir100 {0.. num_levels } = [ 1, 0, 0] scaledby 2ˆ{};
dirN00 {0.. num_levels } = [-1, 0, 0] scaledby 2ˆ{};
dir010 {0.. num_levels } = [ 0, 1, 0] scaledby 2ˆ{};
dir0N0 {0.. num_levels } = [ 0,-1, 0] scaledby 2ˆ{};
dir001 {0.. num_levels } = [ 0, 0, 1] scaledby 2ˆ{};
dir00N {0.. num_levels } = [ 0, 0,-1] scaledby 2ˆ{};

dir110 {0.. num_levels } = [ 1, 1, 0] scaledby 2ˆ{};
dir1N0 {0.. num_levels } = [ 1,-1, 0] scaledby 2ˆ{};
dirN10 {0.. num_levels } = [-1, 1, 0] scaledby 2ˆ{};
dirNN0 {0.. num_levels } = [-1,-1, 0] scaledby 2ˆ{};
dir101 {0.. num_levels } = [ 1, 0, 1] scaledby 2ˆ{};
dir10N {0.. num_levels } = [ 1, 0,-1] scaledby 2ˆ{};
dirN01 {0.. num_levels } = [-1, 0, 1] scaledby 2ˆ{};
dirN0N {0.. num_levels } = [-1, 0,-1] scaledby 2ˆ{};
dir011 {0.. num_levels } = [ 0, 1, 1] scaledby 2ˆ{};
dir01N {0.. num_levels } = [ 0, 1,-1] scaledby 2ˆ{};
dir0N1 {0.. num_levels } = [ 0,-1, 1] scaledby 2ˆ{};
dir0NN {0.. num_levels } = [ 0,-1,-1] scaledby 2ˆ{};

dir111 {0.. num_levels } = [ 1, 1, 1] scaledby 2ˆ{};
dir11N {0.. num_levels } = [ 1, 1,-1] scaledby 2ˆ{};
dir1N1 {0.. num_levels } = [ 1,-1, 1] scaledby 2ˆ{};
dir1NN {0.. num_levels } = [ 1,-1,-1] scaledby 2ˆ{};
dirN11 {0.. num_levels } = [-1, 1, 1] scaledby 2ˆ{};
dirN1N {0.. num_levels } = [-1, 1,-1] scaledby 2ˆ{};
dirNN1 {0.. num_levels } = [-1,-1, 1] scaledby 2ˆ{};
dirNNN {0.. num_levels } = [-1,-1,-1] scaledby 2ˆ{};

step {0.. num_levels } = [-1,-1,-1] scaledby 2ˆ{};
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in ZPL asshown in Listing 5.3. Note that blank curly-bracereferencesareusedheavily

throughoutthis codeto inherit multi-conceptindices. As in NAS MG, eachof the 27-

point stencilsis implementedusinga procedurethat takesindividual levelsof thearrayas

parameters.Thefollowing sectiondescribesthesestencilroutines.

5.3.3 TheFour Stencils

All of theZPL MG stencilsarewritten usingwrap-@referencesto describethe27 array

referencesusingperiodicboundaryconditions.As in thedirectiondeclarations,it should

be notedthat while thesestencilsarevery clear, unambiguousrepresentationsof the op-

erations,they arealsovery tediousanderror-pronesimply dueto the sizeof the stencil.

For 27-pointstencils,thesestatementsaremanageable,but when larger stencilssuchas

thoseusedby thefastmultipolemethod[ED95] areused,any typoson theprogrammer’s

partwould bevery difficult to debug. We returnto this problemat theendof thechapter,

concentratingfor now on theimplementationof eachstencil.

Therprj3 Stencil

Theprojectionstencilfor ZPL MG is shown in Listing 5.4. The27 wrap-@referencesare

groupedby weight,summed,andthenmultiplied by theappropriatevalue. Thecovering

regionandsizesof S andRareall inheritedfrom thecallsiteto make thecodework at any

level of thehierarchy. Note that theusesof blankcurly-bracescausethedirectionsin R’s

wrap-@referencesto inherit its scaleandreferto its adjacentelements.

Thepsinv and residStencils

The psinv and resid stencilsare almost identical to rprj3, except that someterms are

weightedby 0 and thereforeelided to avoid unnecessarycommunicationand computa-

tion. The fact that thesestencilsare usedto computewithin a level of the hierarchyis

evidentonly whenviewing thestencils’callsitesin Listing 5.3. In particular, thecalls to
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Listing 5.3: A SingleIterationof ZPL MG

procedure iterate ();
var lvl : integer ;
begin
-------------------------------------------------------
-- Project to coarsest level
-------------------------------------------------------
for lvl := 1 to num_levels do

[ Level {lvl }] rprj3 ( R{}, R{{}-1});
end ;

-------------------------------------------------------
-- Compute an approximate solution on the coarsest grid
-------------------------------------------------------
[ Level {num_levels }] begin

U{} := 0.0;
psinv (U{}, R{});

end ;

-------------------------------------------------------
-- Interpolate solution
-------------------------------------------------------
for lvl := num_levels -1 downto 1 do

[ Level {lvl }] begin
U{} := 0.0;

[Level {{} +1}] interp (U {{}-1}, U{});
resid ( R{}, R{}, U{});
psinv ( U{}, R{});

end ;
end ;

[ Level {0}] begin
[Level {1}] interp ( U{{}-1}, U{});

resid ( R{}, V, U{});
psinv ( U{}, R{});

end ;

-------------------------------------------------------
-- Compute residual against input
-------------------------------------------------------
[ Level {0}] resid (R{}, V, U{});

end ;
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Listing 5.4: Therprj3 Stencilin ZPL
procedure rprj3 ( var S, R: [ , , ] double );
begin

S := 0.5000 * R
+ 0.2500 * (R@ d̂ir100 {} + R@ d̂ir010 {} + R@ d̂ir001 {} +

R@ d̂irN00 {} + R@ d̂ir0N0 {} + R@ d̂ir00N {})
+ 0.1250 * (R@ d̂ir110 {} + R@ d̂ir1N0 {} + R@ d̂irN10 {} + R@̂ dirNN0 {} +

R@ d̂ir101 {} + R@ d̂ir10N {} + R@ d̂irN01 {} + R@̂ dirN0N {} +
R@ d̂ir011 {} + R@ d̂ir01N {} + R@ d̂ir0N1 {} + R@̂ dir0NN {})

+ 0.0625 * (R@ d̂ir111 {} + R@ d̂ir11N {} + R@ d̂ir1N1 {} + R@̂ dir1NN {} +
R@ d̂irN11 {} + R@ d̂irN1N {} + R@ d̂irNN1 {} + R@̂ dirNNN {});

end ;

Listing 5.5: Thepsinv Stencilin ZPL
procedure psinv ( var U, R: [ , , ] double );
begin

U += c[0] * R
+ c[1] * (R @ d̂ir100 {} + R@ d̂ir010 {} + R@̂ dir001 {} +

R@ d̂irN00 {} + R@ d̂ir0N0 {} + R@̂ dir00N {})
+ c[2] * (R @ d̂ir110 {} + R@ d̂ir1N0 {} + R@̂ dirN10 {} + R@ d̂irNN0 {} +

R@ d̂ir101 {} + R@ d̂ir10N {} + R@̂ dirN01 {} + R@ d̂irN0N {} +
R@ d̂ir011 {} + R@ d̂ir01N {} + R@̂ dir0N1 {} + R@ d̂ir0NN {});

end ;

Listing 5.6: TheresidStencilin ZPL
procedure resid ( var R, V, U: [ , , ] double );
begin

R := V - a[0] * U
- a[2]*( U@ d̂ir110 {} + U@ d̂ir1N0 {} + U@ d̂irN10 {} + U@̂ dirNN0 {} +

U@ d̂ir101 {} + U@ d̂ir10N {} + U@ d̂irN01 {} + U@̂ dirN0N {} +
U@ d̂ir011 {} + U@ d̂ir01N {} + U@ d̂ir0N1 {} + U@̂ dir0NN {})

- a[3]*( U@ d̂ir111 {} + U@ d̂ir11N {} + U@ d̂ir1N1 {} + U@̂ dir1NN {} +
U@ d̂irN11 {} + U@ d̂irN1N {} + U@ d̂irNN1 {} + U@̂ dirNNN {});

end ;
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Figure5.5: MG’s interpStencil.Thisfigureshowsa2D illustrationof MG’s interpstencil.
For eachof the four applicationsof thestencilshown, thegrey elementon theright-hand
sideof theassignmentindicatesthevaluebeingwritten,andthegrey boxontheright-hand
sideshows theextentof each-/.�- stencil.Notethata differentsetof neighboringvalues
arereferencedfor eachapplication,basedon the relative alignmentbetweenthe fine and
coarsegrid values.Thesevaluesareaveragedin MG’s interpstencil.

rprj3 passin arraysfrom adjacentlevels of the hierarchywhereasthe calls to psinv and

residpassarraysfrom thesamelevel of thehierarchy. Thefactthattheprocedureslook so

similar impliesthatZPL doesagoodjob of abstractingthe27-pointstencil.In fact,asingle

procedurecouldbeusedfor all threestencilsif theweightsweresentin asanargumentand

thezero-weightoptimizationswerenotconsideredimportantenoughto performby hand.

TheinterpStencil

Theinterpstencilis slightly differentdueto thefactthatinterpolationhasdifferentcharac-

teristics.Conceptually, MG’sinterpolationstencilcanbethoughtof asa27-pointaveraging

stencilwhosescalematchesthefiner level of thehierarchy. This meansthatasthe -0.1-
stencil is usedto readthe coarselevel of the hierarchy, a numberof elementsbetween

one and eight will be read,dependingon the fine elementbeing assigned(Figure 5.5).

SinceZPL’s arrayreferencesareonly legal whenreferringto indicesfor which an array
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Listing 5.7: The interpStencilin ZPL
procedure interp ( var R, S: [ , , ] double );
begin

R += S;
R@dirN00 {{}-1} += .500*( S + S@ d̂irN00 {});
R@dir0N0 {{}-1} += .500*( S + S@ d̂ir0N0 {});
R@dir00N {{}-1} += .500*( S + S@ d̂ir00N {});
R@dirNN0 {{}-1} += .250*( S + S@ d̂irN00 {} + S@ d̂ir0N0 {} + S@ d̂irNN0 {});
R@dirN0N {{}-1} += .250*( S + S@ d̂irN00 {} + S@ d̂ir00N {} + S@ d̂irN0N {});
R@dir0NN {{}-1} += .250*( S + S@ d̂ir0N0 {} + S@ d̂ir00N {} + S@ d̂ir0NN {});
R@dirNNN {{}-1} += .125*( S + S@ d̂irN00 {} + S@ d̂ir0N0 {} + S@ d̂ir00N {} +

S@ d̂irNN0 {} + S@ d̂ir0NN {} + S@̂ dirN0N {} +
S@ d̂irNNN {});

end ;

is explicitly allocated,eightstatementshave to bewritten to describeeachof thepossible

alignments.Listing 5.7showsanimplementationof this stencil.

Looking at the callsite,note that the procedure’s covering region is alwaysone level

coarserthanR’s actualparameter. This causeseachassignmentto write to every 2 th ele-

ment.Theprocedurethenusesa left-handsidewrap-@referenceto shift eachassignment

anddescribeoneof thepossiblealignments.Notethatdirectionsthatareonelevel coarser

thanthegrid mustbeusedto achieve this. Thereferencesto thefinegrid arethenaveraged

basedon thenumberof elementsbeinginterpolated.

The interp stencilcouldalsobewritten in a few otherways. For example,a shattered

conditionalcouldbeusedto sortout the8 casesbasedon thevaluesof the Index i vari-

ables,eliminatingtheneedfor usingthecoarserregionanddirections.Theapproachshown

herewaschosenprimarily dueto its lack of controlflow, thougha comparisonof thetwo

approacheswouldbeinteresting.

5.3.4 ComparingtheZPL andNASImplementations

For themostpart, theZPL implementationof MG follows theNAS versionvery closely.

The datastructuresandproceduraldecompositionare identical, and ZPL’s performance



269

(a)

(b) (c)

Figure 5.6: The NAS MG Stencil Optimization. This figure demonstratesthe style of
stenciloptimizationusedby the NAS MG benchmarkusinga 2D example. (a) Adjacent
applicationsof thestencil.Notethatthesumof therightmosttopandbottomvaluesin the
first applicationarere-usedin thesecondandthird. (b) To take advantageof this,a vector
of sumsis pre-computed.(c) To computeanapplicationof thestencil,thesumvaluesare
weightedandaddedto theweightedvaluesfrom themiddlerow. Notethatthebenefitsfor
3D stencilsareevengreater.

model implies that the communicationrequiredby the codematchesthat specifiedusing

MPI callsin theNAS version.

The chief differencebetweenthe two codesis that the NAS implementationutilizes

clever hand-optimizationsin eachof the 27-pointstencils. Theseoptimizationscompute

arithmeticsubexpressionsthatarereusedin adjacentapplicationsof a stencil,cachingthe

valuesto minimizeredundantFLOPs(Figure5.6).Thissignificantlyimprovesperformance

at the costof obscuringthesourcecode’s intent. In termsof performance,it turnsout to

bea wisedecision:currentFortrancompilersdo not performthis transformationwhenthe

stencilsarewritten in a naive manner, resultingin performancedegradationsof 17% or

more.
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It is difficult to write thesameoptimizationsin ZPL dueto thefactthattheprogrammer

is notwriting scalarcodeandcannotspecifycodethatexecutesbetweentheimplementing

loops of an m-loop. However, it turns out that performingthe optimizationwithin the

ZPL compiler is straightforward,given the relative stridesof the covering region, arrays,

anddirections.This informationis readily computablegivenZPL’s high-level semantics,

andallowsnotonly for theoptimizationof stencilsassimpleasthosefoundin MG, but also

avarietyof morecomplicatedstencilpatterns[DCS01].Theresultis thatprogrammerscan

expresstheir algorithmsin a straightforward mannerwithout sacrificingthe performance

thatcanbeachievedusingascalarlocal-view language.

Section5.5evaluatesZPL MG againstNAS MG andthreeimplementationswritten in

otherlanguages.Beforedescribingthat study, however, the next sectionprovidesa brief

descriptionof theimplementationof ZPL’s multi-concepts.

5.4 Implementation of Multi-Concepts

5.4.1 BasicImplementation

ImplementingZPL’smulti-conceptsis fairly trivial. For eachmulti-direction,multi-region,

or multi-arraydeclaredby theuser, avectorof thatobject’sdescriptorsis allocated,indexed

by theidentifier’s parameterrange.Settingup this vectorof descriptorsis simply a matter

of wrappinga loop aroundthe traditional descriptorinitialization codeand substituting

the loop’s index for any blank curly-bracesfound in the definition. Referencesto multi-

conceptsaresimplygeneratedasaccessesto theappropriatedescriptorwithin thevector.

In orderto supportinheritanceof multi-regionandmulti-arrayindices,anextra integer

field mustbe addedto the region andarraydescriptorsto storetheir parameterindex for

casesin which it cannotbe determinedat compiletime. For example,in theZPL imple-

mentationof resid, theparameterindex of arrayU is checkeddynamicallyto usethecorrect

versionof thedirectionsin its twenty-six@-references.
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5.4.2 Challengesto Fluff Analysis

The primary challengein the implementationof multi-conceptsis that they complicate

fluff analysis.For example,imaginethat theMG benchmarkcontainedthe following @-

reference:

3 3 3 A{ i} @dir100 {j } 3 3 3
If thecompilercannotdeterminetherelationshipbetween4 and5 in this expression,it will

notbeableto determinethenumberof additionalrowsof datato allocatefor A{i} ’s fluff.

Theconservativeapproachwould beto assumethat 5�6�798;: < = >�= < ? , but this canresultin

anexponentialamountof spacebeingwasteddueto thedoublingof thedirectionvectors

ateachlevel of thehierarchy.

A secondapproachwould be to useruntimechecksto determineif an array’s fluff is

insufficient andexpandit asnecessary. Aside from the runtimeoverheadsof performing

thechecksandreallocatingthearrays,this approachis sound.

A third optionis to insertatemporaryarrayfor thisexpressionwhosesizeis determined

by theenclosingregionscope.Thetemporaryarraywouldthenserveasthestorageto cache

non-localvalues.Theprimarydisadvantagesto thisschemearethememorythatit requires

andthefactthattherestof thearraywouldhave to befilled with shifted,local valuesof A.

Alternatively, them-loopfor theoriginal expressioncouldbesplit into two loops,onethat

accessesthe local shiftedvaluesof A andthe secondto readthe remotevaluesfrom the

temporaryarray.

In hierarchicalcodes,such@-referencesare rare due to the fact that the directions

appliedto a level of the hierarchicalarraywill eithermatchits level or correspondto an

adjacentlevel. In thesecases,the minimal amountof requiredfluff can be determined

staticallywithout difficulty. Currently, moregeneral@-referenceshave not beenimple-

mented,causinga compilerwarningto be generatedfor expressionslike the oneabove.

Futurework shouldconsidereachof the implementationoptionsto determinewhich has

thesmallestimpacton thecommoncase.
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5.5 Evaluation

To evaluatetheZPL implementationof hierarchicalarrays,thissectioncomparesZPL MG

againstversionsof the benchmarkwritten in other languagesin termsof clarity, perfor-

mance,andportability.

5.5.1 Methodology

Oneof theadvantagesof usingMG to evaluatea language’s supportfor hierarchicalarray

computationis that it is sucha popularbenchmarkthat many other languageshave per-

formedsimilar studies.This providesa numberof implementationsfor comparisonwith

ZPL MG. In searchingfor candidateimplementationsof MG, this studyhadtwo require-

ments.Thefirst wasmotivatedby theemphasisin NPB2onportabilityratherthanalgorith-

mic cleverness[BHS@ 95]. In particular, this studyrequiredeachimplementationto follow

thespirit of theNAS implementationascloselyasthesourcelanguageandcompilerwould

allow. For example,an implementationcould not usea sparsearray to storethe twenty

nonzerovaluesin the ACBDACBDA input array, asthis would constitutea radicaldeparture

from theoriginal algorithm.However, it couldcertainlychangeloop nestiterationorders,

strive to minimizecommunication,etc. All of the implementationsusedin this studymet

this requirementwithoutmodification.

The secondrequirementwas that eachbenchmark’s programmerhad to be familiar

with thelanguageandcompilerin question.Thisgoalwasdesignedto ensurethatourown

ignoranceof a languageor compilerwouldnotadverselyaffect thatlanguage’sevaluation.

This requirementwas easyto meetdue to MG’s popularity as a benchmark:all of the

implementationsin this studywerecodedby the language’s developmentteamwith the

exceptionof theHPFversionwhich waswrittenat NASA Ames.

As in any programmingcontext, thereis a potentialtensionbetweenclarity andper-

formance.In general,the implementorsof eachbenchmarkstrove to optimizefor perfor-

mancewithout undulycompromisingclarity. For example,theoriginal NAS implementa-



273

tion of MG reliesonF77loopsandindexing ratherthantheequivalent(andarguablymore

expressive)F90slicenotation.Thisdecisionwasmotivatedby thedesireto ensurethatthe

crucialstencilcodewouldbeimplementedefficiently ratherthanrelyingoneachplatform’s

compilerto get it right [vdW00, BHSE 95]. Our efforts to make thecodemoreexpressive

usingarraystatementsprovedto adverselyaffectperformance,asanticipatedby thecode’s

authors.Moreover, slice notationdid not improve the code’s clarity tremendously, given

thenumberof charactersrequiredto expresseach3D arrayslice.

Sincetheresultsin thissectionevaluatespecificimplementationsof MG usingaspecific

setof compilers,they maynot necessarilyreflectthemaximumpotentialof eachcompiler

or language. In truth, one would be hard-pressedto designan experimentthat would.

However, therequirementsabovestrive to ensurethatwhile onemight conceiveof a faster

or clearerimplementation,thebenchmarksusedhererepresentreasonableexamplesof how

knowledgeable,performance-mindedprogrammersmight implementa specificmultigrid

algorithmin eachlanguageusingcurrentcompilertechnology.

5.5.2 MG Implementations

In addition to the NAS MG and ZPL MG implementations,reasonableversionsof the

MG benchmarkwerefoundfor HPF, CAF, andSAC. Thissectiongivesabrief description

of eachimplementation,emphasizingways in which they differ from the original NAS

version.

F77+MPI

TheF77+MPIcodeusedin this studyis theNAS implementation,version2.3. It servesas

thebaselinefor thestudy.
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ZPL

The ZPL implementationof MG is the versiondescribedin Section5.3. As described

there,it follows theNAS versionascloselyaspossible,usingmulti-regionsto implement

thehierarchicalarrays,but omitting thehand-codedstenciloptimization.

HPF

TheHPFimplementationis obtainedfrom NASA Amesandstemsfrom aneffort to imple-

mentall of theNAS benchmarksin HPF[FJY98]. PGI identifiesthis implementationasthe

best-known versionof MG for their compiler[Por99], which servesastheHPFcompiler

in our experiments. This implementationfollows the NAS implementationvery closely

with onemajorexception:HPFhasno specificsupportfor hierarchicalarraysapartfrom

F90’s traditionalarraylanguageconcepts.Thus,in orderto specifya hierarchicalarrayat

the global view suchthat onemay iterateover its levels andparallelizethemeffectively,

an array of pointersto dynamicallyallocatedarraysshouldbe used[FJY98]. Although

F90 supportssuchan approach,this featureis currentlyunsupportedby mostHPF com-

pilers. Thus,thebenchmark’s authorschoseto representtheir hierarchicalarraysusinga

4D implementationasdescribedin Section5.1.2[FJY98,Fru00].

The4D implementationhastheeffect of wastingmemoryandof walking throughit in

largestridesfor coarserlevelsof thehierarchy. Thesefactorswill impactperformancedue

to thememoryhierarchy. The 4D hierarchicalarrayalsorequiresextensive useof HPF’s

HOMEdirectivein orderto alignthearraysin adistributedandload-balancedmanner. Other

thanthis issue,the implementationis extremelytrue to the NAS versionandincludesits

hand-codedstenciloptimizations.Futurework might considerhow these4D arrayscould

beeliminatedin otherHPFcompilers[GMSF 95,BCGF 95] or by usingHPFextensionsfor

sparseor irregularproblems[Hig97].
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CAF

The CAF implementationwaswritten usingthe NAS implementationasa startingpoint.

Sinceboth of theseapproachesusea local per-processorview andFortranas their base

language,theCAF implementationsimply involvedremoving theNAS MPI callsandre-

placingthemwith theequivalentco-arraysyntax.Althoughsolutionsmoretailoredto CAF

couldbeimagined,this implementationis astrueto theoriginalNAS versionasonecould

imagineandwasa fairly trivial port for its authors.

SAC

TheSAC implementationof MG comesaspartof theSAC distribution[SAC01] andforms

themostradicaldeparturefrom theNAS implementation.SAC’s functionalnaturemakes

it natural to expresshierarchicalapplicationsusing a recursive approach. This allows

programmersto implementeachlevel of a hierarchalarrayusing local arrayswhosedi-

mensionsareeachhalf asbig asthe incomingarrays. While this approachis naturalfor

multigrid solverslikeMG, it wouldbeinsufficientfor techniqueslikeadaptivemeshrefine-

ment[LM90] in which thecoarselevelsof thehierarchyoftenneedto bepreserved from

oneiterationto thenext.

SAC’s recursive arrayspecificationsdiffer from the iterative approachin theNAS im-

plementationin which the hierarchicalarraysare allocatedat the outsetof the program

andreusedthereafter. In spiteof this difference,we usedtheofficial SAC implementation

of MG ratherthanimplementinganiterativesolutionfor fearthatashift in paradigmwould

neitherbein thespirit of SAC nor in its bestinterestsperformance-wise.

The NAS stencil optimizationcould not be cleanly hand-codedin SAC without dis-

ablingotheressentialoptimizations,soall stencilsareexpressedin their simplestbut less

optimalform.
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Table5.2: Summaryof theMG Implementations

# Processors ProblemSize Data Contains

Language Author unbound? unbound? Distribution StencilOpt?

F77+MPI NAS no ( G H ) no ( G H ) 3D blocked hand-coded

HPF NAS yes no 1D blocked1 hand-coded

CAF CAF group no ( G H ) no ( G H ) 3D blocked hand-coded

SAC SAC group yes yes2 ( G H ) 1D blocked no

ZPL ZPL group yes yes 3D blocked compiler-generated

Summary

Table5.2 summarizestheversionsof thebenchmarkusedin theseexperiments.TheAu-

thor columnindicatesthe origin of eachimplementation.The next two columnsindicate

whetherthenumberof processorsand/orproblemsizecanbespecifiedat executiontime

ratherthanfixedat compile-time.If theimplementationalsoconstrainsthenumberof pro-

cessorsor problemsizeto be a power of two, this is indicatedin parenthesis.The Data

distribution columnindicatestheway in which arraysaredistributedacrosstheprocessor

set.Thelastcolumnindicateswhetheror not theimplementationincludesthehand-coded

stenciloptimizationsasin theNAS version.

Note that the ZPL implementationis theonly onewhich allows theproblemsizeand

numberof processorsto bespecifiedat executiontime. While a completelydynamically-

specifiedversionof MG couldbewritten in eachlanguage,doingsocouldadverselyaffect

clarity and/orperformanceby makingthecodemoregeneralandproviding lessinforma-

1The implementorsfound thatdistributing morethanonedimensionhurt performancein HPF, sochose
to distributejust one[FJY98].

2Thoughtheproblemsizemaybespecifieddynamically, thecodeis writtensuchthatonly a few problem
sizesarepossible.
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tion to thecompiler. For example,theNAS andCAF implementationsusetheirknowledge

of thenumberof processorsandproblemsizeto allocatehierarchicalarraysstatically. Sim-

ilarly, by constrainingtheproblemsizesin SAC, inlining andloop unrolling optimizations

areenabled. The point hereis not to arguewhetheror not suchconstraintsare reason-

able,but ratherto highlight that the more dynamicimplementationsstart with a certain

disadvantage.

5.5.3 Evaluationof Clarity

Theclarity of theMG implementationsis determinedbothby performingquantitative line

counts,andby qualitatively evaluatingthecodeitself.

QuantitativeAnalysis

Eachline of eachbenchmarkis classifiedasbeingoneof four types:declarations, commu-

nication, computation, andnon-essentials. As in theexperimentsof Chapter2, declarations

includeall linesof codethatareusedto declarevariables,constants,functions,andother

identifiers. Communicationlines are thosethat areusedfor interprocessordatatransfer

or synchronization.Coderelatedto comments,initialization, timings, andI/O is consid-

erednon-essentialandexcludedfrom theanalysis.The remaininglines of codeform the

timed,computationalkernelof the benchmarkandareconsideredcomputation.Because

line countswill varysomewhatdueto aprogrammer’sstyle,thesefiguresconstituteonly a

coarseindicationof clarity.

Figure5.7 givesa summaryof thequantitative evaluation,showing thenumberof es-

sentiallinesof codeandhow they breakdown into thedifferentcategories.Themostim-

mediateobservation is that languageswith a local view of computationrequire2–8times

asmany linesof codeasthoseproviding aglobalview, andthatthemajority of theselines

implementcommunication. Inspectionof this communicationrevealsthat it is not only

lengthy, but alsoquite intricatein orderto handlethe exceptionalcasesthat arerequired
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Figure5.7: MG ImplementationLinecounts.This graphgivesanindicationof thenumber
of usefullinesof codein eachimplementationof MG. Communicationindicatesthenumber
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to maintaina processor’s local boundaryvaluesin threedimensionsat all levelsof thehi-

erarchy. Thedifferencein communicationcountsbetweenF77+MPIandCAF stemsfrom

MPI’sbuilt-in supportfor collectivecommunicationroutinessuchasbroadcastsandreduc-

tions. In theCAF version,suchoperationsaremanuallyimplementedasfunctions,adding

to bothits communicationanddeclarationcounts.

Thenext thing to noteis thatof theglobal-view languages,HPFis considerablylength-

ier than either SAC or ZPL. This is an unfortunateconsequenceof the extra codeand

directivesrequiredto implementits 4D hierarchicalarraysasdescribedin theprevioussec-

tion. Examplesof suchcodecanbeseenin lines14–21and31–44of Listing 5.9. Though

theSAC andZPL line countsaresimilar to oneanother, SAC takesa 30-linecomputation

hit by explicitly replicatingtop-level functioncalls for eachproblemsizeto enableinlin-

ing andunrolling. On theotherhand,it requires48 fewer lines for declarationsdueto its

supportfor automaticvariabledeclarations.

In termsof computation,oneobserves that the F77+MPI andCAF implementations

have 2–3timesthenumberof linesastheSAC andZPL benchmarks.This canlargely be

attributedto the looping andindexing overheadsassociatedwith hand-codingthe stencil

optimization.Althoughconvertingthestencilsin theseimplementationsto anunoptimized

slicenotationbringsthecomputationline countcloserto thatof SAC andZPL, thischange

causestheperformanceto degradesignificantly, andtheoverall line countsandcomplexity

of theimplementationsarestill dominatedby communicationcode.

QualitativeAnalysis

The qualitative evaluationconsistsof readingthroughthe codeby handand looking to

seeif theline countsseeminverselyrelatedto theclarity with which eachimplementation

expressesthealgorithm.Our conclusionis thatthey are.Listings5.8–5.10show therprj3

stencil in F77+MPI/CAF, HPF, andSAC respectively. Note that recurringidioms in the

HPF codeareeliminatedfor brevity. Furthermore,the communicationfor the F77+MPI

andCAF versionsis omittedsinceit constitutesseveralhundredadditionallinesof code.
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Listing 5.8: TheF77andCAF Implementationof rprj3
1 subroutine rprj3( r,m1k ,m2k,m3k ,s,m1j ,m2j,m3j ,k )
2 implicit none
3 include ’mpinpb .h ’
4 include ’globals . h’
5

6 integer m1k, m2k, m3k, m1j, m2j , m3j, k
7 double precision r(m1k, m2k,m3k ), s(m1j ,m2j, m3j)
8 integer j3 , j2, j1 , i3, i2, i1 , d1, d2, d3, j
9 double precision x1(m), y1(m), x2,y2

10

11 if ( m1k.eq.3) then
12 d1 = 2
13 else
14 d1 = 1
15 endif
16

17 if ( m2k.eq.3) then
18 d2 = 2
19 else
20 d2 = 1
21 endif
22

23 if ( m3k.eq.3) then
24 d3 = 2
25 else
26 d3 = 1
27 endif
28

29 do j3=2,m3j -1
30 i3 = 2* j3-d3
31 do j2=2, m2j-1
32 i2 = 2*j2-d2
33 do j1 =2,m1j
34 i1 = 2*j1 -d1
35 x1 (i1-1) = r(i1 -1,i2-1, i3 ) + r(i1 -1,i2+1, i3 )
36 > + r(i1 -1,i2, i3-1) + r(i1 -1,i2, i3+1)
37 y1 (i1-1) = r(i1 -1,i2-1, i3-1) + r(i1 -1,i2-1, i3+1)
38 > + r(i1 -1,i2+1, i3-1) + r(i1 -1,i2+1, i3+1)
39 enddo
40 do j1=2,m1j -1
41 i1 = 2*j1 -d1
42 y2 = r(i1 , i2-1, i3-1) + r(i1 , i2-1, i3+1)
43 > + r(i1 , i2+1, i3-1) + r(i1 , i2+1, i3+1)
44 x2 = r(i1 , i2-1, i3 ) + r(i1 , i2+1, i3 )
45 > + r(i1 , i2, i3-1) + r(i1 , i2, i3+1)
46 s( j1,j2,j3 ) =
47 > 0.5D0 * r(i1 ,i2,i3 )
48 > + 0.25D0 * ( r(i1-1, i2,i3) + r(i1 +1,i2,i3 ) + x2 )
49 > + 0.125 D0 * ( x1(i1-1) + x1 (i1+1) + y2)
50 > + 0.0625 D0 * ( y1(i1 -1) + y1 (i1+1) )
51 enddo
52 enddo
53 enddo
54

55 j = k-1
56 call comm3(s,m1j, m2j,m3j ,j)
57

58 return
59 end
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Listing 5.9: TheHPFImplementationof rprj3
1 extrinsic (HPF) subroutine rprj3 (r,m1k,m2k ,m3k,s,
2 > m1j,m2j, m3j,k)
3
4 implicit none
5 include ’globals .h’
6 include ’rprj3 .h’
7 integer j3, j2 , j1, i3, i2, i1, d1, d2, d3, j
8 double precision x1(m), y1(m), x2 ,y2
9 double precision w000(m1j ,m2j,m3j ), w100( m1j,m2j,m3j ),

10 > w010(m1j ,m2j,m3j ), w110( m1j,m2j,m3j ),
11 > w001(m1j ,m2j,m3j ), w101( m1j,m2j,m3j ),
12 > w011(m1j ,m2j,m3j ), w111( m1j,m2j,m3j )
13
14 !hpf$ align w000(i1,i2,i3) with r(2*i1,2*i2,2*i3)
15 !hpf$ align w100(i1,i2,i3) with r(2*i1-1,2*i2,2*i3)
16 !hpf$ align w010(i1,i2,i3) with r(2*i1,2*i2-1,2*i3)
17 !hpf$ align w110(i1,i2,i3) with r(2*i1-1,2*i2-1,2*i3)
18 !hpf$ align w001(i1,i2,i3) with r(2*i1,2*i2,2*i3-1)
19 !hpf$ align w101(i1,i2,i3) with r(2*i1-1,2*i2,2*i3-1)
20 !hpf$ align w011(i1,i2,i3) with r(2*i1,2*i2-1,2*i3-1)
21 !hpf$ align w111(i1,i2,i3) with r(2*i1-1,2*i2-1,2*i3-1)
22
23 if (m1k .eq.3) then
24 d1 = 2
25 else
26 d1 = 1
27 endif
28
29 ! TWO CONDITIONALS OF A SIMILAR FORM DELETED DUE TO SPACE CONSTRAINTS
30
31 !hpf$ independent, on home(w000(i1,i2,i3))
32 do i3=1,m3j -1
33 !hpf$ independent
34 do i2=1, m2j-1
35 do i1 =1,m1j-1
36 w000(i1,i2,i3 ) = r(2* i1,2*i2,2* i3)
37 > + r(2* i1,2*i2+2,2* i3)
38 > + r(2* i1+2,2*i2 ,2*i3)
39 > + r(2* i1+2,2*i2 +2,2*i3)
40 end do
41 end do
42 end do
43
44 ! 7 LOOP NESTS OF A SIMILAR FORM DELETED DUE TO SPACE CONSTRAINTS
45
46 s(2: m1j-1,2: m2j-1,2: m3j-1) =
47 > 0.5D0* w111(2:m1j -1,2:m2j -1,2:m3j-1)
48 > + 0.25 D0 * ( w011(1:m1j -2,2:m2j -1,2:m3j-1)
49 > + w011(2:m1j -1,2:m2j -1,2:m3j-1)
50 > + w101(2:m1j-1,1: m2j-2,2: m3j-1)
51 > + w101(2:m1j-1,2: m2j-1,2: m3j-1)
52 > + w110(2: m1j-1,2:m2j -1,1:m3j -2)
53 > + w110(2: m1j-1,2:m2j -1,2:m3j -1) )
54 > + 0.125 D0 * ( w001(1:m1j -2,1:m2j -2,2:m3j-1)
55 > + w001(2:m1j -1,1:m2j -2,2:m3j-1)
56 > + w010(1:m1j-2,2: m2j-1,1: m3j-2)
57 > + w010(1:m1j-2,2: m2j-1,2: m3j-1)
58 > + w100(2:m1j -1,1:m2j -2,1:m3j-2)
59 > + w100(2:m1j -1,1:m2j -2,2:m3j-1) )
60 > + 0.0625 D0 * ( w000(1:m1j -2,1:m2j -2,1:m3j-2)
61 > + w000(1:m1j-2,1: m2j-2,2: m3j-1) )
62
63 s(m1j ,:,:) = s(2,:,:)
64 s(1,:,:) = s( m1j-1,:,:)
65 s(:, m2j,:) = s(:,2,:)
66 s(:,1,:) = s(:, m2j-1,:)
67 s(:,:, m3j) = s(:,:,2)
68 s(:,:,1) = s(:,:, m3j-1)
69
70 return
71 end
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Listing 5.10:TheSAC Implementationof rprj3
1 #define P gen_weights ( [ 1d/2 d , 1d/4 d , 1d/8d , 1d/16d ])
2

3 inline double [] gen_weights ( double [] wp) {
4 res = with ( . <= iv <= . ) {
5 off = with ( 0* shape (iv) <= ix < shape (iv )) {
6 if ( iv [ix] != 1)
7 dist = 1;
8 else
9 dist = 0;

10 } fold ( +, dist );
11 } genarray ( SHP, wp[[ off]]);
12 return ( res);
13 }
14

15

16 inline double weighted_sum ( double [] u, int [] x, double [] w) {
17 res = with ( 0* shape (w ) <= dx < shape (w) )
18 fold ( +, u[x+dx -1] * w[dx]);
19 return ( res);
20 }
21

22

23 double [] setup_periodic_border ( double [] u)
24 {
25 for ( x=1; x<shape (u)[0]-1; x++) {
26 for ( y=1; y<shape (u )[1]-1; y++) {
27 z = shape ( u)[2];
28 u = modarray ( u, [x,y,0], u[[x ,y,z-2]]);
29 u = modarray ( u, [x,y,z -1], u[[ x,y,1]]);
30 }
31 }
32

33 for ( x=1; x<shape (u)[0]-1; x++) {
34 y = shape (u)[1];
35 for ( z=0; z<shape (u )[2]; z++) {
36 u = modarray ( u, [x,0,z ], u[[x ,y-2,z]]);
37 u = modarray ( u, [x,y-1, z], u[[ x,1,z]]);
38 }
39 }
40

41 x = shape (u)[0];
42 for ( y=0; y<shape (u)[0]; y++) {
43 for ( z=0; z<shape (u )[2]; z++) {
44 u = modarray ( u, [0,y,z ], u[[x -2,y,z]]);
45 u = modarray ( u, [x-1,y ,z], u[[1, y,z]]);
46 }
47 }
48

49 return ( u);
50 }
51

52

53 double [] fine2coarse ( double [] r) {
54 rn = with ( 0* shape (r) +1 <= x<= shape (r) / 2 -1)
55 genarray ( shape (r) / 2 + 1, weighted_sum ( r, 2* x, P));
56 rn = setup_periodic_border ( rn);
57 return ( rn);
58 }
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Comparingtheseexcerptsto theZPL implementationof rprj3 in Listing 5.4,onefinds

that theZPL codeis theclearestrepresentationof thestencil. Its clarity canbeattributed

to its global-view, array-basednatureassupportedby regions. The lack of a hand-coded

stenciloptimizationalsoaidsin ZPL’s clarity.

In contrast,theFortran-basedcodesareobscuredby loopingstructures,computations

relatedto managementof datadistribution,hand-codedoptimizations,andcommunication

specification. The performanceevaluationin the next sectionwill indicatewhetherthis

additionalcodingeffort paysoff in termsof executionspeed.

The coreof the SAC coderepresentsthe rprj3 stencilvery clearly andconcisely, but

is complicatedsomewhatby the explicit supportfor periodicboundaryconditionsimple-

mentedin its setup_periodic_border () function. While it is possibleto write the

rprj3 stencilmoresuccinctlyby wrappingreferencesaroundthearrayaswith ZPL’swrap-

@ operator, this featurewasnotyet workingat thetimeof this study.

Comparingtheotherstencilsin a similar manner, onedraws similar conclusions.The

ZPL versiontendsto bemoreconciseandclearthantheotherlanguagesdueto its useof

regionsto specifythecomputation.

5.5.4 Evaluationof Portability andPerformance

ExperimentalSetupandPortability Results

To evaluateperformance,the MG implementationswererun on five hardwareplatforms:

a high-performanceLinux cluster, a Cray T3E, a SunEnterprise5500,an IBM SP, and

anSGI Origin. Themachinesrepresentthediversityof parallelarchitecturesin usetoday.

Relevantdetailsabouteachplatformaresummarizedin AppendixB.

Table5.3 summarizesthe hardware/languagecombinationsrepresentedin this study,

andgivesanideaof eachimplementation’s portability. Currently, no singleplatformsup-

portsall of thelanguagessinceCAF only runson theCrayT3E andSAC only runson the

SunEnterprise.
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Table5.3: Summaryof Language/HardwareCombinationsin theMG Study

F77+MPI CAF HPF SAC ZPL

Linux cluster I J I J I
IBM SP I J I J I

CrayT3E I I I J I
SunEnterprise5500 I J K I I

SGIOrigin I J I J I

J = languagenot currentlysupportedon machine

I = languagesupportedandincludedin ourstudy

K = languagesupported,but we couldnotobtainacompiler

AppendixC summarizesinformationaboutthecompilersandcommand-lineflagsthat

wereusedin this study. Typically, the highestsafelevel of single-flagoptimizationswas

usedwith eachcompiler. For theHPFimplementation,theflagssuggestedby its implemen-

torswereused.Both theSAC andZPL compilersuseANSI C asanintermediatelanguage,

sodetailsfor theC compilersusedby their backendsarealsoprovided.

PerformanceResults

Thegraphsin Figures5.8–5.10give speedupresultsfor eachmachine.Timingswereob-

tainedby running eachconfiguration(language L machine L numberof processors) a

handful of times over the courseof several daysand recordingthe best time for each.

AppendixD containsthe raw timings usedto constructthesegraphs. Note that mostof

themachinesdid not have sufficient memoryto run theproductiongradeclasseson small

numbersof processors.Thus,speedupnumbersfor eachgrapharecomputedrelativeto the

fastestimplementationon thesmallestnumberof processors.ClassesB andC areshown
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for eachplatform except the Sun Enterprisewhich had insufficient memoryto hold the

classC problemsize.Thediscussionof theperformanceresultsbeginsby focusingon the

languagesthataresupportedonmultipleplatforms.

HPF The moststriking observation is that the HPF implementationperformspoorly as

comparedto all otherlanguages.This is dueto theoverheadsassociatedwith its 4D hierar-

chicalarrayimplementation,asdescribedin Section5.5.2.Theamountof storagerequired

by thesearrayspreventsmany of theHPFconfigurationsfrom runningdueto memorylim-

itations.NotableexceptionsaretheLinux cluster, whichhasthelargestamountof memory

per node,andthe SGI Origin, whosesharedmemoryarchitectureallows small processor

configurationsto utilize memoryfrom otherprocessorsonthemachinethatarenotinvolved

in thecomputation.Theonly classC HPFresultsareobtainedontheSGIOrigin using8–16

processors.Runningon fewer nodescauseseachprocessorto exceedthesystem-specified

limit for how muchmemorya singleprocesscanuse. Runningon moreprocessorsex-

hauststhe global amountof memoryavailable to the groupof 128. Note that while the

Linux clusterhasagreateramountof memoryperprocessor, its distributedmemoryarchi-

tecturepreventsit from runningaclassC problemusingany numberof processors.

WhentheHPFimplementationdoeshave sufficient memoryto run, the4D arraysim-

pactoverall performancedueto their largememoryfootprintsandtheextra work required

to correctlydistributeandalign them.NotethattheHPFimplementationsare in factscal-

ing, just not at a rate that makesthemcompetitive with the other implementations.It is

difficult to judgewhethertheseresultsarea symptomof the youth of HPF compilersor

whetherthelanguageitself posessignificantobstaclesto efficient compilationof multigrid

applications.The fact that so few HPF compilerssupportarraysof pointersto dynamic

memorysuggeststhatthelattermightbetrue.

F77+MPI & ZPL In contrast,the F77+MPI and ZPL implementationsperform quite

well. As the processorset size increases,F77+MPI tendsto outpaceZPL. This gap is
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Figure 5.8: MG Performanceon the Linux Cluster. Thesespeedupgraphsshow MG
classesB and C on the Linux clusterusing both ethernetand myrinet. Note that there
is not enoughmemoryto run classC on smallprocessorsets.Thus,its speedupsarecom-
putedusingthe fastestexecutiontime on thesmallestnumberof processors(indicatedin
they-axis label).Dueto its excessivememoryallocation,theHPFversionis unableto run
for classC problems.



287

0V 16 32 64 96

ProcessorsW
0

12

24

36

48

S
p

ee
d

u
p

 o
ve

r 
b

es
t 

2-
p

ro
ce

ss
o

r 
ti

m
e

X

(8
2.

26
5 

se
co

n
d

s 
in

 Z
P

L
)

MG Class B -- IBM SPY
linear speedup
F77+MPI
ZPL
HPF

(a)

0V 16 32 64 96

ProcessorsW
0

2

4

6

S
p

ee
d

u
p

 o
ve

r 
b

es
t 

16
-p

ro
ce

ss
o

r 
ti

m
e

X

(9
6.

35
1 

se
co

n
d

s 
in

 F
77

+M
P

I)

Z

MG Class C -- IBM SP[
linear speedup
ZPL
F77+MPI
HPF

(b)

0\ 16 32 64 128] 256^
Processors_

0

32

64

96

128

S
p

ee
d

u
p

 o
ve

r 
b

es
t 

2-
p

ro
ce

ss
o

r 
ti

m
e

`

(1
17

.3
82

 s
ec

o
n

d
s 

in
 C

A
F

)

MG Class B -- Cray T3E

linear speedup
CAF
ZPL
F77+MPI
HPF

(c)

0\ 16 32 64 128] 256^
Processors_

0

4

8

12

16

S
p

ee
d

u
p

 o
ve

r 
b

es
t 

16
-p

ro
ce

ss
o

r 
ti

m
e

(1
12

.6
25

 s
ec

o
n

d
s 

in
 Z

P
L

)

a

MG Class C -- Cray T3E

linear speedup
CAF
ZPL
F77+MPI
HPF

(d)

Figure5.9: MG Performanceon the IBM SPandCrayT3E. Thesespeedupgraphsshow
MG classesB andC on the IBM SPandCray T3E. As in the previous figure, speedups
for eachgrapharecomputedusing the fastestexecutiontime on the smallestnumberof
processors.Onceagain, the memoryrequirementsof the HPF versionprevent it from
beingableto run on mostconfigurations.Note that the F77+MPI versioncannotrun on
96processorssinceit is written to work only with processorsetsthatarepowersof two.
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Figure5.10:MG Performanceon theSGIOrigin andSunEnterprise5500.Thesespeedup
graphsshow MG classesB and C on the SGI Origin and A and B on the Sun Enter-
prise5500.Onceagain,speedupsfor eachgrapharecomputedusingthefastestexecution
time on thesmallestnumberof processors.Thesuperlinearspeedupon theOrigin is due
to thememorytraffic requiredto run a classC problemon 2 processors.We wereunable
to obtainreasonabletimingsonmorethan128Origin processorsdueto thenetwork traffic
involvedin crossingbetweenmachines.SeeAppendixD for details.
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dueto the fact that the F77+MPI implementation’s local view allows the programmerto

explicitly andpreciselyindicatewherecommunicationis required. Furthermore,the im-

plementation’s constraintthat the problemsizeandprocessorsetmustbe powersof two

causesthe calculationof a processor’s involvementin communicationto be simple and

highly regular. In contrast,ZPL’s datatransfersare implementedusing the Ironmanli-

brary andaredesignedto work with any problemsizeor processorset. This resultsin a

higherper-communicationoverhead.In addition,althoughtheZPL compilerperformssev-

eralcommunicationoptimizations,handinspectionshowsthatit fails to inserttheminimal

amountof communicationrequiredby the benchmark,particularly for the interp stencil.

The fact that the gap betweenF77+MPI and ZPL tendsto be greaterfor classB prob-

lemsthanfor classC is dueto thefact thatcommunicationformsa smallerportionof the

executiontime for thelargerproblemsize.

ZPL’s supportfor arbitraryprocessorsetspaysoff on machinessuchasthe IBM SP

and Sun Enterprisewhoseprocessorsare not a power of two. On thesemachines,the

ZPL implementationcanrunusingall of theprocessorswhile theF77+MPIimplementation

is limited to the next smallestpower of two. When the amountof computationis great

enough(asfor classContheIBM SP),thiscanresultin ZPLperformancethatis unmatched

by theF77+MPIversion.

Onsmallernumbersof processors,thetwo implementationsarefairly comparable.This

testifiesto thefactthattheZPL compiler’s stenciloptimizationsareat leastasgoodasthe

hand-codedoptimizationsin the F77+MPI implementation.In particular, the ZPL com-

piler implementstheoptimizationby computingits subexpressionson anas-neededbasis

andstoringtheresultingsumsusinga small setof scalartemporaries.This resultsin bet-

ter temporalandspatiallocality ascomparedwith the vectorof valuesusedin the NAS

version[DCS01]. TheZPL compileralsounrolls the inner loop by the stencil’s width to

minimize shifts betweenthesetemporaries.Thesetweaksrepresentoptimizationsthat a

programmermaynot bewilling to do by hand,but which canhave a measurablepositive

impactonperformance.
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Notethat theCrayT3E resultsareexceptionaldueto thefact that theZPL implemen-

tation significantlyoutperformsF77+MPI.This is a resultof the fact thatZPL’s Ironman

communicationis takingadvantageof theSHMEM interfaceratherthanMPI. It shouldbe

notedthat while the HPF implementationwasalsocompiledto theSHMEM interface,it

failedto hoistsynchronizationoutof thestencils’innerloops,negatingits benefits.

CAF TheCAF implementationalsobenefitsfrom theCrayT3E’sone-sidedcommunica-

tion. TheCAFcompilerdirectlygeneratesassemblyinstructionsto performtheremoteputs

andgetsrequiredby thebenchmark.This resultsin performancethatis unmatchedby any

otherimplementationon largeprocessorsets.For configurationsthatarenot computation

bound,ZPL falls away from CAF muchasit did from F77+MPIon otherplatforms.Once

again,this is dueto theoverheadof ZPL’s flexible compiler-generatedcommunicationas

comparedto CAF’s preciseprogrammer-specifiedcommunication.

SAC Looking at theSunEnterprise,it canbeseenthatSAC scalessimilarly to ZPL and

F77+MPI,but lagsslightly in performance.The reasonfor this is the lack of any stencil

optimization,eitherhand-codedor by thecompiler. Detectionandoptimizationof stencils

in SAC shouldbenomoredifficult thanin ZPL, andwould likely beaworthwhileaddition

to the SAC compiler. In combinationwith its implicit supportfor sharedmemory, this

optimizationshouldallow it to easilyoutperformboth the F77+MPI implementationand

theMPI-basedZPL implementationonsharedmemoryplatforms.

5.5.5 Summary

In summarizingthis evaluation,note that the resultsin Table 5.3, Figure 5.7, and Fig-

ures5.8–5.10arenaturallybimodal. In termsof clarity, local-view languagesarefar less

clear and concisethan global-view languages.Presently, F77+MPI, HPF, and ZPL are

far more portablethan CAF or SAC. And in termsof performance,all languagesother

thanHPF currentlyobtainreasonableperformancefor MG. Theseobservationsaresum-
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Clear PortableHPF

ZPL

SAC

CAF

F77+MPI

Performs Well

Figure 5.11: Summaryof the MG Experiments. This Venn diagramsummarizesthe
MG implementationsusedin this study. Whencomparingtheimplementationsin termsof
clarity, portability, andperformance,they naturallyfall into distinctgroups.Thesegroups
aremappedto theVenndiagramdirectly.

marizedin the Venndiagramof Figure5.11. It shouldbe emphasizedthat this diagram

appliesonly to theimplementationsusedin thisstudyandnot for thelanguagesasawhole.

Furthermore,asthecompilertechnologyfor eachlanguagematures,theplacementof lan-

guagesin this diagramwill change.Nevertheless,we arepleasedto notethatZPL is cur-

rently theonly languagein thestudythatdoeswell for all threemetrics.

5.6 RelatedWork

Eachof the languagesincludedin this chapter’s study of MG have hadpublishedwork

describinghow they expressand implementhierarchicalcomputation[FJY98, NRK98,

Sch98a,BHSf 95, CDS99]. However, eachof thesepublicationsstudiesonelanguagein

isolation,andtypically only on a singleplatform. This chapter’s studyis uniquedueto its

cross-languageandcross-platformcomparison.

Futurework would do well to extendthis chapter’s studyto comparelanguage-based

implementationsof MG to animplementationthatuseslibrarieslikeKeLP[FKB98].
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5.7 Discussion

5.7.1 Analysisof ZPL’s Multi-Concepts

EvaluatingZPL’smulti-conceptsfrom a languagedesignperspective,they areseento have

anumberof drawbacks,summarizedasfollows:

g They introducea completelynew concept,“parameterization”,into the language.

While parameterizationmight beusefulasa generalconcept,thefact that it hasnot

beenrequiredby otherapplications,or provenusefulto them,makesit seemlike a

specialcase.

g Only a singleparameterindex is allowed for eachmulti-concept. In general,pro-

grammersmaywant to usemultiple parametersto control differentaspectsof their

regions,directions,andarrays.For example,a programmermight wantto stridetwo

of a region’s dimensionsaccordingto oneparameterandthe third dimensionby a

secondparameter.

g Syntactically, theparameterizationof aconceptis linkedwith its identifierratherthan

its type.This is anunfortunateconsequenceof thefactthatregionsanddirectionsdo

nothaveexplicit typesin ZPL.

g While theconceptof relativeparameterindexing is useful,its currentsyntaxis rather

uniqueandawkward.

g Moreover, thecurly-bracesusedby parameterizationgenerallybecomecumbersome

ratherquickly.

In spiteof thesedrawbacks,this chapterdemonstratesthatmulti-conceptsalsoprovide

anumberof benefitsto theprogrammerandcompiler. Theseinclude:
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h They establisha semanticrelationshipbetweena parametervalueandanidentifier’s

definition. This canembedmeaningfor theuserandprovide helpful informationto

thecompiler.

h They supportcodere-useacrosslevelsof ahierarchy, asdemonstratedby MG’ssten-

cil codes.

h They allow for a conciserepresentationof multigrid computations,ascomparedto

implementationsin otherglobal-view or local-view approaches.

h They supporttheefficient implementationof multigrid algorithms.

h The ability to userelative parameterindexing makescodeslike MG easierfor the

programmerto write andfor thecompilerto analyze.

It would be ideal to replaceZPL’s currentmulti-conceptswith a similar mechanism

that supportsall of their benefits,yet eliminatestheir drawbacks. The following section

proposessuchamechanism.

5.7.2 A Proposalfor ImprovingMulti-Concepts

My proposedsolutionfor fixing multi-conceptsreturnsto the ideaof makingregionsand

directionsinto valuesin ZPL, asdescribedin Section2.18.3. It also requirestwo sim-

ple languageconceptsthat would be naturalextensionsto ZPL’s currentsyntax. Before

presentingtheproposedsolution,theseextensionsaredescribedbriefly:

Index Constantsfor IndexedArrays

The first requirementis that ZPL’s indexed arraysshouldhave a set of array constants

equivalentto the Index i variablessupportedfor parallelarrays. Suchconstantswould

supporta richer set of computationsto be written without using for-loops. For simple
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Listing 5.11: Initialization of IndexedArraysUsingProposedIndexing Scheme

var a: array [1.. n, 1.. n] of double ;
b: array [1.. n] of array [1.. n] of double ;

-- Number the elements of a[] and b[][] in row-major order
a[] := ( index1 - 1)* n - index2 ;
a[] := ( index1 [1] - 1)* n - index2 [1]; -- equivalent to previous
b[][] := ( index1 [1] - 1)* n - index1 [2];

arraytypes,theidentifierscouldsimply bethenon-capitalizedequivalentsof the Index i

constants:index1 , index2 , etc. However, nestedarraysrequiresomemeansof referring

to theindex’snestingdepthin additionto its dimension.Oneway to supportthis wouldbe

to attacha dimensionto theconstantto indicatethedesireddepth. This dimensioncould

beelidedfor arraysthatarenotnested.As anexample,Listing 5.11showshow two i�j�i
indexedarrayscould be initialized suchthat eachelementcontainsits uniquepositionin

row-majororder.

Suchcompiler-supportedconstantswould allow indexed array statementsto express

relative indexing without loops.For example,a 5-pointstencilfor indexedarrayscouldbe

writtenasfollows:

a[] := (b [ index1 + 1][ index2 ] + b[ index1 ][ index2 + 1]
+ b[ index1 - 1][ index2 ] + b[ index1 ][ index2 - 1]);

Although the proposedidentifiersmay not be ideal, the conceptis sound. Support-

ing suchconstantsfor indexedarraysarea naturalextensionto ZPL givenits supportfor

Index i constantsandblankarrayindexing.

Promotionof Initializing Expressions

Thesecondrequirementis to supporttheinitialization of arrayvariablesusinga promoted

expression.This is anaturalextensionto ZPL’scurrentsupportfor promotionwithin array

assignments,but it is not currentlysupportedby ZPL. As anexample,thedeclarationsin
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Listing 5.12:Demonstrationof PromotedArray Initializers

constant n: integer = 3;
a: array [1.. n, 1.. n] of integer = {{2, 4, 6},

{3, 5, 7},
{5, 7, 9}};

b: array [1.. n, 1.. n] of integer = index2 *2 + index1 -1;

Mask: [ R] integer = ( Index1 + Index2 )%2;

Listing 5.12show a traditionalconstantarraydeclarationandan equivalentspecification

that usesa promotedinitializer. Note that the seconddeclarationis not only cleaner, but

it alsodoesnot requireediting if the valueof n is modified,asthe first onewould. The

final declarationshows that promotedinitializers could also be usedto supportparallel

arrayconstants,somethingthat ZPL doesnot supportdue to the challengesinvolved in

implementingtraditionalarrayinitialization for distributedarrays.

EliminatingMulti-Concepts

My proposalfor eliminatingmulti-conceptsis to implementparameterizationusingindexed

arraysof regions,directions,andarrays.This is possibleonly if directionsandregionsare

madeinto truevaluesin ZPL, asproposedin Section2.18.3.Giventhatchange,thedefini-

tionsof multi-conceptscanbeexpressedasconstantindexedarrayswith promotedinitial-

izers.By usingindex constantsin their initializing expressions,parameterizedrelationships

canbedefinedsimilar to thosesupportedby ZPL’s multi-concepts.Referencesto a multi-

conceptwould simply becometraditionalarrayreferences.As an example,Listing 5.13

showsexcerptsfrom arevisedimplementationof MG usingtheproposedsyntax.

This proposaleliminatesmost of the existing problemswith multi-concepts:It uses

traditionalandwell-understoodconceptssuchasindexedarraysandpromotedexpressions

to representa parameterizedconcept.It supportsanarbitrarynumberof parameters,since

indexed arrayscan be multi-dimensional. The useof an indexed array to representthe
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Listing 5.13:MG ExcerptsUsingProposedSyntax

constant dir100 : array [0.. num_levels ] of direction =
[ 1, 0, 0] scaledby 2ˆ index1 ;k k k

step : array [0.. num_levels ] of direction =
[-1,-1,-1] scaledby 2ˆ index1 ;

Level : array [0.. num_levels ] of region =
[1.. nx , 1.. ny, 1.. nz ] by step [ index1 ];

var V: [ Level [0]] double ;
U: array [0.. num_levels ] of [Level [ index1 ]] double ;
R: array [0.. num_levels ] of [Level [ index1 ]] double ;

procedure rprj3 ( var S, R: [ , , ] double ; lvl : integer );
begin

S := 0.5000 * R
+ 0.2500 * (R @̂ dir100 [ lvl ] + R@̂ dir010 [lvl ] + R@ d̂ir001 [ lvl ]

+ R@̂ dirN00 [ lvl ] + R@̂ dir0N0 [lvl ] + R@ d̂ir00N [ lvl ])
+ 0.1250 * (R @̂ dir110 [ lvl ] + R@̂ dir1N0 [lvl ] + R@ d̂irN10 [ lvl ]

+ R@̂ dirNN0 [ lvl ] + R@̂ dir101 [lvl ] + R@ d̂ir10N [ lvl ]
+ R@̂ dirN01 [ lvl ] + R@̂ dirN0N [lvl ] + R@ d̂ir011 [ lvl ]
+ R@̂ dir01N [ lvl ] + R@̂ dir0N1 [lvl ] + R@ d̂ir0NN [ lvl ])

+ 0.0625 * (R @̂ dir111 [ lvl ] + R@̂ dir11N [lvl ] + R@ d̂ir1N1 [ lvl ]
+ R@̂ dir1NN [ lvl ] + R@̂ dirN11 [lvl ] + R@ d̂irN1N [ lvl ]
+ R@̂ dirNN1 [ lvl ] + R@̂ dirNNN [lvl ]);

end ;

procedure iterate ();
var lvl : integer ;
begin
-------------------------------------------------------
-- Project to coarsest level
-------------------------------------------------------
for lvl := 1 to num_levels do

[ Level [lvl ]] rprj3 ( R[ lvl ], R[lvl -1], lvl -1);
end ;

k k k
end ;
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parameterspacelinks parameterizationwith theidentifier’s typeratherthanwith its name.

And, the proposedsyntaximprovesthe supportfor relative indexing via traditionalarray

accessesand index constants.The primary remainingproblemis that the syntaxis still

fairly cumbersome.Thefollowing sectionreturnsto this issue.

As desired,theproposedsyntaxalsoretainsmostof thebenefitsof ZPL’soriginalmulti-

concepts:The useof constantinitializers maintainsthe relationshipbetweena parameter

valueandanobject’sdefinition.Codere-useis still supported.Expressionof MG remains

asconciseandclearasbefore.Furthermore,theimplementationshouldbealmostidentical

to the currentone,given that multi-conceptsareimplementedusingindexedarrays. The

maindisadvantageis thatinheritingaregionor array’sparameterindex wouldno longerbe

supportedwithoutadditionalmodifications.This is notaseriousproblem.For example,in

the rprj3 stencil,theentireS andR arrayscouldbepassedin asparameters,allowing the

userto index into S explicitly anduseindex i referencesfor Randthedirections.

5.7.3 MakingMG LessCumbersome

As notedin Section5.3.1,ZPL’s traditionaleliminationof tedious,error-proneindexing

is somewhat lost in the 27-pointstencilsof the MG benchmark.Thoughindexing is no

longerrequired,the26 directionsusedby thestencilaredifficult to nameintelligently and

thustheir identifiersendupresemblingindices.Thiscausestheirdefinitionsandusesto be

almostastediousanderror-proneastraditionalarrayindexing.

Giventheproposedextensionsof theprevioussection,MG’sdirectiondeclarationscan

be tidied up quite a bit. In particular, oncean arrayof directionscanbe created,all of

thedirectionsrequiredby MG’sstencilscanbeexpressedusinga singledirectiondeclara-

tion, shown in Listing 5.14. This declarationrepresentstheentirehierarchyof directions

by usingoneindexedarrayto describethe levelsof the hierarchyanda secondto define

the actualdirectionsthemselves. Using this new scheme,a directionthat waspreviously

written dirN10 [i] would now bewritten dir [i][-1,1,0] (or dir[ i][N ,1,0] ,

giventheappropriatedefinitionof N).



298

Listing 5.14:DeclaringMG’sDirectionsWith aSingleIdentifier

constant dir : array [0.. num_levels ] of
array [-1..1, -1..1, -1..1] of direction =
[ index1 [2], index2 [2], index3 [2]]
scaledby 2ˆ index1 [1];

Listing 5.15:Therprj3 StencilUsingaSingleArray of Directions
procedure rprj3 ( var S, R: [ , , ] double ;

var dir : array [ , , ] of direction );
begin

S := 0.5000 * R
+ 0.2500 * (R@ d̂ir [ 1, 0, 0] + R@ d̂ir[ 0, 1, 0] + R@ d̂ir [ 0, 0, 1]

+ R@ d̂ir [-1, 0, 0] + R@ d̂ir[ 0,-1, 0] + R@ d̂ir [ 0, 0,-1])
+ 0.1250 * (R@ d̂ir [ 1, 1, 0] + R@ d̂ir[ 1,-1, 0] + R@ d̂ir [-1, 1, 0]

+ R@ d̂ir [-1,-1, 0] + R@ d̂ir[ 1, 0, 1] + R@ d̂ir [ 1, 0,-1]
+ R@ d̂ir [-1, 0, 1] + R@ d̂ir[-1, 0,-1] + R@ d̂ir [ 0, 1, 1]
+ R@ d̂ir [ 0, 1,-1] + R@ d̂ir[ 0,-1, 1] + R@ d̂ir [ 0,-1,-1])

+ 0.0625 * (R@ d̂ir [ 1, 1, 1] + R@ d̂ir[ 1, 1,-1] + R@ d̂ir [ 1,-1, 1]
+ R@ d̂ir [ 1,-1,-1] + R@ d̂ir[-1, 1, 1] + R@ d̂ir [-1, 1,-1]
+ R@ d̂ir [-1,-1, 1] + R@ d̂ir[-1,-1,-1]);

end ;l l l
[Level [ lvl]] rprj3 (R[lvl ], R[ lvl-1], dir [lvl-1]);

Listing 5.16:Therprj3 StencilUsinga3D Array of Weights

constant w_rprj3 : array [-1..1, -1..1, -1..1] of double = 1.0 /
(1 + ( index1 !=0) + ( index2 !=0) + ( index3 !=0));

procedure rprj3 ( var S, R: [ , , ] double ;
var dir : array [ , , ] of direction );

begin
S := 0;
S += w_rprj3 [] * R@̂ dir [];

end ;m m m
[ Level [lvl ]] rprj3 ( R[ lvl ], R[lvl -1], dir [ lvl -1]);
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In additionto reducingthetediousdirectiondeclarations,this approachalsoallows the

setof directionsfor a single level of the hierarchyto be passedinto a stencil routineas

a parameter. For example,Listing 5.15 shows the rprj3 stencil written to take a set of

directionsasaparameter.

Thenetresultof thesechangesseemsto bethereplacementof traditionalarrayindexing

with indexing into anarrayof directions.However, a redeclarationof thestencil’sweights

combinedwith acleveruseof blankarrayreferencescanreducethiscodeto anevensimpler

form, asshown in Listing 5.16.This is arguablythemostreasonableexpressionof astencil

computationsinceit allows the programmerto specify the weightsanddirectionsusing

arraysthat matchthe stencil’s logical 3 dimensions. Moreover, it allows weightsto be

appliedto theircorresponding@-referencesusingaconcisesyntaxthatscaleswith thesize

of thestencil.

The main drawback to this methodof expressingstencilsis that a naive implemen-

tation would performtoo many multiplicationsby not factoringcommonweightsout of

the expressionas in the previous explicit stencil expressions.However, the currentim-

plementationof thestenciloptimizationwould actuallyperformthis factoringwithout any

trouble.Theoptimizationstartsby constructinga tabletdatastructurethatsummarizesthe

weightsappliedto eacharrayelement,explicitly replicatingany weightsthat theuserhad

factoredinto asinglemultiplication[DCS01]. In thiscompactstencilexpression,thearray

of weights,w_rprj3 [] , is thetabletthat thestenciloptimizationwould compute.Thus,

it shouldbeexpectedthat thestenciloptimizationwould beableto implementa compact

stencilexpressionidenticallyto thepreviousones.

5.7.4 SupportingOtherHierarchical Algorithms

Althoughproviding reasonablesupportfor theMG benchmarkmayindicateZPL’s ability

to supportothermultigrid algorithmscleanlyandefficiently, many otherclassesof hier-

archicalalgorithmsexist that differ significantlyenoughto presentadditionalchallenges.

Someof thesebenchmarksaredescribedhere.
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Adaptive meshrefinementalgorithms(AMR) [LM90] aresimilar to the multigrid al-

gorithmsdescribedhere,exceptthat the initial grid is thecoarsestin thehierarchy, rather

thanthefinest. AMR algorithmsdeterminewhich areasof a problemspacerequireaddi-

tional resolution,andthencomputeon thoseregionsusingfiner grids. To anextent,this is

simply the multigrid hierarchyturnedupside-down, exceptthat only portionsof the finer

levelsarereferenced.This formsoneof themotivationsfor supportingcollectionsof dy-

namicregionsasoriginally discussedin Section2.18.2. Thesedynamicregionscouldbe

establishedto describetheindicesof interest,stridedby twice asmuchin eachdimension.

Without suchsupport,AMR algorithmscannotbewritten in ZPL in amannerthatis clean

andusesaminimalamountof memory.

Anotherhierarchicalarrayalgorithmwith similarities to AMR is the Barnes-Huttal-

gorithm for n -body simulations[BH86]. It usesan octree structureto store approxi-

materepresentationsof bodiesthat aredistantin space.Renderingalgorithmsoften use

similar octree-basedtechniquesto recursively subdivide scenesfor rendering[CDL o 96,

FvDFH92]. ThesealgorithmssharetheAMR propertyof startingat thecoarsestgrid and

moving to finer levelsof thehierarchyasneeded.ParallelBarnes-Huttalgorithmsaretypi-

cally written in a task-parallelmannersothatdifferentbranchesof theoctreearetraversed

by differentprocessors.Sincetaskparallelismis oneof the featuresthat is in the works

for A-ZPL, this representsanotherclassof hierarchicalalgorithmsthatcurrentlycannotbe

expressedcleanlyin ZPL.

Otherhierarchicalalgorithmsaregraph-based,collapsinggroupsof verticesandtheir

interconnectingedgesto a singlevertex [KK98, KK96]. Although graphscanbe repre-

sentedin ZPL using1D arraysof nodesandedges,suchgraph-basedalgorithmswould be

betterservedby A-ZPL’s intendedsupportfor irregulardatastructures,to betteremphasize

locality andthegraph’sstructure.

A final hierarchicalalgorithmis the fastmultipole method(FMM) [ED95]. Like the

multigrid method,it usescoarseapproximationsof a fine grid to acceleratecalculationsin

a discretespace.However, unlike themultigrid techniquesdescribedin this chapter, each
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level of thehierarchyis notacompletecubeof grid points,but ratheranarbitrarysubsetof

indices. While this couldbe representedby overlayinga setof maskson thehierarchical

regionsof this chapter, thespaceandtime overheadswould beprohibitive for mostFMM

calculations.Thus,theprogrammerreallyneedsameansof specifyingahierarchyof sparse

arrays.Thispossibilityis addressedin thefollowing chapter.

5.8 Summary

Whenconsideringthecompletespaceof hierarchicalalgorithms,it canbeseenthatZPL’s

supportfor hierarchicalprogrammingis still ratherprimitive. Without supportfor sparse

arrays,taskparallelism,andthenamingof dynamicregions,many hierarchicalalgorithms

simply cannotbeexpressedcleanlyor efficiently in ZPL. Fortunately, many of thesefea-

tureswill beaddedin A-ZPL, at which point thesealgorithmscanbereconsidered.

In spiteof theseshortcomings,this chapter’s useof parameterizedregionsto express

hierarchicalindex setssupportsa fundamentalconceptrequiredby all array-basedhier-

archicalalgorithms. Thesehierarchicalregionswill serve asa solid foundationfor more

advancedalgorithmsas the other missingfeaturesare filled in. Furthermore,multigrid

methodsconstitutean importantclassof algorithmsin their own right, andshouldnot be

dismisseddueto their regularity. This chapterindicatesthat ZPL’s useof regionsallows

thesealgorithmsto beexpressedwith anunrivaledcombinationof clarity, portability, and

performance.
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Chapter6

SPARSE REGIONS

As pointedout in Section2.9, oneof the drawbacksof regions is that they mustbe

rectangularand regular. Although masksallow usersto selectarbitrary indicesfrom a

region, they also requirespaceand time proportionalto the region’s indicesratherthan

the numberof “true” valuesin the mask. For somealgorithms,suchasred-blackSOR,

this maybecompletelyreasonable.However, for sparsealgorithmsin which thenumber

of true valuesis asymptoticallylessthanthe region’s indices,the excessive memoryand

executiontime requiredby masksmakestheminappropriate.

This chapterprovidesa solutionto this problemin theform of sparseregions. Sparse

regions are similar to regular regions, except that they can describean arbitrary set of

indices. Sparseregionsaredefinedin A-ZPL aspart of its goal to supportmoregeneral

formsof parallelcomputation.

This chapteris organizedasfollows: Thenext sectiongivessomemotivationfor pro-

viding high-level supportfor parallel sparsecomputation. Section6.2 introducessparse

regionsanddescribestheir benefitsin termsof clarity andcodereuse. The benchmarks

usedto evaluatesparseregionsareintroducedin Section6.3. Sections6.4–6.6detail the

implementationof sparseregionsandarraysin A-ZPL, concentratingontheuniqueruntime

representationof sparseindex sets.Section6.7 evaluatesthesparsebenchmarksin terms

of clarity, memoryusage,andperformance.Otherefforts for supportinghigh-level sparse

computationaredescribedin Section6.8. Finally, section6.9 discussesfuture directions

for usingsparseregions.Thecontentsof thischapterareanexpandedpresentationof work

thatwaspublishedpreviously [CS01, CLS98].
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0   0   0   0   0   0
0   3   0   4   0   9
0   0   0   0   0   0
0   0   5   0   2   0
0   1   0   0   0   0
0   0   0   7   0   0

Figure6.1: A SampleSparseArray. In thisarray, p�qsr , tuq�v , t9t9w�qsx , andtheIRV is 0.

6.1 Moti vation

Thesparsearray is a fundamentaldatastructurein scientificcomputingdueto theperva-

sivenessof sparsityin theuniverseandthemodelsthatscientistsuseto representaspectsof

it. Sparsearraysarecommonlyusedto representsparsematrices, whichhave innumerable

applicationsin mathematics,engineering,andthesciences.Sparsearrayscanalsorepre-

sentstructural sparsity, suchastheplacementof particlesin spaceor of coastlineson the

earth’s surface. In addition,sparseiteration canbe usedwith traditionaldensearraysin

orderto focusonparticularvaluesof interest.

This discussionconsidersa sparsearray to be an array of arbitrary dimensionp , in

which a singlevalueappearssufficiently frequentlythat it benefitstheuserto storejust a

singlecopy of it (alongwith any valuesthatdiffer). This implicitly replicatedvalue(IRV)

is often 0, but cantake on any valuein practice.Typically, sparsearraysaremostuseful

whenthenumberof explicitly storedvalues,t9t9w , is asymptoticallylessthanthenumberof

valuesrepresentedby thearray(i.e., t9t9w0qzy'{ t9| } , where t is thenumberof elementsper

dimension1). Figure6.1 illustratesasamplesparsearrayandgivesits definingparameters.

This chaptermakesa sharpdistinctionbetweensparsematricesandsparsearrays. A

sparsearrayshouldbeconsideredageneraldatastructureof arbitrarydimensionthatstores

1In practiceeachdimensioncanhaveadifferentnumberof elements,~'� , but for simplicity thisdiscussion
assumesthatthey areall equal.
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Listing 6.1: DenseandSparseMatrix-VectorMultiplicationsin Fortran

! (a) (b)
do j = 1, numrows do j = 1, numrows

sum = 0. d0 sum = 0. d0
do k = 1, numcols do k = rowstr (j), rowstr ( j+1)-1

sum = sum + a( j, k)* p(k ) sum = sum + a( k)* p(colidx (k ))
enddo enddo
w( j) = sum w( j) = sum

enddo enddo

a sparsesetof valueswithin a denseindex space.Sparsearrayssupportstructuraloper-

ationssuchas iteration and array accesses.In contrast,sparsematriceshave a specific

mathematicalinterpretation,are usually two-dimensional,and supporthigh-level opera-

tionssuchasmatrix multiplication, factoring,andthesolvingof linearequations.Justas

ZPL’sarrayscanbeusedto implementdensematrices,sotooshouldsparsearraysbeuseful

for representingsparsematrices.

6.1.1 Challengesto Parallel SparseComputation

Two of the primary challengesin providing reasonablefacilities for sparsecomputation

areclarity andperformance.Performingsparsecomputationin parallelpresentsadditional

obstacles.Thefollowing paragraphsconsiderthesechallengesin turn.

Clarity

Conceptually, sparsearraysareno differentthannormalarrays;they representa denseset

of values,but simply usea nontraditionalimplementationto do so. Most programming

languageshaveno built-in supportfor sparsearrayrepresentations,forcing usersto imple-

menttheirown sparsedatastructuresby hand.Thepresenceof thesedatastructurescauses

familiaroperationsto berepresentedin acomplex manner, makingtheprogrammer’sintent

lessclear.
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data structure space

2 4 6 3 5 2 4

3 4 9 5 2 1 7

column indices

dense data vector

row starting points

O(nnz)

O(nnz)

O(n)

Figure6.2: TheCSRSparseArray Format.Thisfigureshowsthesparsearrayof Figure6.1
storedin CSRformat. The array’s interestingvaluesarestoredin a densevectorformat.
A secondvectorof integerpointersindicatesthestartingpositionof eachrow of thearray.
Thethird vectorstoresthecolumnindex of eachvalue.

A prime exampleof this confusioncan be found in the NAS CG benchmarkwhich

implementsthe conjugategradientmethod[BHS� 95]. The main computationin CG is

a seriesof sparsematrix-vectorproducts.Conceptually, matrix-vectormultiplication is a

simpleoperationthatcanbewritten in Fortranusingdensearraysasshown in Listing 6.1a.

NAS CG representsthe sparsearrayusinga compressedsparse row (CSR)storagefor-

mat[Saa90].Figure6.2showsthesamplearrayfrom Figure6.1asit wouldbeimplemented

usingCSR.ThedenseFortranmatrix-vectormultiplicationcodemustchangeconsiderably

to work with CSRstorage,asshown in Listing 6.1b. Theuseof thesparserepresentation

obfuscatesthelogicaloperationbeingperformedto thepoint thatit is difficult to recognize

asmatrix-vectormultiplicationfor anyonenot familiar with theCSRformat(andevenfor

thosewhoare).

Over time,dozensof differentsparserepresentationshave beendeveloped[AMPS00],

mostof which aredesignedto capitalizeon the structuralpropertiesof a classof sparse

arrays. This proliferationof formatsfurther hurtsthe clarity of sparsearraycodes,since

eachformatrequiresuniqueloopstructuresandarrayaccessidioms. Ideally, programmers

shouldbeableto write sparsecomputationsusingtraditionalsyntaxthatreflectsthedense

computationbeingexpressed.This reinforcestheorthogonalityof thedensecomputation

andits sparseimplementation.
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Performance

Performancerepresentsasecondchallengeto effectivesparsecomputation.Theuseof the

CSRformat in theexampleabove disguisesthecode’s intentnot only for humanreaders,

but alsofor thecompiler. In particular, thecodeusesindex arrays—arraysthatactasin-

dicesfor otherarrays.Index arraysobscuredatadependencesandarea notoriousobstacle

for compileranalysisandautomaticparallelization[SLY89, BBCR98]. Although many

compiler techniqueshave beendevelopedto combatthis problem,a breakdown in com-

municationhasoccurred:thelanguagehasfailedto communicatetheprogrammer’s intent

to thecompilerasclearlyasit could. For example,CSRguaranteescertainusefulproper-

tiesaboutthe rowstr andcolidx arraysusedin thematrix-vectorcodeabove, but the

compilerhasnowayof detectingthesepropertieswhenanalyzingthecode.

Parallel ImplementationDetails

Performingsparsecomputationsin parallel presentsa numberof additionalchallenges.

The distribution of computationanddataacrossthe processorsetmay not prove terribly

difficult (the Fortranexampleabove only requireschangingthe upperboundof the outer

loop to lastrow -firstrow+1 ), but thecoderequiredto implementdatatransferand

synchronizationbetweenprocessorstendsto belengthy, tedious,andcomplex. Evensimple

denseparallelarrayoperationssuchasboundaryvalueupdatesbecomesignificantlymore

complicatedin thesparsecontext.

Flexibility

Writing portableparallelsparsecodesthatperformwell canbedone—theNAS CGbench-

markis onesuchexample.However, this is achievedonly throughgreatprogrammercare,

andthe result is often an extremelybrittle pieceof code. For example,if NAS CG was

extendedin sucha way that it requirediterationover thesparsematrix columnsaswell as

rows,avastamountof codewouldhave to bereformulatedandrewritten.
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Summary

All of theseissues—clarity, performance,parallelimplementation,andflexibility—call out

for a language-basedsolution.In particular, they motivatea languagethatprovidesahigh-

level, global meansof specifyingsparsecomputationusingsyntaxwhich resemblesthe

equivalentdensecomputation.This syntaxshouldbe clearto the programmeraswell as

thecompilerandshouldsupportanefficientparallelimplementation.

Sinceregionsserveto separateanarray’s indicesfrom its values,they representanideal

meansfor meetingthesegoals.Thekey is simply to support“sparse”regionsby relaxing

theconstraintthata region’s index setmustberegularandrectangular.

6.2 SparseRegions

Thegoalof this work is to extendregionsto efficiently supportgeneralsparseindex sets

without sacrificingthe benefitsof traditionalregions. In particular, the syntaxshouldre-

maincrisp,theparalleloverheadsshouldremainapparentto theuser, andtheregion’s time

andspaceoverheadsshouldbeproportionalto thenumberof indicesit represents.Therest

of thissectiondescribesthesyntaxusedto declareandusesparseregions.

6.2.1 SparseRegionDeclarations

A-ZPL programmersdeclaresparseregionsby modifyinga traditionalregionspecification

with abooleanexpressionthatdefinestheregion’ssparsitypattern. For example:

region Tri = [1.. n,1.. n] where (abs ( Index1 - Index2 ) < 2);

ThisdeclarationboundsTri to an ����� index set,but restrictsit to thoselocationswhose

row andcolumnindicesdifferbynomorethan1. Thus,thisdeclarationcreatesatridiagonal

region.

Sparseregion declarationsappearsimilar to themaskingof regions,but have entirely

differentsemantics.In particular, thedeclarationof Tri abovecreatesabrandnew region
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Listing 6.2: VariousSparseRegionDeclarations
region Diag = Tri where ( Index1 = Index2 ); -- limit Tri to its main diagonal

Rs = R where Pattern ; -- Pattern is a boolean array
Rs2 = R where foo( Index1 , Index2 ); -- foo(i,j) returns true/false
Rs3 = R where read_pat (infile ); -- read pattern from a file
Rs4 = R where ?; -- dynamic sparsity pattern that

-- will be specified in code body

that only representsthoseindiceswherethe sparsitypatternis true. Storingor iterating

over Tri ’s indicesrequiresspaceandtime proportionalto thenumberof “true” valuesin

thesparsitypattern,ratherthanits boundingbox.

Sparsitypatternsneednot bestaticallydefinedasin this first example. Moreover, the

baseregion itself may be sparse.Listing 6.2 shows a variety of differentsparseregion

declarations.Eachdeclarationis evaluatedat runtimeby iteratingover its baseregion and

usinga sparsedatastructureto storethoseindiceswhereits patternevaluatesto “true.” Of

particularinterestis the final declarationwhich usesa questionmark to indicatethat the

sparsitypatterncannotbespecifiedstatically. Suchregionsmusthavetheirsparsitypattern

setwithin theprogram’s bodybeforebeingused.This topic is discussedin moredetail in

Section6.9.

A-ZPL programmersdeclaresparsearraysin the traditionalmanner, usingsparsere-

gionsto definetheir size:

var As, Bs: [ Rs] integer ;

This declarationcauseseachprocessorto allocatea densevectorof memoryfor As and

Bs whosesizeis equalto thenumberof local indicesin Rs (plusoneadditionalvalueto

representthe IRV). Sincesparsitypatternsareassociatedwith regionsratherthanarrays,

thespaceandtime requiredto operateon sparsearrayscanbeamortizedacrossgroupsof

arraysthatsharethesamesparsitypattern.
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[R] Bs := A;[R] A := Bs;[Rs] Bs := A;[Rs] A := Bs;

Figure6.3: SampleSparse/DenseAssignments.AssumethatR andA aredense,andthat
Rs andBs aresparse.Notethatsparsereadsandwritesof botharraysarelegal, referring
only to theelementsin thesparsitypattern.Densereadsof sparsearraysarealsolegal—
the IRV is usedfor valuesthat arenot in the sparsitypattern. However, a densewrite to
a sparsearrayis not legal dueto the fact that a uniquememorylocationis not allocated
for eachindex. Theseexamplesextendin the obvious way to statementswhich refer to
multiplesparsitypatterns.

6.2.2 UsingSparseRegions

Sparseregionsconciselysupportarich varietyof semantics.As asimpleexample,consider

theassignmentsin Figure6.3. In thefirst two assignments,thecontrollingregion is sparse.

The effect is that referencesto densearray A only reador write thosevaluesindicated

by Rs. WhensparsearrayBs is referenced,all of its valuesareaccessedsinceits sparsity

patternis definedby Rs.

The third assignmentillustratesa densereadof a sparsearray. In this statement,all

valuesof A will bewritten in spiteof thefactthatBs is sparse.This is becauseeventhough

Bs is sparse,it logically representsa full �C�C� arrayof values. Thus,whenreadingan

index in R � Rs, theIRV of Bs will bereferenced,resultingin avirtual ����� array. Note

that this statementwill take ��� �9� � time ascomparedto thefirst statementwhich, though

similar, requiresonly ��� �Rs � � time.

The last assignmentis illegal becauseit attemptsto storevaluesin As for which no

storagehasbeenallocated.

Although theseassignmentsarequitesimple,they illustratethebasicrulesof reading

andwriting sparseanddensearraysin thecontext of a sparseor denseregion. Thesame
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principlesnaturallyextendto statementsthat refer to a variety of sparsitypatterns.Fur-

thermore,the traditional ZPL arrayoperatorsextend to sparseregionsandarraysin the

naturalmanner. Thenext sectiongivesfurtherexamplesof sparseprogrammingin A-ZPL

by demonstratingtheuseof sparseregionsin a numberof benchmarks.

6.3 SparseBenchmarks

This sectiondescribesthe implementationof a numberof sparsebenchmarksin A-ZPL

designedto evaluatesparseregions.

6.3.1 SparseMatrix-VectorMultiplication andNASCG

Returningto themotivatingsparsematrix-vectormultiplicationexamplefrom Section6.1,

comparethedenseZPL representationof matrix-vectormultiplicationfromChapter2 (List-

ing 6.3a)with its sparseequivalent(Listing 6.3b).Theonly changerequiredis to specifya

sparsitypatternfor regionR(elidedherefor brevity andgenerality).Otherthanthischange,

thecoderemainsexactly thesame.Thoughnot shown here,thesamewould hold truefor

the1D ZPL implementationof matrix-vectormultiplication.Thesecodesdemonstratethat

regionsachieve thegoalof allowing sparsecomputationsto resembletheir denseequiva-

lents.In general,asparseA-ZPL codewill appearidenticalto its denserepresentationplus

any additionalcodeneededto specifyits regions’sparsitypatterns.

As mentionedin Section6.1, thecoreof theNAS CG benchmarkis a seriesof sparse

matrix-vectormultiplications. The restof CG consistsof simplevector-vectoroperations

andreductionsover vectors.TheCG benchmarkhasa straightforward implementationin

A-ZPL, excerptsof whichareshown in Listing 6.4.A singlesparseregion,RS, is required

to describethestructureof thesparsematrix. Its sparsitypatternis specifieddynamically

in theprogramtext, eitherby readingit from diskor by computingit on thefly.

The bulk of CG’s computationtakesplacein the conj_grad () routinewhich con-

tains two sparsematrix-vectormultiplications(oneof which is executedwithin a loop).
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Listing 6.3: DenseandSparseMatrix-VectorMultiplicationsin ZPL

-- (a) (b)
program matvectmult ; program sparse_matvectm ul t ;

config var m: integer = 100; config var m: integer = 100;
n: integer = 100; n: integer = 100;

region R = [1.. m, 1.. n]; region R = [1.. m, 1.. n] where � � � ;
TopRow = [1, 1.. n]; TopRow = [1, 1.. n];
RowVect = [*, 1.. n]; RowVect = [*, 1.. n];
ColVect = [1.. m, n]; ColVect = [1.. m, n];

var M: [R] double ; var M: [R] double ;
I : [TopRow ] double ; I : [TopRow ] double ;
V: [RowVect ] double ; V: [RowVect ] double ;
S: [ColVect ] double ; S: [ColVect ] double ;

procedure matvectmult (); procedure sparse_matvectm ul t ();
begin begin

[RowVect ] V := >>[1, ] I ; [RowVect ] V := >>[1, ] I ;
[ColVect ] S := +<<[R ] (M * V); [ColVect ] S := +<<[R ] (M * V);

end ; end ;
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Listing 6.4: Excerptsfrom theCGbenchmarkwritten in A-ZPL

region Row = [ * , 1.. na]; -- row indices
Col = [1.. na, * ]; -- col indices
RS = [1.. na, 1.. na] where ?; -- sparse pattern

var X, Z, P, Q, R: [Row] double ; -- row vectors
W: [ Col ] double ; -- col vector
A: [ RS] double ; -- sparse array

procedure conj_grad (): double ;
var

rho , rho0 , alpha , beta , d, rnorm : double ;
cgit : integer ;

[ Row] begin
Z := 0;
R := X;
P := R;

rho := +<< ( R*R);

for cgit := 1 to cgitmax do
[ Col ] W := +<<[ RS] (A *P ); -- mat-vect mult.
Q := W#[ Index2 , Index2 ]; -- transpose result

d := +<< ( P* Q); -- adjust Z and R
alpha := rho / d;
rho0 := rho ;
Z += alpha *P ;
R -= alpha *Q;

rho := +<< ( R*R); -- adjust P
beta := rho / rho0 ;
P := R + beta * P;

end ;

[ Col ] W := +<<[RS ] (A *Z ); -- mat-vect mult.
R := W#[ Index2 , Index2 ]; -- transpose result

d := +<< (( X-R )ˆ2); -- calculate the norm
rnorm := sqrt ( d);
return rnorm ;

end ;
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Theremapoperatoris usedaftereachmultiplicationto transposetheresultingcolumnvec-

tor backinto a row. Therow vectorsarethenscaledaccordinglyandtheprocessrepeats.

Section6.7comparesthis implementationagainstthehand-codedNAS version.

6.3.2 TridiagonalMatrix Multiplication

Thetridiagonalmatrixmultiplicationalgorithmsof Section2.15.4demonstrateda tradeoff

betweenimplementationsthat require ��� �9� � time/spaceto representthematrix andthose

thatusedamoreconcise��� ��� format,yet failedto reflectthelogical2D index spacebeing

used.Sparseregionsprovideacompromisebetweenthesetwo solutionsby supportingthe

conceptualrepresentationof a tridiagonalin ����� spaceusingonly ��� ��� spaceandtime.

Onceagain,thesparseimplementationis identicalto thedensecase,exceptfor thedec-

larationsof the regions. For example,the shatteredcontrol-flow implementationof List-

ing 2.22couldbemadeinto a sparseimplementationby modifying its region declarations

asfollows:

region R = [1.. n, 1.. n] where ( abs ( Index1 - Index2 ) <3);
BigR = [0.. n+1,0.. n+1] where ( abs ( Index1 - Index2 ) <2);

Thefirst declarationis apentadiagonalregion,while thesecondis atridiagonalregionwith

additionalboundaryindices. The computationitself remainsunchanged.Wise program-

merswould probablychooseto changethe region namesto somethingmoredescriptive

likePent andTri .

A secondimplementationpossibilitywould beto representall threearraysusinga sin-

glesparsepentadiagonalregion. While thiswould resultin extraneousdataelementsbeing

allocatedfor the two tridiagonalarrays,it also would eliminatethe tridiagonalsparsity

pattern,allowing asinglepatternandits overheadsto besharedby all threearrays.
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Listing 6.5: Declarationsfor aSparseImplementationof MG

region RBase = [1.. nx , 1.. ny , 1.. nz ];
RS = RBase where ?;
Level {} = RBase by step {};

var V: [ RS] double ;
U{}: [ Level {}] double ;
R{}: [ Level {}] double ;

6.3.3 NASMG

By moststandards,theNAS MG benchmarkis considereda densecomputation,sinceits

hierarchicalarraysmustrepresenta full setof indicesat eachlevel. However, theinput to

the NAS MG benchmarkis extremelysparse.It consistsof ten positive andten negative

chargesstoredat the finestdiscretizationof the problemspace. For the classC version

of the benchmark,this implies that only 20 of the �'� ��� elementsin the input array are

nonzero—15millionthsof apercent!

If MG’s input arraywasusedonly at theoutsetof theprogram,thedrawbacksto using

a denserepresentationwould be minimal since its storagecould be reclaimedto avoid

wastingmemory. However, recallthatMG computestwo residualstencilsagainsttheinput

arrayevery iteration(Listing 5.3). This requireswalking acrossthearray’s entirememory

footprint to find the20 valuesthatareof interest.

For this reason,it seemsworthwhile to usea sparsearrayto storeMG’s input. As in

thepreviousbenchmarks,thechangeis minimal,simply requiringnew declarationsfor the

sparseregion andinput array. This applicationdemonstratesthe useof a sparsearrayto

representstructuralsparsityratherthanasparsematrix.

Listing 6.5 containsthemodifieddeclarationsto convert ZPL MG’s input from sparse

to dense.As in CG, thesparsitypatternfor RS is specifieddynamically, eitherby reading

it from a file or by computingit explicitly. This region is thenusedto declarethe input

arrayV.
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Listing 6.6: A SparseImplementationof theresidStencil
procedure resid ( var R, U: [ , , ] double ; var V: [ RS] double );
begin

R := - a[0] * U
- a[2]*( U@̂ dir110 {} + U@ d̂ir1N0 {} + U@ d̂irN10 {} + U@ d̂irNN0 {} +

U@̂ dir101 {} + U@ d̂ir10N {} + U@ d̂irN01 {} + U@ d̂irN0N {} +
U@̂ dir011 {} + U@ d̂ir01N {} + U@ d̂ir0N1 {} + U@ d̂ir0NN {})

- a[3]*( U@̂ dir111 {} + U@ d̂ir11N {} + U@ d̂ir1N1 {} + U@ d̂ir1NN {} +
U@̂ dirN11 {} + U@ d̂irN1N {} + U@ d̂irNN1 {} + U@ d̂irNNN {});

[RS] R += V;
end ;

The implementationof the resid stencil canbe left as-issinceit is legal to readthe

sparseinput arraywithin thecontext of a denseregion. To implementit correctly, theA-

ZPL compilermustautomaticallycreatetwo versionsof thestencil—thetraditionaldense

versionfor usewithin thehierarchyandasecondsparseversionfor usewith theinputarray.

A savvy programmerwould realizethat this trivial reuseof residcould be improved.

In particular, its referenceto V within thecontext of thehierarchy’sfinestregionwill result

in a numberof uselessadditionsof zero,as well aspointlessreferencesto V’s IRV. To

eliminatetheseoverheads,theprogrammercanexplicitly rewrite thestencilfor thesparse

caseasshown in Listing 6.6. In this version,the 27-pointstencil is computedusingthe

traditionaldenseregion,andthenthe20 sparseelementsareaccumulatedusingthesparse

regionRS.

Althoughthismodificationrequirestheprogrammerto createtwo copiesof resid () ,

thechangeis quitetrivial andoughtto payoff in termsof performance.Futurework should

considerthepossibilityof implementingsuchoptimizationsautomaticallyin thecompiler.

6.4 Implementation of SparseRegionsand Arrays

This sectiondescribesthe implementationof sparseregionsandarraysin A-ZPL. It be-

gins by giving a broadoverview of the implementationandthenfocuseson the runtime

representationof sparsitypatterns.
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Figure6.4: A-ZPL’s SparseArray andRegion Scheme.This diagramshows the sparse
arrayof Figure6.1asit wouldbeimplementedin A-ZPL. (a)A blackbox representingthe
sparseregion implementation.It mustbeableto translatelogical indicesinto physicalones
asshownhere.In addition,it mustsupportarbitraryiterationandarrayslicingto implement
ZPL’s arrayandregion operations.(b) Thedensevectorof valuesfor thearray. Theinitial
elementis theIRV; all otherelementscorrespondto asingleindex in thesparseregion.

6.4.1 Overview of SparseRegionsandArrays

As mentionedin Section6.2.1,sparseregionssupportthe ideaof associatingsparsitypat-

ternswith regionsratherthanarrays.This givesthecompilertheability to amortizeover-

headsrelatedto storingsparseindex setsanditeratingoverthemwhenmultiplearraysshare

thesamesparsitypattern.

Sparseregionsare implementedusinga traditionalZPL region descriptorwith addi-

tionalfieldstackedon to describethesetof sparseindices.Thetraditionaldescriptorfields

areusedto describetheregion’s boundingindicesasalways. Thesparsitypatternitself is

representedwith a uniquedatastructuredescribedin the next section.Eachindex stored

by the datastructurehasa uniqueID that is usedto accessits valuein all sparsearrays

declaredusingtheregion.

Sparsearraysareimplementedusinga traditionalZPL arraydescriptorto representthe

densevectorof definingvalues.Thelengthof thevectoris equalto thenumberof sparse

indicesownedby theprocessor, plusoneto storethe IRV. TheIRV is storedat position0

in the array. All other elementsare accessedusing the uniqueIDs storedin the region

descriptorastheir indices(Figure6.4).
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6.4.2 TheSparseRepresentation

In orderto understandA-ZPL’s choiceof sparserepresentations,it is usefulto review the

functionalitythatits regionsandarrayoperatorsrequire.Thefollowing list summarizesthe

mosttime-crucialoperationsandthesituationsthatrequirethem:

region operations:
� row-majoriteration(thecommoncasefor mostarraystatements)
� iterationin arbitrarydirections,dimensions(certainusesof the@, @ˆoperators)
� randomaccessto asliceof indices(singletondimensions,dynamicregions)

arrayoperations:

� orderedarrayaccess(generalarrayreferences)
� randomarrayaccess(theremapoperator)

The generalityof theserequirementsposesan obstacleto usingmostof the standard

sparserepresentations,sincethey aretypically optimizedfor specificaccesspatterns.For

example,theneedfor efficient iterationin arbitrarydimensionseliminatesthepossibilityof

usingformatsthatonly supportparticulariterationorderssuchasCSR.A-ZPL’s represen-

tationmustbeextremelygeneral-purposein orderto supportthecombinationof arbitrary

iterationandfastrandomaccessrequiredby thelanguage.TheA-ZPL strategy is therefore

to designa format that is general,but which canbeautomaticallyoptimizedto efficiently

meetaprogram’s requirements.

In A-ZPL’s sparserepresentation,every index is logically representedby a nodethat

stores:(1) the uniqueID usedto accessits valuesin sparsearrays,(2) the logical index

that it represents,and(3) pointersto thenext andpreviousnodesin eachdimension(Fig-

ure6.5a).This latticeof nodesis ageneralizationof amultilist structure[Wei99],support-

ing theability to movequickly from any nodeto its neighborsin any dimension.Thespace

requiredby thelatticeis ��� �9�9��� .
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Figure6.5: A-ZPL’s SparseRepresentation.(a) The lattice nodesdescribingthe sparsity
patternfor thearrayof Figure6.1. In additionto a uniqueID, eachnodestoresits logical
index and pointersto its neighboringnodesin eachdimension. The uniqueID is used
to index into the vectorof valuesthat implementsa sparsearray. (b) The lattice’s sparse
directory, composedof headernodes.Headernodeshave no uniqueID andstoresentinel
valuesin their logical indicesto terminatelattice traversals. An arrayof pointersto the
cornersof thedirectoryis usedto anchorthedirectory, andto initiatesparseiterationalong
any dimensionof the region. (c) The densedirectorystructureusedto randomlyaccess
a particularrow or column. Eachdirectoryis implementedusingan arrayor hashtable,
dependingon thesparsityof its dimension.Emptyentriespoint to a sharedsetof dummy
nodeswith sentinelvalues.(d) A naiveimplementationof thisdatastructurewhichusesan
arrayof recordsfor thenodes.Eachcolumnin themainarrayrepresentsa singlelattice,
header, or dummynode,asindicatedby its shading.Additionalarraysareusedto storethe
corneranddensedirectories.Note that a singlecopy of this datastructurecanbe shared
betweenmultiplearraysdeclaredusingthesameregion.
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Sincethelatticemaynotbestronglyconnected,somesortof sparsedirectorystructure

is requiredto supportiterationoverall of thenodes.This is achievedby recursively adding

headernodesto thefront andbackof eachlist in themultilist (Figure6.5b). Sinceheader

nodesdonotrepresentregionindices,they donotrequireuniqueIDs. They dostorelogical

indices,but useminimalor maximalsentinelvaluesfor thedimensionsin whichthey actas

headersto provide a simpleterminationconditionduring iteration.Like traditionalnodes,

headernodesstorepointersto their neighborsin eachdimension. The sparsedirectory

of headernodessupportsthe ability to iterateover the entire region in ���  9 9¡'¢ time. A

very looseboundon the requiredspaceis £0� � ¤�¥�¦�§�¢$¨� 9 9¡�¢ which is £0�  9 9¡'¢ when © is

consideredaconstant.

To provide therandomaccessrequiredby region slicing andrandomarrayaccesses,a

densedirectorystructureis addedfor eachdimensionto providefastaccessto its lists (Fig-

ure6.5c).Thisstructureis representedusingahashtableor array, dependingonthedensity

of the indicesin eachdimension.Empty locationswithin the directorypoint to a pair of

shareddummynodesthat serve assentinels.Sinceeachlist containsª'�  �¢ elements,the

densedirectoryprovidesameansfor accessingany index within theregion in ��� § ¢9«1ª¬�  �¢
time—notquiteconstant,but reasonablyclose.An upperboundon thespacerequiredby

thedensedirectorystructureis £0� �©�¨ ®/¯ °±�   9 9¡¬²   ¥ ³¬´ ¢ ¢ or £0�  9 9¡'¢ when © is considered

aconstant.

Theunionof thesepartsis averyflexible datastructurethatsupportsall of therequired

operationsusingspaceproportionalto the numberof indicesrepresentedby the region.

While thegeneralityof thisstructurehasa fair amountof overhead(shown in Figure6.5c),

a clever implementationof thesecomponentsadmitsan implementationwhosememory

requirementscanbeoptimizedto rival CSR.

6.4.3 OptimizingtheSparseRepresentation

The actual implementationdiffers from its logical descriptionin several respects.This

sectiondescribesthesedifferencesincrementally.
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In anaiveimplementation,thecollectionof nodesusedto implementthesparsitystruc-

ture might be representedusinga vectorof records,with additionalarraysof pointersto

representthe cornersanddensedirectory structure(Figure6.5d). The A-ZPL compiler

choosesinsteadto representeachnodefield asa separatevector(Figure6.6a).This refac-

toring requiresthatthenodes’pointersberepresentedusingintegerindicesinto thearrays

ratherthantruepointers.Representingthenodesin this mannerimprovesspatiallocality

dueto the fact thatmostloopsdo not refer to all of a node’s fields. For example,if a re-

gion’snodesaretraversedin row-majororder, the“next in row” fieldswouldbereferenced

frequently, whereasthe“previousin row” and“previousin column” fieldswould never be

used. Implementingeachfield usinga vectorallows a cacheline’s memoryto bepacked

with potentiallyusefulvalues,ratherthanbeingdilutedby unusedfields.Thisorganization

alsosupportsselectiveallocation,asdescribedbelow.

Thesecondtransformationis to orderthenodesin eachfield suchthatall headernodes

comefirst, followedby thedummynodes,theIRV’snode,andthentheactuallatticenodes,

arrangedin row-majororder. The vectorsarethenshiftedin memoryso that index 0 de-

scribesthe IRV’s fields (Figure6.6b). This transformationhastwo effects,shown in Fig-

ure6.6c. First, anexplicit “ID” field is no longeris required,sinceeachlatticenode’s ID

is now encodedby its index within thevectors.Second,the “next in row” and“previous

in row” fieldsareno longerrequiredfor latticenodes,dueto their adjacency in memory—

simpleindex incrementsanddecrementscanbeusedto move alonga row instead.Since

eachfield is storedasaseparatevector, it canbeallocatedfor only asubsetof nodesrather

thanfor all of them. In the currentimplementation,eachfield is allocatedeither for the

headernodes,for thelatticenodes,for all nodes,or for noneof them.

The final optimizationis basedon the observation that the completeregion structure

is not requiredby every program.For example,a programthatonly iteratesover a sparse

region in row-majororderhasno needfor thedensedirectory, nor for many of thefields

within theheaderandlatticenodes.As theA-ZPL compilergeneratesloop nestsandcalls

to theruntimelibraries,it keepstrackof whethereachcomponentof thesparserepresen-
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Figure 6.6: Optimizing the SparseRepresentation.(a) The nodesof Figure 6.5d, re-
implementedusinga vectorper nodefield. (b) The samenodesreorderedsuchthat all
headernodescomefirst, followedby thedummynodes,the IRV’s node,andthenthe lat-
tice nodesstoredin row-majororder. Eachvectoris shiftedsothattheIRV lies at index 0.
(c) Optimizationssupportedby this nodereordering.Explicit nodeIDs areno longernec-
essarybecauseeachelement’s positioncannow serve asits ID. Furthermore,pointersto a
latticenode’sneighborswithin arow areno longerrequiredasthosenodeswill beadjacent
in memory. (d) Summaryinformationgeneratedby thecompileronaper-regionbasis,indi-
catingwhichcomponentsof thedatastructurearerequiredby aparticularprogram.(e)The
simplifieddatastructurerequiredby programsthatonly userow-majororderiteration,such
asCGandthesparseimplementationof MG. (f) Theresultingoptimizedimplementation.
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tation is usedby the generatedcode. For eachregion, the compileremitsa summaryof

this informationasshown in Figure6.6d. This summaryis usedby the sparseregion’s

runtime initializer to allocateonly the structuresthat are required. For example, in the

CGandMG benchmarks,thecompilerdetectsthatthesparseregionsareonly traversedin

row-majororder. Therefore,theinitialization codeeliminatesthesparseregion’sdensedi-

rectory, muchof its sparsedirectory, andmostof thefieldsfor thelatticeandheadernodes

(Figure6.6e–f).Theresultis a representationthatis quitesimilar to CSR,bothin sizeand

functionality.

6.4.4 SparseDescriptorSummary

To summarizethe implementationof sparseregionsandarrays,eachusesthe traditional

densedescriptorasa startingpoint. Sparseregionsaddto this a numberof dynamically

allocatedarraysto store(1) thenodes’logicalindicesandnext andpreviouspointers,(2) the

cornersof thesparsedirectory, and(3) thedensedirectory. Eachof thesearraysis allocated

onanas-neededbasis.In addition,thesparseregiondescriptorstoresthenumberof sparse

indicesthatarelocal to theprocessorandthetotalnumberof sparsenodesallocatedby the

processor.

Sparsearraydescriptorsareidenticalto densearraydescriptors,exceptthatthey areset

upto representa1-dimensionalvectorof valuesratherthanthelogical µ -dimensionalarray.

The numberof valuesis determinedby readingthe appropriatefield in the sparseregion

descriptor.

6.4.5 Initializing SparseRegionDescriptors

The sparsitystructurefor a sparseregion is setup asfollows: Within the region’s local

initializer, a traditionalm-loopis generatedto iterateoverthebaseregion’s indices.Within

the loop, the booleansparsitypatternexpressionis evaluatedfor eachindex. Any index

thatevaluatesas“true” is storedat theendof a dynamically-grown arrayof indices.Once
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them-loophascompleted,the indicesaresortedinto row-majororderusinga linear-time

radix/bucketsort[CLR92] thatshort-circuitsin thepresenceof pre-sortedsequences.

Next, the densedirectorystructureis allocatedto serve asa framefor “knitting” the

latticeof nodestogether. If thedensedirectoryis not requiredby theuser’sprogram,it will

bedeallocatedoncetheregion’s initialization is finished.All densedirectorylocationsare

initialized to refer to the dummynodes.Thesortedindex list is thentraversed.For each

index, its projectionto eachof thedensedirectoriesis calculated,andif thatpositioncon-

tainsa referenceto thedummynodes,new headernodesareallocatedandtheir indicesare

addedto theregion’sdynamicallygrown logical index vectors.Onceall of theindiceshave

beenprocessed,theprojectionis repeatedfor theheadernodesthemselves,to recursively

addheadernodesto the multidimensionalstructure.Whenthis completes,the processor

knowshow many latticeandheadernodesit requires,andstoresthesevaluesin theregion

descriptor. It alsoallocatesthenodes’field vectorsasspecifiedby theA-ZPL compiler.

Next, all of theheadernodesarelinkedtogetherto form thecompletesparsedirectory

structure.Then,thelatticenodesarelinkedinto thestructureoneatatimeusingtraditional

sorteddoubly-linkedlist insertionsfor eachdimension.

Thoughthis entireprocessis somewhatcomplex, it canbe donein ¶�· ¸9¸9¹�º time and

space,anda cleanimplementationcankeeptheconstantfactorsfairly reasonable.

6.5 AdvancedSparseImplementation Notes

6.5.1 SparseRegionOperators,DynamicRegions

Giventheamountof spacerequiredby evenanoptimizedsparseregiondescriptor, it makes

senseto sharesparserepresentationcomponentsbetweenregionswhenever possible.Ex-

amplesof this includeregion operatorsappliedto sparsearraysanddynamicregionsthat

inherit from sparseregions.Thesecasesareconsideredhere.
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DynamicRegionswith BlankDimensions

Dynamic regions that inherit from sparseregionsusingblank dimensionscanbe imple-

mentedby computingtheir boundingindicesasusualandstoringthesein the traditional

region descriptorfields. All fields relatedto the sparsitypatterncanbe implementedby

referringto thesamevectorsasthebaseregion. Although thecompletesetof nodeswill

representasupersetof theindicesdescribedby thenew dynamicregion,its m-loopswill be

generatedsuchthatonly thoseindiceswithin its boundingbox arereferenced.Thus,these

regionsrequirenoadditionaloverheadto storea sparsitystructure.

in andof Regions

As in thecaseof blankdimensions,usingthein andof regionoperatorsonasparseregion

simply refersto a subsetof that region’s sparsitypattern.Thus,the implementationis the

same:thesparseregion’s boundsarecomputedasnormalandthesparsefieldsareshared

with thebaseregion.

at Regions

Regionscreatedby applyingtheat operatorto a sparseregion have theability to inherit

muchof their structurefrom thebaseregion,but notall of it. Most importantly, thelogical

indicesof the latticeandheadernodesmustbeshiftedby thedirection’s values.This im-

pliesthatfor eachdimensionin whichthedirectionis non-zero,thebaseregion’slogical in-

dex vectorsmustbeexplicitly copiedandshifted.Thelogical index vectorsfor dimensions

in whichthedirectionis zeromaysimplybereused.This implementationdemonstratesyet

anotherbenefitof A-ZPL’suseof vectorsto implementnodefields:only fieldsthatrequire

changeshaveto beexplicitly copied.Theuseof arrayindicesfor nodepointersmakessuch

changestransparentto therestof thedatastructure.

Thedensedirectoryarraysmustalsobeshiftedto point to theright values.Thiscanbe

doneby copying andmodifying their arraydescriptors,while inheriting the actualbuffer
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of pointers. The baseregion’s densedirectorystructuremay alsoneedto be extendedto

supportreferencesto indicesthat lie outsideof its boundingbox. This modificationis

similar to the implicit region storagealreadyperformedby the compiler, so it doesnot

requireany specialsupport.

by Regions

Applying the by operatorto a sparseregion is slightly morecomplicateddueto the fact

thatanarbitrarysubsetof thelatticenodesmaybedescribedby thenew region. Thismakes

it difficult to simply referto theexistingsparsitystructure.Oneoptionis to do soandthen

createm-loopsthatskipoverany nodesthatdonot have theproperalignment.Thesecond

optionis to makeanexplicit copy of thenodescontainedin thenew region. Thisrepresents

a timeversusspacetradeoff thathasnotyet beenexploredin this work.

6.5.2 ImplementingFluff

Fluff is implementedsomewhatdifferentlyfor sparseregionsthanfor dense.In particular,

recallthatfluff is associatedwith anarrayin thedensecontext. In thesparsecontext, fluff is

associatedwith thearray’sregion. Thereasonfor this is thatit doesnotsufficeto know that

arow of fluff valuesmustbestoredonanarray’snorthboundary—theactualindicesin that

row mustbestoredaswell. In orderto avoid encodingsparsityin thearraydescriptor, the

region’ssparsedirectoryis extendedby theappropriateamount,andtheremoteindicesare

eithercomputedlocally or communicated,dependingon theregion’s sparsitypattern.For

example,theremoteindicesof a tridiagonalregion canbecomputedon eachprocessorin

isolation,whereasmorecomplex sparsitypatternswill requirecommunicationto determine

aprocessor’sfluff indices.

This implementationof fluff hasthe disadvantagethat onearray’s fluff requirements

will causethesamefluff valuesto be allocatedfor otherarraysdeclaredusingthesparse

region, even if they arenot required. Sincethe numberof valuescommunicatedby any
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sparse@-referenceis assumedto bequitesmall,this is areasonableinvestmentof memory

whencomparedto the amountthatwould be requiredto replicatethesparsitypatternfor

eacharray’s distinctfluff requirements.

6.5.3 AdaptingRuntimeLibraries

A final implementationissueis the adaptationof the runtime libraries to supportsparse

regions.For example,themachine-independentinterfacefor the@ operatorrequiresmod-

ification so that in the presenceof sparseregionsandarraysit candescribethe memory

layoutof asparsesetof datavaluesto theIronmaninterface.Thecurrentapproachusedfor

thelibrariesis to specializeeachroutinebasedon whetherits argumentregionsandarrays

aresparseor dense.For example,whenthemachine-independentIronmaninterfacefinds

thatit hasbeenpassedasparsearray, it allocatesatemporarybuffer in whichto storesparse

valuesduringcommunication.

Althoughthisapproachworks,it alsorequiresthespecializationof eachruntimelibrary

routine.An alternativeapproachwouldbeto addfunctionpointersto all regiondescriptors

to supporta consistentimplementationof operationslike iteration.Section6.9.1discusses

this approachin abit moredetail.

6.6 SparseCodeIdioms

Thekey to generatingcodefor sparseregionsandarraysis to beableto iterateoverasparse

region’s structurein a varietyof contexts. This sectiondescribessomeof theidiomsused

to implementsparsearraystatements.

6.6.1 SparseM-loopsandAccesses

For SparseRegionScopes

As an exampleof a simplesparsem-loop, considerthe secondassignmentin Figure6.3.

This statementrequiresits m-loopto iterateover region Rs which alsodescribesthespar-
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Listing 6.7: A SimpleSparseM-loop
if (I_OWN(Rs )) { /* traditional m-loop guard */

INIT_2D_LOOP (N, N, Rs); /* traditional 2D loop initialization */
int Rs_Walker0 ; /* this "pointer" walks over Rs’ first dim */
int Rs_Walker1 ; /* this one walks over its second */
int Rs_Stop ; /* the stopping point for the inner loop */
int * Bs_Ptr ; /* pointers used to refer to values of Bs */
int * const Bs_IRV = ( int *)( Bs->origin );

/* start at the top left corner */
Rs_Walker0 = Rs->corner [0x0|0x0 ];
/* advance past the row of header nodes */
Rs_Walker0 = Rs->next [0][Rs_Walker0 ];

/* while the walker is within the region’s bounds, advance it */
for ( ; (i0 = Rs->index [0][ Rs_Walker0 ]) <= i0Hi;

Rs_Walker0 = Rs- >next [0][Rs_Walker0 ]) {

/* start the second walker at the current position */
Rs_Walker1 = Rs_Walker0 ;
/* save stopping point (opposite headers are always adjacent) */
Rs_Stop = Rs- >prev[1][ Rs_Walker0 + 1];
/* advance past the column of header nodes */
Rs_Walker1 = Rs->next [1][ Rs_Walker0 ];

/* until the stopping point is reached, increment the pointer */
for ( ; (i1 = (Rs->index [1][Rs_Walker1 ]), Rs_Walker1 <= Rs_Stop );

Rs_Walker1++ ) {
/* grab the current location of B */
Bs_Ptr = Bs_IRV + Rs1_Walker1 ;

/* use a traditional array access to read from the dense array */
* Bs_Ptr = *( int *) ACCESS_2D( N, N, A, i0 , i1);

}
}

}
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Listing 6.8: TheSimpleSparseM-loop UsingMacros

if (I_OWN( Rs)) {
INIT_2D_LOOP(N , N, Rs);
INIT_SPS_REG_MAIN(Rs , 2); /* declare sparse walkers */
INIT_SPS_ARR_WRIT( int , Bs); /* declare value pointers for Bs */

SPS_WALK_SETUP_MAIN(Rs , 0, UP0 | UP1);
SPS_MAIN_MLOOP_UP(Rs , 0) {

SPS_COPY_WALKER_MAI N_IN NER_UP( Rs, 0, 1);
SPS_MAIN_MLOOP_UP_I NNER(Rs ,1) {

SPS_PTR( Bs) = ( SPS_ORIG( Bs) + SPSID_MAIN( Rs, 1));
*SPS_PTR(Bs ) = *( int *) ACCESS_2D(N , N, A, i0, i1 );

}
}

}

sity patternof Bs. Listing 6.7 shows thecodethat implementsthis assignment.Theloop

traversesthesparseregion’s nodesusingtwo integervalues(Rs_Walker » ), onefor each

dimension.Sinceeachlatticenode’s ID is thesameasits index, thesevaluesareusedboth

asnodepointersandto accessvaluesof Bs. As usual,the compilergeneratessparsem-

loopsusingmacrosto simplify many of the repetitive details.Listing 6.8 shows thesame

loop in its sanitizedform.

For SparseArrayReferences

The othertype of sparsem-loop iterationiteratesover a sparseregion’s nodeswithin the

context of a densem-loopor a sparsem-loopwith a differentstructure.In thesecases,the

sparsestructureis traversedasbefore,but in a passive way to keepthearray’s references

synchronizedwith thecontrollingm-loop. Whenpossible,thesetraversalsaresharedbe-

tweenall arrayreferenceswith thesamesparseregion. Listing 6.9showsasimpleexample

thatimplementsthethird assignmentof Figure6.3.

This codeis somewhat morecomplex thanthe previous casedueto the fact that the

sparseregion is no longercontrolling the m-loop’s iteration. Rather, it hasto keeppace
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Listing 6.9: IteratingoveraSparseRegionWithin aDenseM-loop
if (I_OWN(R)) { /* traditional m-loop guard */

INIT_2D_LOOP ( N, N, R); /* traditional 2D loop initialization */

int Rs_Walker0 ; /* Values for iterating over the sparse region Rs */
int Rs_Walker1 ;
int Rs_Stop ; /* Stopping point for the inner dimension of Rs */
int Rs_i0 ; /* Indices of the current Rs Walkers */
int Rs_i1 ;

/* Values for accessing the sparse array Bs */
int Bs_Val ;
const int * const Bs_Orig = ( int *)( Bs->origin );

/* Start in the corner of Rs and set index to its sentinel value */
Rs_Walker0 = Rs->corner [0x0|0x0 ];
Rs_i0 = Rs->index [0][ Rs_Walker0 ];

/* Traditional dense m-loop */
MLOOP_UP(R, 0) {

/* if the Rs iteration is lagging behind... */
if ( Rs_i0 <= i0) {

/* advance it until it catches up */
while (Rs_i0 <= i0) {

Rs_Walker0 = Rs->next [0][Rs_Walker0 ];
Rs_i0 = Rs->index [0][ Rs_Walker0 ];

}
/* if it matches the current index */
if (Rs_i0 == i0) {
/* set up the next dimension for iteration */
Rs_Walker1 = RsWalker0 ;
Rs_Stop = Rs->prev [1][ Rs_Walker1 + 1];
Rs_Walker1 = Rs->next [1][Rs_Walker0 ]-1;
Rs_i1 = INT_MIN ;

} else {
/* otherwise, set the indices to prevent iteration */
Rs_i1 = INT_MAX;
Bs_Val = *(Bs_Orig );

}
}
/* the inner loop of the dense m-loop */
MLOOP_UP(R, 1) {

/* if the inner dimension needs catching up */
if (Rs_i1 <= i1) {
/* advance it, making sure not to fall off the row */
while (( Rs_i1 < i1) && (Rs_Walker1 < Rs_Stop )) {

Rs_Walker1++ ;
Rs_i1 = Rs->index [1][ Rs_Walker1 ];

}

/* set B’s value based on whether or not this is a hit */
Bs_Val = *(Bs_Orig + ((Rs_i1 == i1 ) ? (Rs_Walker1 ) : 0));

}

/* assign to A (typically walkers and bumpers would be used) */
*( int *)ACCESS_2D(N, N, A, i0, i1) = Bs_Val ;

}
}

}
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Listing 6.10: IteratingoveraSparseRegion Within a DenseM-loop UsingMacros

if (I_OWN( R)) {
INIT_2D_LOOP(N , N, R);

INIT_SPS_REG(Rs ,2); /* declare walkers, indices */
INIT_SPS_ARR_READ( int , Bs); /* declare values for Bs */

SPS_WALK_SETUP(Rs , 0, UP0 | UP1);
MLOOP_UP(R , 0) {

if ( SPS_NEEDS_CATCHIN G_UP( Rs, 0)) {
SPS_CATCH_UP( Rs, 0);
if ( SPS_HIT(Rs , 0)) {

SPS_COPY_WALKER_I NNER_UP(Rs , 0, 1);
} else {

SPS_MAXIFY_DIM( Rs,1);
SPS_VAL( Bs) = *( SPS_ORIG(Bs ));

}
}
MLOOP_UP(R , 1) {

if ( SPS_NEEDS_CATCHIN G_UP( Rs, 1)) {
SPS_CATCH_UP_INNER( Rs, 1);
SPS_VAL( Bs) = *( SPS_ORIG(Bs ) + SPSID_VAL(Rs ,1));

}

*( int *) ACCESS_2D( N, N, A, i0 , i1) = SPS_VAL( Bs);
}

}
}
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with it, trackingwhethereachindex is a “hit” or a “miss.” As always,macrosmake this

codemuchmorereadable(Listing 6.10).

6.6.2 Rank-IndependentSparseM-loops

As with densem-loops,it is possibleto createa rank-independentsparsem-loop usinga

vectorof integersto representthenodetraversalsin eachdimension.This implementation

is quite similar to the densecaseand thereforeomitted from this discussionfor brevity.

Suchloopsareuseful for traversinga sparseregion within the runtimelibraries. For ex-

ample,they would be usedto marshalla sparseset of valuesfor communicationin the

machine-independentIronmanroutines.

6.6.3 OptimizedSparseM-loops

Sparsem-loopspresenta numberof opportunitiesfor optimization.This sectiondescribes

a few examples.

SpecializingDenseLoops

Oneoptimizationis motivatedby the amountof control flow introducedby the traversal

of a sparseregion within a densem-loop,asdemonstratedby Listing 6.10. Thepresence

of thiscontrolflow greatlyincreasesthem-loop’scomplexity andcanhurt its performance

dueto thepotentialfor branchingin eachiteration.This overheadis especiallyregrettable

giventhat thebrancheswill have a strongtendency to take the“miss” pathdueto thefact

thatthereareasymptoticallyfewersparsevaluesthandenseindices.

For this reason,densem-loopscanbespecializedto maximizetheamountof branch-

free codebetweensparsevalues. Listing 6.11givesan exampleby re-implementingthe

loop of Listing 6.10. The loopsin lines16–20and32–34arethekey to thecode,imple-

mentingthe m-loop for a rangeof indicesthat containsno sparseindices. The first loop

iteratesover a setof rows with no sparseindices. The seconditeratesover a segmentof
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Listing 6.11:An M-loop Specializedfor DenseIndex Ranges
1 if (I_OWN(R)) {
2 INIT_2D_LOOP (N, N, R);
3

4 INIT_SPS_REG(Rs,2); /* declare walkers, indices */
5 INIT_SPS_ARR_READ( int , Bs); /* declare values for Bs */
6

7 SPS_WALK_SETUP(Rs , 0, UP0 | UP1);
8 i0 = i0Lo;
9 while (i0 <= i0Hi ) { /* main loop over dim 0 */

10 if (SPS_NEEDS_CATCHING_UP(Rs, 0)) {
11 SPS_CATCH_UP(Rs, 0);
12 }
13 if (!SPS_HIT (Rs , 0)) { /* if Rs misses in dim 0 */
14 i0Stop = min (i0Hi+1 , Rs_i0 ); /* loop to next sparse index */
15 SPS_VAL(Bs) = *SPS_ORIG(Bs); /* using Bs’ IRV as its value */
16 for ( ; i0<i0Stop ; i0++ ) {
17 for ( i1=i1Lo ; i1< =i1Hi ; i1++ ) {
18 *( int *)ACCESS_2D(N, N, A, i0, i1) = SPS_VAL(Bs );
19 }
20 }
21 }
22 if (SPS_HIT (Rs , 0)) {
23 SPS_COPY_WALKER_INNER_UP(Rs, 0, 1);
24 i1 = i1Lo ;
25 while ( i1 <= i1Hi ) { /* iterate over dim 1 */
26 if (SPS_NEEDS_CATCHING_UP( Rs, 1)) {
27 SPS_CATCH_UP_INNER( Rs, 1);
28 }
29 if (! SPS_HIT(Rs , 1)) { /* if Rs misses in dim 1 */
30 i1Stop = min( i1Hi+1 , Rs_i1 );
31 SPS_VAL( Bs) = *SPS_ORIG( Bs);
32 for ( ; i1<i1Stop ; i1++) { /* loop to next sparse index */
33 *( int *) ACCESS_2D( N, N, A, i0 , i1) = SPS_VAL( Bs);
34 }
35 }
36 if (SPS_HIT (Rs, 1)) {
37 SPS_VAL( Bs) = *(SPS_ORIG (Bs) + SPSID_VAL(Rs,1));
38 *( int *)ACCESS_2D(N, N, A, i0, i1) = SPS_VAL(Bs );
39 i1++ ;
40 }
41 }
42 i0++ ;
43 }
44 }
45 }
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a row with no sparseindices.Theboundsof theseloopsaredeterminedusingthe indices

of thesparsenodepointers,which indicatethenext sparseindex thatwill beencountered.

Sincemostof thedenseindiceswill nothaveacorrespondingsparseelement,themajority

of thetimewill bespentin thesimplifiedloops.

This optimizationhasnot currentlybeenimplementedin the A-ZPL compiler. How-

ever, initial studieshave shown that it benefitscodesthat readextremely sparsearrays

within denseregions.Onesuchexampleis foundin thenaivesparseimplementationof MG

thatrefersto theinputarraywithin thecontext of thehierarchy’sfinestgrid (Section6.3.3).

Iteratingovera SingleSparsityPattern

A secondoptimizationoccurswhenall arrayreferenceswithin asparsem-looparedeclared

usingthatsamesparseregion. In thiscase,thelogicalm-loopcanbeabandonedaltogether

and the computationcanbe performedon the sparsearrays’ denserepresentations.For

example,considerthefollowing code:

var As, Bs: Cs: [Rs ] integer ;

[Rs ] Cs := As + Bs;

For sucha statement,thecompilercandetectthatAs, Bs, andCs sharethesamesparsity

patternandimplementtheassignmentusinga loop over their densevectorof values.This

wouldappearasshown in Listing 6.12.

The only tricky casefor this optimizationis that somesparsearraysmay have fluff

valuesmixed in with their normal values. For operationsthat cannotcauseexceptions,

computingover thefluff valuesrepresentswastedcomputation.However, theperformance

savedby ignoringRs’ sparsitystructuremorethanmakesup for it. For example,theloop

above may sum fluff valuesof As and Bs, storing the result in the correspondingfluff

valueof Cs. Thisadditioncannotcauseanarithmeticexceptionandthefluff valueswill be

refreshedbeforethey arereferencedagain,so theoptimizationcanbeperformedwithout

concern.
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Listing 6.12:A SparseM-loop Optimizeddueto its useof a SingleSparsityPattern

int * As = ( int *)( As->origin ) + 1;
int * Bs = ( int *)( Bs->origin ) + 1;
int * Cs = ( int *)( Cs->origin ) + 1;

/* loop over the number of lattice nodes in the region */
for ( i = 0; i < Rs- >num_lattice_no des; i++ ) {

* Cs := * As + * Bs; /* perform the operation */

Cs++; /* increment the data pointers */
As++;
Bs++;

}

Operationsthatcancauseexceptionshave to betreatedmorecarefully. For example,if

theadditionin thecodeabove waschangedto division andBs containedstalefluff values

of 0, the optimizationwould result in an exceptionthat theoriginal codewould not have

thrown.

Note that this optimizationis only possibledueto the fact that sparsefluff valuesare

associatedwith regionsratherthanindividualarrays.Thisguaranteesthatall valuesof As,

Bs, or Cs will bealigned,regardlessof eacharray’s actualfluff requirements.

This optimizationis currentlyunimplementedin theA-ZPL compiler. However, previ-

ousworkshowsthatwhentheoptimizationis appliedto simplecodesbyhand,performance

canimproveby anorderof magnitude[CLS98].

6.7 Evaluation

Thissectionevaluatesthedesignandimplementationof sparseregionsby consideringtheir

usein the samplecodesof Section6.3—sparsematrix-vectormultiplication, tridiagonal

matrix multiplication,andtheCG andMG benchmarks.Eachbenchmarkis evaluatedin

termsof clarity, memoryusage,andperformance.
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6.7.1 Implementations

All four benchmarksarewritten in A-ZPL usingsparseregions. Otherversionsof sparse

matrix-vectormultiplication include the sequentialC implementationfrom Chapter3, a

sequentialC implementationusingtheCSRformat(AppendixA), andthe2D ZPL imple-

mentation.Thesparsematricesaregeneratedto have ¼ ½�¾À¿ evenly distributednon-zeroes

per row. Thematrix valuesin thedenseC andZPL codesaredifferentthanChapter3 to

reflectthesparsityof thematrix.

Two A-ZPL implementationsof tridiagonalmatrix multiplication areused. The first

usestwo sparseregions,oneto describethetridiagonalindex setandthesecondto describe

thepentadiagonal.Thesecondimplementationusesa singlepentadiagonalregion to rep-

resentall threematrices. Theseimplementationsarecomparedto the compactZPL and

C implementations,aswell astheshard-basedZPL implementation.

Both CG andMG arecomparedto theoriginal hand-codedF77+MPINAS implemen-

tations.In addition,thesparseimplementationof MG is comparedto thetraditionaldense

ZPL implementation.

6.7.2 Clarity

Figure6.7indicatesthenumberof linesrequiredto implementeachversionof eachbench-

mark. As in previous chapters,eachproductive line of codeis classifiedasbeinga dec-

laration,communication,or computation.Thesegraphsindicatethat the introductionof

sparsitytendsnot to complicatethedenseZPL implementations.

For example,theA-ZPL implementationof sparsematrix-vectormultiplicationusesthe

samenumberof lines asthe2D ZPL versionsincethe only thing thatneedsto changeis

theregion declaration.Similarly, in thetridiagonalcodes,thenumberof declarationlines

varyonly slightly betweentheA-ZPL versionsandtheshard-basedZPL versionon which

it wasbased.Thesefluctuationsareindicative of thenumberof regionsbeingdeclaredin

eachcode.TheA-ZPL versionsuseslightly lesscomputationdueto thefactthatthearray’s
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Figure6.7: Linecountsfor SparseBenchmarks.Eachgraphindicatesthenumberof pro-
ductive lines of codeusedto implementeachbenchmark,classifiedas communication,
declarations,or computation.(a) Implementationsof matrix-vectormultiplicationwritten
in C usingtraditionaldensearraysandtheCSRformat, in ZPL usinga denseregion, and
in A-ZPL usinga sparseregion. (b) Implementationsof tridiagonalmatrix multiplication
in C andZPL usinga compactformat, in ZPL usinga denseimplementation,andin A-
ZPL usinga sparseregion. (c) TheCG benchmarkasimplementedby NAS in F77+MPI
and in A-ZPL using sparseregions. (d) The MG benchmarkas implementedby NAS
in F77+MPI,in ZPL usingadenseinput array, andin A-ZPL usingasparseinput array.
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boundariesno longerneedto bezeroedout—they aresimply excludedfrom theindex set

andarethereforeimplicitly representedby theIRV of zero.

TheA-ZPL implementationof MG requiresa few morelinesthantheshard-basedZPL

versionin orderto declarethespecializedversionof the residstencilasdescribedin Sec-

tion 6.3.3. Evenwith theseadditionallines, theA-ZPL implementationremainsfar more

concisethantheF77+MPIversiondueto its lackof loopsandexplicit communication.

TheA-ZPL implementationof CG shows a similar result. More thanhalf of the lines

in the NAS versionaredevotedto handlingparallelcommunicationanddatadistribution

issuesby hand.In contrast,A-ZPL’suseof sparseregionsresultsin asuccinct,clearrepre-

sentationof thealgorithmthatis one-eighththesizeof theF77+MPIcode.

Thesegraphsindicatethatsparseregionssucceedin theirability to expresssparsecom-

putationsuccinctly. Examinationof the codesby handconfirmsthat they areexpressed

usingcomputationidentical to that of the equivalentdensecodes,modulo the specifica-

tionsof thesparseregions’ indices.

6.7.3 MemoryUsage

Thegraphsin Figure6.8 indicatetheamountof memoryrequiredto executeeachbench-

mark for the indicatedproblemsize on a single processor. Memory is expressedusing

megabytesor gigabytes,asindicatedby eachgraph’s Á -axislabel.

Thesparsematrix-vectormultiplicationresultsindicatethattheoptimizedA-ZPL rep-

resentationrequiresa half megabytemorememoryto representthe sparseindicesthana

hand-codedCSRimplementation.Thisexcessmemoryis dueto thefactthatA-ZPL’s fully

optimizedrepresentationis not quite ascompactasa strict CSRimplementationsinceit

usesasparsedirectoryof rows ratherthanadenserow directory. Thissparsedirectorycan

benefitarraysthat do not containindicesin every row like MG’s input array. Programs

thatdo containindicesin eachrow paya bit of overheadcomparedto CSRdueto therow

indicesand“next in column” pointers.Nevertheless,it shouldbenotedthat this memory

representslessthan2% of the total memoryrequiredby the benchmark,andis therefore
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Figure 6.8: Memory Requirementsfor SparseBenchmarks. Thesegraphsindicate the
memoryusedby eachbenchmark’smaindatastructureswhenrunonasingleprocessor. In
general,“RS” indicatesthememoryrequiredby a sparseregion whereas“CSR” indicates
thememoryusedby a hand-codedCSRformat. (a) Sparsematrix-vectormultiplicationas
written in C usingdensearraysandtheCSRformat, in ZPL usinga denseregion, andin
A-ZPL usinga sparseregion. Recallthat “M” is thesparsematrix,while “V” and“S” are
theinput andsolutionvectors.(b) Sparsetridiagonalmatrix multiplicationaswritten in C
andZPL usinga compactformat, in ZPL usinga denseformat,andin A-ZPL usingtwo
or onesparseregions. “A,” “B,” and“C” arethe threematrices.“Tri” and“Pent” arethe
sparsetridiagonalandpentadiagonalregionsasdeclaredin A-ZPL. (c) TheCGbenchmark
aswritten by NAS in F77+MPI and in A-ZPL usinga sparseregion. “P” and “W” are
vectors,whereas“A” representsthesparsearrayvalues.(d) TheMG benchmarkaswritten
in F77+MPI or ZPL usinga denseinput arrayand in A-ZPL usinga sparseinput array.
Recallthat“U” and“R” arethetwo hierarchicalarraysandthat“V” is theinput array.
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negligible. More importantly, bothof thesparseimplementationsuselessthan Â Ã�Ä of the

memoryusedby theirdenseequivalents,makingtheuseof sparsityworthwhile.

Thetridiagonalmatrix multiplicationcodesdemonstratethis point evenmoredramati-

cally. Eachof thethreearraysrequires3200megabytesof memorywhenusingdenseÅ�Æ"Å
storageasin ZPL’s shard-basedimplementation.In contrast,thesparseA-ZPL implemen-

tationsusearound8 and6 megabyteseach. While this is still 2–3 times the amountof

memoryrequiredby the compactC andZPL implementations,it representsa reasonable

amountof memorygivenits preservationof the logical Å1ÆDÅ computationspacewithout

explicitly allocatingany arraysof thatsize.As anticipated,theuseof a singlepentadiago-

nal region to representall threearraysrequiresslightly morememoryfor eachtridiagonal

arrayto storetheextra pair of diagonals.However, it alsosavesquitea bit of memoryby

eliminatingthetridiagonalregion’ssparserepresentation,makingit aworthwhiletradeoff.

ClassC of the CG benchmarkusesa Â Ä�Ç'È Ç�Ç�Ç�Æ�Â Ä�Ç'È Ç�Ç�Ç matrix with approximately

31 million non-zeroes.Thememorycountsfor CG give a very similar resultto thesparse

matrix-vector multiplication benchmark: A-ZPL’s sparseregion requiresslightly more

memorythantheequivalentCSRformat,but thedifferenceis negligible whencomparedto

thetotal amountof memoryused.

TheMG benchmarkdemonstratesthebenefitof takingadvantageof sparsityin a code

traditionallyimplementedusingdensearrays.Theeliminationof theinputarrayreducesthe

benchmark’smemoryrequirementsby almostathird. Moreover, theextremesparsityof the

inputarrayresultsin averycompactsparseregionimplementation.Its storagerequiresjust

afew kilobytesof memoryandis completelynegligiblewhencomparedto thebenchmark’s

hierarchicalarrays. This savings in memoryallows programmersto run larger problem

sizeson smallernumbersof processors.

6.7.4 Performance

Eachimplementationof the benchmarkwasrun on the Cray T3E to evaluatethe perfor-

manceobtainableusingsparseregions.Technicaldetailsfor theT3E andits compilersare



340

0 16 32 64 128 256

ProcessorsÉ
0

64

128

192

256

S
p

ee
d

u
p

 o
ve

r 
b

es
t 

1-
p

ro
ce

ss
o

r 
ti

m
e

Ê

(0
.2

13
 s

ec
o

n
d

s 
in

 C
 (

C
S

R
))

Ë

Mat-Vect Mult (m = n = 5120) -- Cray T3E

linear speedup
A-ZPL
ZPL (2D)
sequential C (CSR)
sequential C (dns)

(a)

0 16 32 64 128 256

ProcessorsÉ
0

64

128

192

256

S
p

ee
d

u
p

 o
ve

r 
b

es
t 

1-
p

ro
ce

ss
o

r 
ti

m
e

Ê

(0
.3

57
 s

ec
o

n
d

s 
in

 A
-Z

P
L

)

Mat-Vect Mult (m = n = 5120) -- Cray T3E

linear speedup
A-ZPL
ZPL (2D)

(b)

Figure6.9: Performancefor SparseMatrix-VectorMultiplication. (a) A speedupgraph
for matrix-vectormultiplication comparingthe sparseA-ZPL implementationagainstthe
denseZPL implementationandsequentialversionsin C writtenusingdensearraysandthe
CSRformat. (b) Thesamecomparison,but without thesequentialC versions.

given in AppendicesB andC. Figures6.9–6.11show the resultingspeedupgraphs.The

raw timingsusedto constructthesegraphsaregivenin AppendixD.

Figure6.9shows thespeedupresultsfor matrix-vectormultiplicationwith andwithout

comparisonto thesequentialC codes.As expected,reducingthecomputationalcomplexity

andmemoryfootprintof thealgorithmfrom Ì�Í Î�Ï�Ð to Ì�Í Ï9Ï9Ñ'Ð ( Ì�Í Ï9Ò Ó Ô'Ï�Ð for theseexper-

iments)resultsin asignificantperformancebenefit.Theoverheadassociatedwith iterating

overA-ZPL’s sparseregion representationis morethanmadeup for by theasymptoticim-

provementin computationandmemoryreferences.As the numberof sparseindicesper

processordecreases,theoverheadof communicationbecomesabiggerandbiggerfactorin

theA-ZPL implementation,causingits speedupto dropoff slightly.

Figure6.10shows thattheA-ZPL implementationsof sparsetridiagonalmatrix multi-

plicationperformsignificantlybetterthanthedenseimplementation,but still fail to match

theperformanceof thecompactC andZPL implementations.This is not surprisingcon-
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Figure 6.10: Performancefor SparseTridiagonalMatrix Multiplication. (a) A speedup
graphfor tridiagonalmatrix multiplicationcomparingthesparseA-ZPL implementations
againstcompactimplementationsin ZPL andC. (b) Thesamecomparison,but without the
compactC andZPL versions.(c, d) The sameexperiments,but usinga smallerproblem
sizeto compareagainstthe2D ZPL shard-basedimplementation.
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Figure6.11:Performancefor SparseCGandMG Benchmarks.Thesegraphsshow speedup
curvesfor classC of theNAS CGandMG benchmarkson theCrayT3E.Notethatthereis
notenoughmemoryto run theseproblemsizesonsmallprocessorsets.Thus,thespeedups
for eachgrapharecomputedusing the fastestexecutiontime on the smallestnumberof
processors(indicatedin they-axislabel).

sideringthe overheadsof iteratingover A-ZPL’s generalsparseregion structureascom-

paredto iterationoveracompactarrayrepresentingthediagonalvalues.Oncethecompact

implementationsareremovedfrom consideration(Figures6.10bandd), thesparseimple-

mentationsproveto scalenicely, taperingoff oncethenumberof valuesperprocessordrops

below 1,000. On the larger problemsize,the versionthat usesa pentadiagonalregion to

representall arrayscanbe seento outperformtheversionwith two sparseregionsdueto

thefact that its m-loopsonly needto iterateover a singlesparseregion ratherthantwo of

them.

For the CG benchmark(Figure 6.11a), the A-ZPL implementationoutperformsthe

F77+MPIversionfor thesmallerprocessorsets(à�á�â�ã ), but thenlosesgroundasthenum-

berof processorsincreases.Its speedadvantageonsmallernumbersof processorsindicates

that its implementationandloopsarecompetitive with theNAS benchmark’s hand-coded
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CSRformat. In addition,its useof theSHMEM library to implementcommunicationre-

sultsin loweroverheadthantheMPI callsof theNAS version.

TheA-ZPL implementationlosesgroundon thelargerprocessorsetsonceagaindueto

theoverheadsassociatedwith the remapoperator’s currentimplementation.Sinceremap

is usedin this benchmarkto performa simplevectortransposeusingthe Index i arrays,

it is expectedthatan implementationthatbreaksits m-loopsout of the librarieswill help

closethegapfor the largerprocessorsets.For thetime being,we arepleasedto notethat

A-ZPL’sspeedupis near-linearfor all processorsets.

For the MG benchmark(Figure 6.11b), the sparseA-ZPL implementationresultsin

slight but measurableimprovementsover the denseZPL implementation. This may be

somewhatsurprising,giventhedrasticreductionin memoryaccessesfor thesparseA-ZPL

residstencil.Thereasonthat theimprovementis not greateris dueto theT3E’s hardware

supportfor aggressive dataprefetchingin the presenceof regular memoryaccesses.The

referencesto theinputarrayin thedenseimplementationbenefitgreatlyfrom thisprefetch-

ing, minimizing the advantagesof a sparserepresentation.For this platform, the greater

benefitto userscomesfrom the benchmark’s ä�å�æ reductionin memory, allowing larger

problemsizesto berunon smallernumbersof processors.

6.7.5 Summary

To summarize,the experimentsin this sectionvalidatethe sparseregion concept.Sparse

regionswereshown to supportthe representationof sparsealgorithmsin A-ZPL and to

preserve its densesyntax.Eachbenchmarktendsto beassuccinctasequivalentdenseZPL

codesandhand-codedsparsesequentialC codes.Sparseregionsalsorepresenta greatim-

provementin clarity andconcisenessascomparedto parallelcodeswritten in F77+MPI.

All of thebenchmarksindicatethatprogrammingusingsparseregionsresultsin memory

requirementsthatarefar smallerthananequivalentdenserepresentation,andwhich com-

petewith a hand-codedsparseformatlikeCSR.PerformanceresultsindicatethatA-ZPL’s

implementationof sparsem-loopsandarrayaccessesresultsin programsthatoutperform
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theequivalentdensecodes,andperformcompetitively with hand-codedCSRformats.For

all of thesereasons,sparseregionsconstitutea usefulconceptin the arrayprogrammer’s

toolbox.

6.8 RelatedWork

Thepastfew decadeshaveseena considerableamountof researchanddevelopmentin the

areaof sparsecomputation.Thevastmajorityof thiswork hasinvolvedthedevelopmentof

librariesthatsupportsparsematrix computations[SM95, THHS99,MS96, Kro98, JP95].

Eachof thesesystemsexportsa setof highly-tunedsparsematrix operationsto the user

via a customlibrary interface.Theseinterfacesaresubjectto thestandardtradeoffs: they

canbesmallandextremelyspecial-purposeor they canbegeneralbut “wide.” In contrast,

sparseregionsarea language-basedsolution. A-ZPL providesuserswith a small setof

generaloperatorsthat canexpresssparsearraycodes,of which sparsematricesarebut a

subset.In doing so, the standardtradeoffs aremade:A-ZPL is unlikely to outperforma

specificisolatedlibrary operation,but its generalityallows usersto solve a larger setof

problems.Furthermore,thecompiler’s ability to comprehendtheprogram’s specification

permitsit to performoptimizationsthatspanconsecutiveoperations.

Although otherparallel languagessuchasNESL andHPF allow sparsematrix com-

putations[BCHç 94, FJY98], they typically requireusersto implementtheir own sparsity

structuresby handasin themotivatingFortranmatrix-vectormultiplicationexample.This

resultsin the samebarriersto clarity andperformanceseenthere. To aid with the per-

formanceproblem,Ujaldonet al. have proposedextensionsto HPFthatprovide language

supportfor declaringsparsematricesusinga varietyof storageschemes[UZCZ97]. This

approachsolvestheproblemof communicatingto thecompilerthatasparsematrix is being

used.However, it still requiresusersto referto theunderlyingsparsematrix representation

explicitly ratherthanallowing themto useatraditionaldensearraysyntaxassparseregions

do.
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Oneapproachthat addressesthis lack is a compiler-basedtechniqueby Bik andWi-

jshoff [BW93, Bik96] in which densematrix programsareautomaticallytransformedinto

anequivalentsparseprogram.Their compilerautomaticallyselectsanappropriatesparse

formatdependingon theplacementof non-zeroesin anarray. More recently, theBernoulli

compilergrouphasdevelopeda techniquethatallowsusersto specifysparsematrixopera-

tionsusingtraditionaldensesyntax.In their approach,thecompilerusesa form of generic

programmingto implementthe codeusinga programmer-specifiedsparsematrix imple-

mentation[AMPS00,MPSK00]. Sparseregionssharethegoalsof bothof theseprojects,

but take a differentapproachby usinganarray-basedsyntaxandhaving thecompilerau-

tomaticallygeneratea sparsearray representationoptimizedaccordingto the program’s

operationsratherthanits structure.In doingso,sparseregionsarenotexpectedto compete

with matrix representationsthatarehighly specializedto a particularapplication,but they

shouldsupporta broaderclassof sparsecodesat a high level. Sparseregionsalsosupport

therepresentationof higher-dimensionalsparsearrays(ratherthansimply2D matrices).

Oneother language-basedapproachthat deservesmentionis Matlab, which supports

seamlessinteractionsbetweensparseanddensematrices[GMS92]. A-ZPL’ssparseregion

philosophyis verymuchlikeMatlab’s,sinceit seeksto expresssparsecomputationusinga

high-level array-basedsyntax.However, theapplicationcontextsarequitedifferentin that

Matlabis interpreted,sequential,andmatrix-orientedwhereasA-ZPL is compiled,parallel,

andarray-based.

6.9 Discussion

6.9.1 AlternateSparseFormats

Oneof theadvantagesof usingregionsto encodesparsityis thatthesparseimplementation

usedat runtimeis not exposedto theuserin any way. This givesthecompilertheability

to useany sparseformat to implementsparseregions. The formatdescribedin this chap-

ter wasdevelopedfor its generalityandflexibility , but for specificapplications,different
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formatsarelikely to work better. It is thereforeattractive to imaginethat theA-ZPL com-

piler couldusea varietyof differentsparseformatsto implementsparseregionsbasedon

characteristicsdetectedby thecompileror specifiedby theuser.

The principal challengeto suchan approachwould be to make the runtime libraries

understandall of thepossibleregion formats. To avoid specializingthe routinesfor each

format, region descriptorscould be amendedto includefunction pointersthat implement

the operationsrequiredby the runtime suchas iteration over the region’s indicesor the

valuesrequiredby an @-reference’s communication.Sucha schemecould even be de-

signedso that userscould plug in their own sparserepresentationsas in the Bernoulli

compiler [AMPS00]. This path hasnot beenpursuedat this point, but it representsan

interestingpossibilitythatshouldbeconsideredin thefuture.

6.9.2 Supportfor DynamicSparsity

While thecurrentregionsupportfor sparsecomputationsformsanexcellentstartingpoint,

therearestill featuresmissingfrom A-ZPL thatany robustsystemfor sparsecomputation

shouldcontain.Oneof themostimportantof theseis thedynamicspecificationof sparsity

patterns.

The benchmarksstudiedin this chapterusesparsitypatternsthat are fixed and un-

changingfor theprogram’s duration. This makesthemrathersimplistic. A greatnumber

of real-world sparseapplicationsuseindex setsthat changeover time asthe datavalues

migrateor fill in. Suchapplicationsrequiretheability to dynamicallyspecifyandmodify

sparsitypatterns.

Advancedapplicationsarenottheonly programsthatrequiredynamicsparsitypatterns.

Although thesparsitypatternsin this chapter’s benchmarksarestatic,someof themcan-

notbeefficiently expressedusingA-ZPL’sstaticregiondefinitions.For example,although

CG’ssparsitypatternscanbestoredin afile andreadduringtheregion’sdeclaration,read-

ing theclassC sparsitypatternusinga largeprocessorsetresultsin ahugeI/O bottleneck.

Theseverity of this bottleneckmakesreadingthefile untenablefor benchmarking,dueto
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Listing 6.13:ProposedSupportfor DynamicSparsityPatternsUsingRegionTypes

var RS: region = [1.. m, 1.. n] where ?;

è è è
RS := [ , ] where (A+B ) < epsilon ;

-- or

RS. spspat := ( A+B) < epsilon ;

thewasteof computationalresources.As a secondexample,thesparsetridiagonalregions

given in this chapterrequireiterationover the full éCêCé baseregion to definethe tridi-

agonalelementsthat evaluateas “true.” This iteration is prohibitively expensive for the

largerproblemsizesusedin this chapter’s experiments.Both of theseapplicationshadto

berewrittento definetheirsparsitypatternsdynamicallyin orderto initialize largeproblem

sizesin a reasonableamountof time.

The issueof specifyingdynamicsparsitypatternsis relatedto ZPL’s currentlack of

supportfor dynamicallynamingandaltering regionsasaddressedin Section2.18.2. In

particular, usersneedsomeway to assigna region’s sparsitypatternwithin thecontext of

their program’s execution.Supportingassignmentsto regionsasfor any othertypewould

helpwith thedynamicspecificationof sparsitypatterns.Listing 6.13showsanexample.

Suchsupportwould still beinsufficient,however, sinceit continuesto requireiteration

over thebaseindex spaceto evaluatethenew sparsitypattern.For example,specifyinga

tridiagonalregion usingthis syntaxwould yield no improvementover a staticdeclaration.

An idealsolutionwouldpermitasparseindex setto bespecifiedimperatively, allowing the

computationaloverheadto beproportionalto thesparsitypatternitself.

Onesuchmechanismwould allow theuserto addindicesinto a region’s index setone

at a time as they arecomputed. For example,Listing 6.14 shows somepseudo-codeto

specifythesparsetridiagonalregion dynamically. Althoughthesyntaxis somewhatugly,
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Listing 6.14:ProposedSupportfor DynamicIndex Specification

var Tri : region = [1.. n, 1.. n] where ?;ë ë ë
start_modifyin g_pat te rn (Tri );

add_index ( Tri ,1,1); -- add first row
add_index ( Tri ,1,2);

for i := 2 to n-1 do -- add interior rows
add_index ( Tri , i,i -1);
add_index ( Tri , i,i );
add_index ( Tri , i,i+1 );

end ;

add_index ( Tri , n, n-1); -- add last row
add_index ( Tri , n, n);

stop_modifying _patt er n( Tri );

the ideais soundin that it allows theuserto specifythe tridiagonalindicesin ì�í î�ï time.

It alsomakestheperiodin which changesarebeingmadeclearto thecompiler, to prevent

theruntimelibrariesfrom modifying thesparserepresentationwith eachnew index (which

couldresultin ð0í î9î9ñ�ò ï insertionsort-likebehavior). Oncethemodificationto thesparsity

patternhasended,thesparserepresentationwould beupdatedandall arraysdeclaredover

theregionwouldautomaticallybereallocated.

The A-ZPL CG andtridiagonalbenchmarksstudiedin this chapterusepreciselythis

typeof schemeto specifytheir sparsitypatterns.Sincetheappropriatesyntaxdoesnot yet

exist, they simply useZPL’s extern keyword to call into the runtimeroutinesthat are

usedto definestaticsparsitypatternsfor traditionalregion initializers. Thesebenchmarks

demonstratethat suchan approachis feasible,even thoughanappropriatesyntaxhasnot

yetbeenadopted.

Challengesto implementingdynamicsparsityeffectively still abound.It is likely thatas

supportfor specifyingsparsitypatternsbecomesricher, additionalsemanticsfor specifying
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Listing 6.15:SupportingUnionandIntersectionon SparseRegions

region R = [1.. n, 1.. n];
RS1 = R where ó ó ó ;
RS2 = R where ó ó ó ;
RSInter = R where ?;
RSUnion = R where ?;ó ó ó

RSInter := [ , ] where (RS1 & RS2);
RSUnion := [ , ] where (RS1 | RS2);

indiceswill becomeincreasinglydesirable.As with any languagefeature,thekey will be

to developmechanismsthatareuseful,general,andableto beimplementedefficiently.

6.9.3 SparseRegionsasBooleanArrays

Any sparseregion canbe interpretedasa booleanarrayby treatingits definingindicesas

“true” valuesandall otherindiceswithin its boundingbox as“f alse.” This admitsanother

wayof specifyingsparsitypatterns,by supportingcomputationonsparseregionsusingtra-

ditionalZPL arrayoperators.For example,Listing 6.15showsthespecificationof sparsity

patternsthataretheunionandintersectionof othersparseregions.

Moreadvancedcomputationswouldsupportthespecificationof morecomplex sparsity

patternssuchastheonesresultingfrom sparsematrixmultiplication.Listing 6.16showsa

sparseimplementationof SUMMA matrixmultiplicationwhichfirst runsthealgorithmon

thearguments’sparsitypatternsto determinethepatternof their product,andthenon the

matricesthemselves.

This ability to operateon sparseregions as thoughthey were booleanarraysseems

crucial in orderto supportcompletelygeneralsparseindex setspecifications.The imple-

mentationof theseoperationscomesvirtually for free,giventhattheoperatorsarealready

supportedfor sparsearrays—ingeneral,theonly changerequiredis to replacetheboolean

caseswhich choosebetweentheIRV andanactualvaluewith a booleanvalueto indicate

whetheror not theindex exists.
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Listing 6.16:A ProposedSparseSUMMA Implementation

region RA = [1.. m, 1.. n] where ô ô ô ;
RB = [1.. n, 1.. o] where ô ô ô ;
RC = [1.. m, 1.. o] where ?;

var A: [ RA] double ;
B: [ RB] double ;
C: [ RC] double ;

ô ô ô
for i := 1 to n do

RC |= ( >>[ , i ] RA) & ( >>[i, ] RB);
end ;

[ RC] for i := 1 to n do
C += ( >>[ , i] A) * ( >>[i , ] B);

end ;

6.9.4 WhyExplicit Sparsity?

Two fundamentalandrelatedquestionsemergefrom theseissuesof specifyingsparseindex

sets.Namely: “Shouldtheuserhave to specifya region’s sparsitypatternexplicitly?” and

“Shouldtheuserevenhave to specifywhethera region is sparseor dense?”

It is easiestto answerthe secondquestionfirst. The main problemwith having the

compileror runtimeautomaticallydeterminewhethera region or arrayshouldbesparseis

thecostof makingthewrongdecision.Representinga densearrayusinga sparseformat

or asparsearrayusingadenseformatwouldbeentirelydetrimentalto aprogram’sperfor-

mancein termsof bothmemoryandtime. Furthermore,automaticdetectionof a regionor

array’s sparsitywould requireruntimeoverheadsthat performance-mindedprogrammers

would preferto avoid. For mostapplications,it seemsreasonableto assumethat thepro-

grammerwill know whethertheir problemscontainsufficient sparsityto warrantspecial

treatment.For all of thesereasons,the approachof giving the programmera high-level

meansof specifyinga region’ssparsityseemsappropriate.
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Theotherquestionis motivatedsomewhatby thehassleof manipulatingsparsitypat-

ternsaswell astheexistenceof systemslike Matlab thatsupportautomaticsparsityman-

agement[GMS92]. Couldn’t theusersimply taganarrayasbeingsparseandthenlet the

compilermanageits sparsitypattern?Theprimaryreasonthatthismodelworksfor Matlab

andnot ZPL is dueto thedifferencebetweensparsematricesandarrays.As mathematical

objects,operationson sparsematriceshave a well-definedoutcomethat canbe managed

andimplementedby a runtimesystem.In contrast,arraysdo not have suchsemantics.If

two sparsearraysareaddedtogether, is theuser’s intentionto calculatesumsfor theunion

of thesparsitypatterns,or theintersection?Differentapplicationswill expectdifferentbe-

haviors from suchoperations,andsparseregionsprovidea succinctmethodfor describing

theintendedresult.

A secondreasonnotto supportautomaticsparsitypatternsin A-ZPL is motivatedby the

decouplingof arraysandregions.An implementationof automaticsparsitywouldprobean

array’svaluesfor thefrequency of theIRV—theregionitself wouldoffernoclues.But what

shouldbedoneif multiple arraysthataredeclaredover a genericsparseregion arefound

to have differentsparsitypatterns?Usea differentsparseformat for each?Usetheunion

of thepatterns?Again,A-ZPL’s guidingprincipleis thatuserswill know best,andthatby

providing themwith anappropriatesetof high-level operators,sparseregionscanremain

a cleanenoughabstractionthatspecifyingtheir indicesis not crippling to theprogrammer

(especiallywhencomparedto hand-codedsparseparallelprogramslikeNAS CG).

6.9.5 SpecifyingtheIRV

Oneof the minor conceptsmissingfrom the currentimplementationof sparseregionsis

a syntaxfor specifyinga sparsearray’s IRV. Thoughthe conceptof an arbitrary IRV is

completelysupportedin thecompiler-generatedcodeidiomsandruntimelibraries,A-ZPL

currentlyhasnosyntaxfor auser-specifiedIRV. Thecurrentimplementationzeroesout the

IRV’s memoryfor eachsparsearrayat initialization time.
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Listing 6.17:OneProposalfor SettingaSparseArray’s IRV

region RS = [1.. n, 1.. n] where õ õ õ ;
var A: [ RS] integer ;

[ RS] A := ( Index1 -1)* n + Index2 ; -- assign A’s elements
[! RS] A := -1; -- set A’s IRV to -1

Onesolutionwouldbeto havesomemeansof specifyingthecomplementof thesparse

region to refer to the IRV, asshown in Listing 6.17. Themaindrawbackto this approach

is that regions tend to signify the computationalcomplexity of a statement.Modifying

the IRV costsö�÷ ø�ù time ratherthan ö�÷ ú9û�üýú9ú9þ'ù , asimplied by this region. Thesecond

problemis that the assignmentseemsto write to indicesfor which A wasnot declared,

which is typically illegal.

Anotherapproachwould be to specify the IRV aspart of A’s declaration.The chief

drawbackwith this is thatsomeprogramsmayrequireanarray’s IRV to changeover time.

A third approachwould be to give theusera peekinto thearray’s implementationby

allowing referenceto a “virtual field” within thearraydescriptorA asfollows:

A. IRV := -1;

This would be somewhat strangegiven that no other qualitiesof an array can currently

be changedin this manner. However, this syntaxcould alsobe a usefulmechanismfor

changinga region’sbounds,stride,sparsitypattern,etc. It couldalsobeusedto specifyan

array’s I/O functions,whicharecurrentlydefinedusingfunctioncalls.

To summarize,thoughthis is aconceptuallysimpleoperationandtrivial to implement,

asatisfactorysyntaxhasnotyet beendeveloped.

6.9.6 Hierarchical SparseApplications

As alludedto in thepreviouschapter, onelogical extensionof this work would beto com-

bine sparseregionswith hierarchicalregions to supportmore interestinghierarchicalal-
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gorithmslike thefastmultipolemethodor adaptive meshrefinement[ED95, LM90]. The

conceptsof hierarchicalindex setsandsparseindex setsaresufficiently orthogonalthat

oncesomeof themissingfeaturesof eachconstructarefilled in, suchapplicationsshould

be fairly straightforward to write in A-ZPL. Extrapolatingfrom the contributionsof this

dissertation,this forms the mostobvious goal to work towardsin the immediatefuture.

Assumingthat thebenefitsof regionsdescribedsofar continueto hold, suchanapproach

shouldresultin anextremelyclean,efficient, performance-awareimplementationof some

fairly complex andimportantalgorithms.

6.10 Summary

Thischapterhasdescribedameansof providingsparsecomputationusingregions.Thefact

that regionsdecoupleindicesfrom arrayreferencesmakestheman ideal indexing mech-

anismfor sparsecomputations.In particular, region-basedarray computationslook the

samewhetherthey areimplementedusingsparsearraysor densearrays.Theresultis that

any densecodecanbeconvertedinto a sparseequivalentsimply by specifyingthedesired

sparsitypatterns.The fact that the implementationof sparseregionsis not exposedto the

userallows thecompilerto useuniquedatastructuressuchasthegeneralbut optimizable

formatdescribedin this chapter. Otherrepresentationscouldalsobeusedby thecompiler

givensufficient runtimesupport.

This chapterservesasa nicestoppingpoint dueto thefact that it takestheregion con-

cept,which alreadyhadnumerousbenefitsin thedensecontext, andfindsa few additional

andunexpectedbenefitsin it.
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Chapter7

CONCLUSIONS

As desribedin thefirst chapter, this dissertationis motivatedby thesoftwareproblem

of parallelcomputing.Thisproblemseeksto find ameansof expressingcomputationsuch

thatparallelcomputerscanbe usedeffectively. A goodsolutionto the softwareproblem

will expressthe computationin a clearmanner, result in goodparallelperformance,and

will beportableacrossthediverseparallelarchitecturesavailabletoday. ZPL is aprogram-

ming languagethatmeetsall of theserequirements.As demonstratedby theexperiments

of Chapters2, 5, and6, ZPL expressesparallelcomputationsmoreclearly andconcisely

thanotherparallelprogramminglanguages,typically matchingthesizeandcomplexity of

a sequentialC implementation.Theseexperimentsalsodemonstratedthat ZPL exhibits

excellentperformanceandportability whencomparedwith otherparallelandsequential

programminglangues.

The region is the primary reasonfor much of ZPL’s success.Regions serve to fac-

tor the size,shape,andbaseindicesof an arraycomputationinto a compact,nameable,

user-specifiedconcept,eliminatingmuchof theredundancy andtediumof traditionalarray

indexing andslicing. Regionspromotecodereuseandsupporta global view of parallel

programmingthatis crucialfor theclearexpressionof parallelalgorithms.Regionshavea

descriptor-basedruntimeimplementationthatsupportstheability to generateefficientpar-

allel loopsandarrayaccesses.Region descriptorsalsoaid in theeffort to designportable

runtimelibrarieslike theIronmaninterface,by providing acompactmeansof describinga

distributedindex setto a library routine.

A goodsolution to the parallel computingsoftwareproblemshouldalsosupportthe

ability to reasonaboutaprogram’sconcurrency, datadistribution,communicationrequire-
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ments,andloadbalance.ZPL supportsthesefeaturesdueto theparallelinterpretationof

regionsasadistributedindex set.Thedistributionof regionsacrossprocessorgridsdefines

thedistribution of arraydata,aswell asthe concurrency andloadbalanceof array-based

computation. Distributing interactingregions in a grid-alignedmannermakes commu-

nication requirementsandparadigmsapparentin ZPL programsdue to the useof array

operatorsto specifynontrivial arrayinteractions.Theseparallelattributesof regionsresult

in ZPL’s uniqueability to make paralleloverheadsapparentin a program’s syntaxwithout

sacrificingits globalview of thecomputation.

Finally, agoodsolutionto theparallelcomputingsoftwareproblemshouldsupportgen-

eralstylesof computation.Currently, ZPL falls shortin this regard.Thoughany computa-

tion canbeexpressedin ZPL, many parallelcomputationsareimpossibleto write without

sacrificingperformanceor clarity. Thesupportfor parameterizedregionsandsparseregions

describedin chapters5 and6 representsignificantimprovementsto thebasicregion’sgen-

erality. However, in spiteof the successof theseextensions,many computationsremain

out of ZPL’s reach.It is expectedthatA-ZPL’s supportfor taskparallelism,pipelinedpar-

allelism, abstractdatastructures,improved dataplacement,andload balancingwill help

addressmostof theselacks. It is alsoexpectedthatconceptssimilar in spirit to theregion

will allow suchcodesto be written in a clean,concisemannerthat continuesto perform

well. Thefollowing sectionpresentssomeideasfor theseimprovementsandalsosumma-

rizesotherregion-relatedwork thatshouldbedonein thefuture.

7.1 Future Work

7.1.1 Irregular DataStructures

For this discussion,assumethatan“irregulardatastructure”is a pointer-baseddatastruc-

ture suchas a linked list, binary tree, octree,or generalgraph. Thoughsomeof these

structureshavearray-basedimplementations,thinkingof themin theirgraph-basedform is

often moreintuitive. GivenZPL’s successwith array-basedstencilcomputationslike the
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JacobiiterationandMG, it is logical to extendthesevictoriesto thegraph-basedrealmto

supportsimilaralgorithmslikefinite differencing.

A key insight for supportinggraph-basedstructuresusinga high-level conceptlike the

region is to realizethattraditionalarraysalsohave a graph-basedinterpretation.In partic-

ular, any arraycanbethoughtof asa graphin which eachindex is representedby a node

linkedto its two nearestneighborsin eachdimension.Usingthis interpretation,ZPL’s op-

eratorscan be rephrasedin termsof the graph’s structure. For example,an expression

like A@[2,1] would refer to takingtwo stepsalong ÿ ’s southlink, followedby onestep

alongthe resultingnode’s eastlink. Similarly, a partial reductionof an arraydimension

might imply thatall valuesshouldbecombinedalongthe links in thatdimension,subject

to someboundingnodes.

Extendingthisanalogy, it is attractiveto considersupportfor graph-basedprogramming

usinga region-likeconceptto describesubsetsof nodesin moregeneralgraphs.Program-

merswould specifya nodestructurecontainingdatavaluesanda multidimensionalarray

of links. The languagewould supportvariationson ZPL’s region andarrayoperatorsto

specifycomputationson subsetsof thegraph’snodesandtraversetheir links.

Suchanapproachwould undoubtedlyraisemany challengesin definingits semantics.

For instance,thegraph-basedinterpretationof ZPL’s@ operatoris notsufficientsincelink

traversalsin graphsarerarelycommutative. For example,accessingthe left child of a bi-

nary treenode’s right child will resultin a differentnodethanaccessingtheright child of

its left child. Furthermore,theparallelimplementationof suchagraph-basedlanguagewill

containchallengessuchasdistributing graphnodesbetweenprocessorsusinggraphpar-

titioning algorithms[Cha98]andimplementingcommunicationefficiently to avoid using

all-to-all communicationsfor every remotelink traversal.

In spite of thesechallenges,the useof a region-like conceptto representa graph’s

verticesseemslike anattractiveonefor parallelcomputing,giventhesizeandcomplexity

of theseproblems.
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Listing 7.1: ProposedTask-ParallelImplementationof Quicksort

procedure Quicksort (tlo , thi : integer ; /* task bounds */
lo , hi : integer ; /* array bounds */
var X: [] double ); /* the array */

var pvtloc : integer ; /* the location of the pivot */
tsplit : integer ; /* where to split the tasks */

begin
/* don’t sort if there’s only one element */
if (lo != hi ) then

if (tlo = thi ) then
/* use a local sort if there’s only one task */
Localsort ( lo , hi , X);

else

/* otherwise, use all the tasks to partition the array */
{ tlo .. thi } [ lo.. hi ] pvtloc := Partition (lo , hi , X);

/* compute the location of the pivot in task space */
tsplit := p*( pvtloc -lo )/( hi - lo )

/* make the recursive calls using a subset of the tasks */
{ tlo .. tsplit } Quicksort ( tlo , tsplit , lo , pvtloc , X);
{ tsplit+1 .. thi } Quicksort ( tsplit+1 , thi , pvtloc+1 , hi , X);

end ;
end ;

7.1.2 TaskParallelism

Oneideafor supportingtaskparallelismin A-ZPL is to provide theuserwith a region-like

conceptfor describingprocessorgrid spaceratherthanindex space.In suchanapproach,

the usercould specify that a subsetof processorsshouldwork on one task while other

processorgroupswork on othertasks.

As a simpleexample,considera divide-and-conqueralgorithmlike Quicksortrunning

on a 1-dimensionalprocessorgrid. Listing 7.1 givesan extremely rough expressionof

suchanalgorithmusinga region-likeexpressionin curly bracesto referto taskspace.The
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routine takes the boundsof both the task spaceand array spaceinvolved in the sorting

asparameters.It usesall tasksto partition the arrayandthencomputesthe approximate

placementof thepivot in taskspace,tsplit . Next, it specifiesthattaskstlo � � � tsplit

shouldimplementthefirst recursivecall while processors(tsplit +1)� � � thi implement

thesecondrecursivecall. Thoughthis exampleis crude,it illustrateshow taskspacemight

bedescribedusinga region-likestructure.

Ideally, programmersshouldbe able to map task spacesto the processorgrid either

directly, assigninga taskper processor, or conceptually, allowing eachprocessorto im-

plementmultiple tasks.Furthermore,high-level conceptsequivalentto theIndex i arrays

shouldbesupportedto allow tasksto takeactionsbasedontheirgloballocation,or to query

thesizeof thetaskspacewithout explicitly usingvariablesasin this example.

This is just a germof anidea.Many otherchallengesexist, includingspecifyingcom-

municationchannelsbetweentasks,or organizingtasksusingamoregraph-basedstructure.

However, it seemsthatsomeof thebenefitsgainedby usingregionsto specifyarraycom-

putationsmightbeappliedto taskspaceto implementtask-basedparallelism.

7.1.3 Grid Dimensions

Grid dimensionsarea relatively new conceptin A-ZPL, andthey arerelatively unexplored

asa result.Their ability to exposea program’s local view without completelyabandoning

theglobal-view framework makesthemapowerful featurefor advancedprogrammers.

As oneexample,the dynamicinitialization of the CG benchmarkin Chapter6 uses

grid dimensionsto storeeachprocessor’s local sparsearrayvalueswhile thesparsearray’s

indiceswerebeinggenerated.This requireda bucketing algorithmmuchlike the onein

Section3.10.5. Without grid dimensions,theprogramwould eitherhave hadto storethe

entiresparsearrayexplicitly on eachprocessor, or to recomputeit from scratchafter the

regionhadbeenspecified.Althoughthis initializationstepis a fairly artificial computation

thatNAS CG usesto generatea randomdataset,it representsanalgorithmthatis difficult

to write withoutgrid dimensionsin ZPL withoutsacrificingefficiency or scalability.
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Futurework shouldcontinueto explore the applicationsof grid dimensionsandtheir

usein exposingaspectsof theZPL runtimeto theuserin acontrolledfashion.For example,

theirusemight form ameansof providing theuserwith abackdoorfor hand-implementing

optimizationslikearraycontractionasdesiredin Section3.12.4.

7.1.4 RegionsasValues

As indicatedin thediscussionsectionsof Chapters2, 5, and6, it is high time for regions

anddirectionsto bemadetruevaluesin ZPL. Without doingso, it becomesvery difficult

to createregionswhosepropertiesmight changeover time. Furthermore,it makesparam-

eterizationof regionsanembarrassingwart in thelanguageratherthana naturalsynthesis

of pre-existingZPL concepts.

Therewill be two educationalchallengesto supportingregions as values. The first

is convincing usersto declareregionsasconstantsor configurationvariablesratherthan

normalvariableswhenever possibleto continueto supportthe optimizationof compiler-

generatedloopsandarrayaccesses.Thesecondwill beto makesurethatusersunderstand

theoverheadsinvolvedin changingaregion’sboundsor sparsitypattern,andto makethese

overheadsclearin thecode.

In termsof theimplementation,makingregionsinto mutableconceptswill potentially

introducemoreuncertaintyinto the compilerwhich will have to be combattedusingse-

manticrestrictionsandcompile-timeanalysis.For example,will usersbe ableto change

normal dimensionsinto singletondimensions?Singletondimensionsinto flood dimen-

sions?Sparseregionsinto denseregions?Themoreflexibility theuseris given,theharder

it will be to generateoptimalcode. It seemslikely thata goodbalancecanbereachedto

give usersthepower they needwithout makingthecompiler’s analysistasksprohibitively

challenging.
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7.1.5 AlternativeDataDistributions

While simpleblockeddistributionshaveservedZPL well, supportfor moreinterestingdata

distributionswill becomeincreasinglycrucialasmoreadvancedapplicationsandsparseap-

plicationsarewrittenin thelanguage.ZPL’sglobalview doesanexcellentjob of insulating

usercodefrom suchfeatures,andthelanguageoughtto supportahigh-levelmeansof spec-

ifying datadistributionsasproposedin Section3.12.2.Theprimarychallengeswill come

in implementingotherdistributions,thoughSection4.7 indicatesthat they canfit into the

currentimplementationwithout any vastchanges.

7.1.6 AdvancedSparseComputation

Chapter6 showedthatsparseregionsareanextremelypowerful andcleanmeansof speci-

fying sparsecomputation.Continuedevolutionof A-ZPL’ssparseregionswill benecessary

to supportapplicationswith dynamicor hierarchicalsparsityasdiscussedin Section6.9.

7.1.7 TheRemapOperator

As demonstratedby this dissertation’s benchmarksthatusetheremapoperator, its current

implementationleavesmuch to be desired. The first improvementshouldbe to pull its

implementingm-loopsout of the runtime librariesand into the compiler-generatedcode

to ensurethat efficient m-loopsandarrayaccessesaregeneratedwhenaccessingits map

and sourcearrays. In addition, the commoncaseof using Index i expressionsas the

maparraysshouldbe optimizedto avoid any unnecessarycommunicationof the mapar-

ray values. In suchcases,eachprocessorshouldbe ableto computeboth its sourceand

destinationvalues,eliminatinganall-to-all communicationandpotentiallyoptimizing the

actualtransferof datavalues.Moreover, communicationoptimizationssuchasthoseused

for the @ operatorshouldbe implementedto reusemaparraycommunicationschedules

whenever possible,and to hide the latency of the all-to-all communications.While it is

unlikely thattheremapoperatorwill everbeascheapasZPL’sotherarrayoperators,all of
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theseoptimizationswill help it ceaseto be the bottleneckfor larger processorsetsthat it

currentlyis.

7.1.8 SharedMemoryIronmanImplementations

A sharedmemoryimplementationof theIronmaninterfaceis longoverdue.TheZPL com-

piler generatescodethathastheability to run very well on sharedmemorymachines,but

thenusesMPI to transferdatabetweentheirprocessors,resultingin unnecessaryoverheads.

A direct sharedmemoryimplementationshouldbe written to maximizeperformanceon

theseplatforms,usingtheSHMEM implementationasa template.Furthermore,a hybrid

versionof Ironmanshouldbe written for clustersof SMPssuchthat eachprocessoruses

sharedmemoryto communicatewith otherprocessorsonits nodeandMPI to communicate

with remoteprocessors.TheIronmanlibrariesprovideaperfectinterfacefor implementing

suchhybridcommunicationmechanismswith low overhead,but withoutasharedmemory

implementation,they cannotberealized.

7.2 Summary

As in any projectthatis largeandworthwhile,it is inevitablethatthisdiscussionof regions

leavesmany possibilepathsunexplored. In spiteof theseunknown possibilities,it is clear

that regionsrepresenta fundamentalstrengthto parallelarray-basedlanguageslike ZPL.

Regionsimpactevery aspectof the languagefrom its syntaxto its semanticsto its paral-

lelismto its implementation.And all of thesefacetshavemaderegionsenjoyablefor meto

work with throughoutmy yearsasa graduatestudent.However, themostimportantprop-

ertyof regionsfor meis theirelegance.In mostinstancesthatinelegancehascreptinto the

designandimplementationof regions,time hasproventhat choiceto be wrong. It is the

factthatthecleanchoicetypically provesto betheright choicefor regions—thebeautyof

theirelegance—thathasmadethemcontinuallyrewardingfor me.
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AppendixA

C VERSIONS OF BENCHMARKS

ThisappendixcontainstheC implementationsof thesimplebenchmarksintroducedin

Chapters2 and6. Eachprogramusespreprocessormacrosto implementtheconfiguration

variablesfrom the ZPL versions. Arrays are implementedusingstaticmultidimensional

arrayswheneverpossible.
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Listing A.1: TheJacobiIterationin C
#include <stdio .h>
#include <values .h>
#include "timer .h"

static double A[n+2][n+2 ];
static double B[n+2][n+2 ];

int main () {
double delta;
int iterations ;
int i;
int j;
double diff;
double runtime ;

ResetTimer ();

iterations = 0;

for (i =1; i<= n; i++) {
A[i][ n+1] = 0.5;

}
for (i =1; i<= n; i++) {

A[i][0] = 0.75;
}
for (i =1; i<= n; i++) {

A[0][ i] = 0.0;
}
for (i =1; i<= n; i++) {

A[n+1 ][i] = 0.5;
}
for (i =1; i<= n; i++) {

for (j=1; j< =n; j++ ) {
A[ i][j] = 1.0;

}
}

do {
iterations++ ;
for (i=1; i< =n; i++ ) {

for (j=1; j<=n; j++) {
B[i][j] = (A[i ][j+1] + A[i][ j-1] + A[i-1][ j] + A[i+1][ j])/4;

}
}
delta = -DBL_MAX;
for (i=1; i< =n; i++ ) {

for (j=1; j<=n; j++) {
diff = A[i][j] - B[i ][j];
diff = (diff >= 0) ? diff : -diff;
delta = (diff > delta ) ? diff : delta ;
A[i][j] = B[i][ j];

}
}

} while (delta >= epsilon );
runtime = CheckTimer ();

}
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Listing A.2: Matrix-VectorMultiplication in C
#include <stdio. h>
#include <values .h>
#include "timer. h"

static double M[m][n];
static double V[ n];
static double S[ m];

void setM ( double M[m][ n]) {
double step;
int i;
int j;

step = 1.0/(m* n);
for (i=0; i<m; i++) {

for ( j=0; j<n ; j++ ) {
M[i ][j] = (i*n + (j+1))* step + 1.0;

}
}

}

void setV ( double V[n]) {
double step;
int i;

step = 1.0/n;
for (i=0; i<n; i++) {

V[i] = (i+1)* step + 1.0;
}

}

int main() {
int i;
int j;
int k;
double runtime ;

setM(M);
setV(V);

ResetTimer ();

for (i=0; i<m; i++) {
S[i] = 0;
for ( j=0; j<n ; j++ ) {

S[i ] += M[i][j] * V[j];
}

}
runtime = CheckTimer ();

}
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Listing A.3: Matrix Multiplication in C
#include <stdio .h>
#include "timer .h"

static double A[m][n];
static double B[n][p];
static double C[m][p];

void setA ( double A[m][ n]) {
double step;
int i;
int j;

step = 1.0/(m *n);
for (i =0; i<m ; i++) {

for (j=0; j<n ; j++ ) {
A[ i][j] = (i*n + (j+1))* step + 1.0;

}
}

}

void setB ( double B[n][ p]) {
double step;
int i;
int j;

step = 1.0/(n *p);
for (i =0; i<n ; i++) {

for (j=0; j<p ; j++ ) {
B[ i][j] = (i*p + (j+1))* step + 1.0;

}
}

}

int main () {
int i;
int j;
int k;
double runtime ;

setA(A );
setB(B );

ResetTimer ();
for (i =0; i<m ; i++) {

for (j=0; j<p ; j++ ) {
C[ i][j] = 0;

}
}
for (i =0; i<m ; i++) {

for (j=0; j<n ; j++ ) {
for (k=0; k<p; k++) {

C[i][k] += A[i ][j] * B[j][k ];
}

}
}
runtime = CheckTimer ();

}
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Listing A.4: TridiagonalMatrix Multiplication in C UsingaCompactRepresentation
#include <stdio. h>
#include "timer. h"

static double A[ n+2][3];
static double B[ n+2][3];
static double C[ n+2][5];

void setMat ( double X[n+2 ][3]) {
double step;
int i, j;

step = 1.0/(( double ) n*n);
for (i=0; i<n+2 ; i++ ) {

for ( j=0; j<3 ; j++ ) {
if (i >= 1 && (j+2 ) <= n) {

if ((i + (j+2) - 3) >= 1 && (i + ( j+2) - 3) <= n) {
X[i][j ] = (( i-1)*n + (i + (j+2) - 3))*step + 1.0;

} else {
X[i][j ] = 0.0;

}
} else {

X[i][j] = 0.0;
}

}
}

}

int main() {
int i, j;
double runtime ;

setMat( A);
setMat( B);

ResetTimer ();
for (i=1; i<=n ; i++) {

for ( j=0; j<5 ; j++ ) {
switch (j) {
case 0:

C[i][j] = A[i][ j] * B[i-1][j ];
break ;

case 1:
C[i][j] = (A[i ][j-1] * B[i-1][ j]) + (A[i][ j] * B[i][j-1]);
break ;

case 2:
C[i][j] = (A[i ][j-2] * B[i-1][ j]) + (A[i][ j-1] * B[i][j -1]) +

(A[i ][j] * B[i+1][ j-2]);
break ;

case 3:
C[i][j] = (A[i ][j-2] * B[i][ j-1]) + (A[i][ j-1] * B[i+1][ j-2]);
break ;

case 4:
C[i][j] = (A[i ][j-2] * B[i+1 ][j-2]);
break ;

}
}

}
runtime = CheckTimer ();

}
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Listing A.5: SparseMatrix-VectorMultiplication in C UsingaCSRFormat
#include <stdio .h>
#include "timer .h"

static double * M = NULL;
static int * col = NULL;
static int row[ m+1];
static double V[n], S[ m];

/* routines for array allocation omitted for brevity */

void setM ( void ) {
double step;
int i, j, firstinrow , arrcap =0, nnz =0, lgn = lg (n);

step = 1.0/(m *n);
for (i =0; i<m ; i++) {

firstinrow = 1;
for (j=0; j<n ; j++ ) {

if (((i+1 ) + (j+1 ))%lgn == 0) {
if (nnz+1 > arrcap ) {

growarrays ();
}
M[nnz] = (i*n + (j+1 ))*step + 1.0;
col[nnz ] = j;
if (firstinrow ) {

row[i ] = nnz ;
firstinrow = 0;

}
nnz++;

}
}

}
row[m] = nnz;

}

void setV ( double V[n]) {
double step;
int i;

step = 1.0/n;
for (i =0; i<n ; i++)

V[i] = (i+1 )*step + 1.0;
}

int main () {
int i, j;
double runtime ;

setM(); setV (V);

ResetTimer ();
for (i =0; i<m ; i++) {

S[i] = 0;
for (j=row[ i]; j<row [i+1 ]; j++) {

S[ i] += M[j]*V[col [j]];
}

}
runtime = CheckTimer ();

}
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AppendixB

EXPERIMENT AL PLATFORMS

TableB.1 summarizesthe experimentalplatformsusedin this dissertation.For each

machinetype,thelocationof themachine,numberof processors,speedof theprocessors,

andmemoryperprocessoraregiven. In addition,thememorymodelusedby themachine

is indicatedfor reference.

TableB.1: ExperimentalPlatforms

Machine Location Processors Speed Memory MemoryModel

Linux cluster1 LANL 128dualP-IIIs 500MHz 0.938GB DistributedMemory

IBM SP MHPCC 96(6 � 16) 222MHz 0.5GB Clusterof SharedMemoryMPs

CrayT3E ARSC 256 450MHz 0.256GB SharedAddressSpace

SunEnterprise5500 UT Austin 14 400MHz 0.143GB SharedMemoryMultiprocessor

SGI Origin LANL 2048(16 � 128) 250MHz 0.25GB Clusterof SharedMemoryMPs

1TheLinux clusteris linkedby Myrinet aswell as100Mbethernet.Both networksarerepresentedin the
experimentsof Chapter5.
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AppendixC

COMPILER SPECIFICATIONS

TableC.1 summarizesthecompilationprocessusedin this dissertation’s experiments.

Thecompiler, versionnumber, andcommand-lineargumentsusedaregivenfor eachlan-

guageandplatform. In addition,thecommunicationmechanismusedat runtimeis noted.
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TableC.1: CompilersUsedin Experiments

Language Compiler Version Command-linearguments Comm.Mechanism

Linux clustercompilers

F77+MPI GNU g77 0.5.25 –O3 MPI (MPICH 1.2)

HPF PGI pghpf 3.1-2 –O3–Mautopar–Moverlap=size:1–Mmpi MPI (MPICH 1.2)

ZPL U. Wash.zc 1.16a MPI (MPICH 1.2)

GNU gcc 2.95.2 –O3

IBM SPcompilers

F77+MPI IBM mpxlf 2.4 –O3 MPI (IBM)

HPF PGI pghpf 2.4-4 –O3–Mautopar–Moverlap=size:1–Mmpi MPI (IBM)

ZPL U. Wash.zc 1.16a MPI (IBM)

IBM mpcc 2.4 –O3

CrayT3Ecompilers

F77+MPI Crayf90 3.3.0.0 –O3 MPI (Cray)

C Craycc 6.4.0.0 –O3 N/A

CAF Crayf90 3.3.0.0 –O3–X 1 –Z nprocs E-registers

HPF PGI pghpf 3.0-1 –O3–Mautopar–Moverlap=size:1–Msmp SHMEM

ZPL U. Wash.zc 1.17a SHMEM, MPI (Cray)

(Ch. 3, 6) Craycc 6.4.0.0 –O3

ZPL U. Wash.zc 1.16a SHMEM

(Ch. 5) Craycc 6.3.0.0 –O3

SunEnterprise5500compilers

F77+MPI WorkShopf90 5.0 –fast MPI (Sun)

SAC U. Kiel sac2c 0.90alpha –O3–v1 –noLIR–noTSI–maxlur3 –mt sharedmemory

SUNW cc 5.0 –fast

ZPL U. Wash.zc 1.16a MPI (Sun)

SUNW cc 5.0 –fast

SGIOrigin compilers

F77+MPI MIPSpro7 f90 7.3.1.1m –O3 MPI (SGI)

HPF PGI pghpf 2.4-4 –O3–Mautopar–Moverlap=size:1–Mmpi MPI (SGI)

ZPL U. Wash.zc 1.16a MPI (SGI)

MIPSprocc 7.3.1.1m –O3
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AppendixD

EXPERIMENT AL TIMINGS

This appendixcontainsthetimingsusedto constructthespeedupgraphsin this disser-

tation’sexperiments.Eachtimerepresentsthebestobservedtimeacrossanumberof trials.

All timingsaregivenin secondsunlessnotedotherwisein thetable’sheading.

TableD.1 containstimings for the performancemodelexperimentsreportedin Chap-

ter3. TablesD.2 andD.3 containthebestobservedtimesfor eachconfigurationof theMG

experimentsof Chapter5. TableD.4 indicatesthebestobservedtimesfor eachconfigura-

tion of thesparseexperimentsin Chapter6.
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TableD.1: Raw Timingsfor PerformanceModelExperiments

CrayT3E—Jacobi(n = 2560)

processors 1 2 4 8 16 32 64 128 256

C 34.16 —.— —.— —.— —.— —.— —.— —.— —.—

ZPL 36.57 18.24 8.22 3.100 2.03 1.03 0.52 0.27 0.14

Cray T3E— Matrix-VectorMultiplication (� = � = 2560)—in milliseconds

processors 1 2 4 8 16 32 64 128 256

C 131.00 —.— —.— —.— —.— —.— —.— —.— —.—

ZPL (1D) —.— 4736.00 3346.00 1714.00 1328.00 691.00 585.00 335.00 389.00

ZPL (2D) 408.00 205.00 98.10 51.10 27.50 15.30 8.30 3.46 2.02

CrayT3E— Matrix Multiplication (� = � = � = 1280)

processors 1 2 4 8 16 32 64 128 256

C 7.18 —.— —.— —.— —.— —.— —.— —.— —.—

ZPL (Cannon) —.— 162.19 82.29 41.46 21.29 11.03 5.95 3.36 2.14

ZPL (SUMMA) 126.86 63.66 31.65 16.03 8.21 4.28 2.37 1.32 0.69

ZPL (PSP) —.— 76.93 38.97 20.36 10.80 5.55 3.28 1.94 1.16

Cray T3E— TridiagonalMatrix Multiplication (� = 1,310,720)—in milliseconds

processors 1 2 4 8 16 32 64 128 256

C 355.00 —.— —.— —.— —.— —.— —.— —.— —.—

ZPL (Mask) —.— —.— —.— —.— —.— —.— —.— —.— —.—

ZPL (Shard) —.— —.— —.— —.— —.— —.— —.— —.— —.—

ZPL (Compact) 1255.00 771.00 386.00 196.00 98.60 50.10 25.80 11.20 6.06

CrayT3E—TridiagonalMatrix Multiplication (� = 20,480)— in milliseconds

processors 1 2 4 8 16 32 64 128 256

C 5.26 —.— —.— —.— —.— —.— —.— —.— —.—

ZPL (Mask) —.— —.— —.— —.— —.— —.— 3993.00 2017.00 1049.00

ZPL (Shard) —.— —.— —.— —.— —.— —.— 406.00 228.00 160.00

ZPL (Compact) 19.40 10.40 5.66 3.22 1.91 1.08 0.73 0.62 0.58



385

TableD.2: Raw Timingsfor MG Experiments

Linuxcluster(ethernet)— MG (ClassB)

processors 1 2 4 8 16 32 64 128

F77+MPI 362.60 194.51 110.41 52.51 30.39 17.55 8.29 6.21

ZPL 309.43 175.12 97.83 55.14 35.24 21.30 11.73 11.88

HPF —.— 896.02 964.65 618.68 362.18 223.62 146.13 115.47

Linuxcluster(ethernet)— MG (ClassC)

processors 1 2 4 8 16 32 64 128

F77+MPI —.— —.— 828.18 390.26 215.02 121.04 56.51 34.66

ZPL —.— —.— 725.29 384.99 214.52 117.45 62.82 44.49

HPF —.— —.— —.— —.— —.— —.— —.— —.—

Linuxcluster(myrinet)—MG (ClassB)

processors 1 2 4 8 16 32 64 128

F77+MPI 359.33 181.84 99.13 44.02 23.59 13.21 5.82 3.34

ZPL 308.51 176.92 108.82 42.57 21.96 11.05 6.10 3.35

HPF —.— 616.38 516.15 314.54 177.57 104.10 62.95 47.15

Linuxcluster(myrinet)—MG (ClassC)

processors 1 2 4 8 16 32 64 128

F77+MPI —.— —.— 775.83 356.45 189.27 104.95 45.93 24.99

ZPL —.— —.— 827.56 338.99 172.15 86.87 44.53 23.27

HPF —.— —.— —.— —.— —.— —.— —.— —.—

IBM SP—MG (ClassB)

processors 1 2 4 8 16 32 64 96

F77+MPI —.— 83.48 48.86 23.19 12.55 7.83 3.80 —.—

ZPL —.— 82.27 45.12 28.75 14.41 7.71 4.94 3.98

HPF —.— —.— —.— —.— —.— —.— 42.17 31.10

IBM SP—MG (ClassC)

processors 1 2 4 8 16 32 64 96

F77+MPI —.— —.— —.— —.— 96.35 54.65 25.40 —.—

ZPL —.— —.— —.— —.— 104.01 52.08 29.96 21.95

HPF —.— —.— —.— —.— —.— —.— —.— —.—
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TableD.3: Raw Timingsfor MG Experiments(continued)

Cray T3E— MG (ClassB)

processors 1 2 4 8 16 32 64 128 256

CAF —.— 117.38 58.86 28.98 14.98 7.87 4.22 2.31 1.15

F77+MPI —.— 127.22 68.94 31.47 17.52 10.49 4.77 2.92 1.96

ZPL —.— 127.79 59.08 30.39 15.55 7.88 4.51 2.63 1.63

HPF —.— —.— —.— —.— —.— —.— 80.16 —.— 56.35

CrayT3E— MG (ClassC)

processors 1 2 4 8 16 32 64 128 256

CAF —.— —.— —.— —.— 118.42 59.89 30.23 15.91 7.91

F77+MPI —.— —.— —.— —.— 128.59 70.89 32.14 18.12 10.92

ZPL —.— —.— —.— —.— 112.63 57.85 31.24 15.30 8.24

HPF —.— —.— —.— —.— —.— —.— —.— —.— —.—

SGIOrigin — MG (ClassB)

processors 1 2 4 8 16 32 64 128 256

F77+MPI 202.13 130.04 61.88 32.84 16.93 8.46 3.98 2.65 264.17

ZPL 244.88 147.27 72.37 39.06 19.37 9.66 5.46 3.10 310.15

HPF 556.13 488.93 341.50 183.94 94.67 52.80 29.33 24.96 —.—

SGIOrigin — MG (ClassC)

processors 1 2 4 8 16 32 64 128 256

F77+MPI —.— 1534.95 853.55 380.58 135.18 64.36 33.62 22.51 340.35

ZPL —.— 2004.99 1026.91 441.74 160.35 75.09 41.31 26.47 445.16

HPF —.— —.— —.— 1949.62 1006.18 —.— —.— —.— —.—

SunEnterprise— MG (ClassA)

processors 1 2 4 8 14

F77+MPI 73.49 39.36 19.87 11.34 —.—

ZPL 61.29 35.37 17.59 12.60 12.15

SAC 92.56 49.27 27.07 17.27 15.18

SunEnterprise— MG (ClassB)

processors 1 2 4 8 14

F77+MPI 341.77 172.33 103.78 59.13 —.—

ZPL 277.53 162.00 80.02 57.87 55.83

SAC 434.02 230.80 126.08 79.49 68.76
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TableD.4: Raw Timingsfor SparseExperiments

CrayT3E—SparseMatrix-VectorMultiplication (� =  = 5120)— in milliseconds

processors 1 2 4 8 16 32 64 128 256

C —.— —.— —.— —.— —.— —.— —.— —.— —.—

C (CSR) 213.00 —.— —.— —.— —.— —.— —.— —.— —.—

ZPL (2D) —.— 658.00 304.00 153.00 73.60 36.30 17.90 9.24 4.86

A-ZPL 357.00 179.00 80.00 40.00 19.80 10.20 5.31 2.92 1.82

CrayT3E—SparseTridiagonalMatrix Multiplication ( = 1,310,720)— in milliseconds

processors 1 2 4 8 16 32 64 128 256

C 355.00 —.— —.— —.— —.— —.— —.— —.— —.—

ZPL (Shard) —.— —.— —.— —.— —.— —.— —.— —.— —.—

ZPL (Compact) —.— 585.00 292.00 147.00 72.80 36.70 18.50 8.24 4.28

A-ZPL —.— —.— —.— 604.00 303.00 151.00 75.80 38.20 19.50

A-ZPL (All Pent) —.— —.— 1017.60 525.00 263.00 131.00 65.90 31.50 16.80

Cray T3E— SparseTridiagonalMatrix Multiplication ( = 20,480)—in milliseconds

processors 1 2 4 8 16 32 64 128 256

C 5.26 —.— —.— —.— —.— —.— —.— —.— —.—

ZPL (Shard) —.— —.— —.— —.— —.— —.— 406.00 228.00 160.00

ZPL (Compact) 14.90 8.14 4.30 2.17 1.27 0.80 0.53 0.42 0.35

A-ZPL 70.40 37.70 19.20 9.66 4.87 2.44 1.30 0.79 0.54

A-ZPL (All Pent) 66.50 30.30 16.90 7.71 3.95 2.25 1.24 0.77 0.55

CrayT3E—CG (ClassC)

processors 1 2 4 8 16 32 64 128 256

F77+MPI —.— —.— —.— 2922.03 1489.15 590.65 307.45 109.53 65.14

A-ZPL —.— —.— —.— 2620.58 1314.66 553.95 285.05 144.40 84.01

Cray T3E— MG (ClassC)

processors 1 2 4 8 16 32 64 128 256

F77+MPI —.— —.— —.— —.— 129.08 70.95 32.12 18.11 10.93

ZPL —.— —.— —.— —.— 120.09 57.46 31.80 15.19 8.20

A-ZPL —.— —.— —.— —.— 114.61 58.99 29.81 14.85 7.83
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AppendixE

FORMAL PARALLEL ZPL DEFINITIONS

Thecontentsof this appendixmirror the formal definitionsof Chapter3, but consider

eacharrayoperatorin aparallelcontext. Eachdefinitionis givenin its 1-dimensionalform

for a processor! . Function "$# % refersto the distribution function usedto distribute the

dimension.

Thesetablesalso include the definitionsfor grid dimensions. Index & & refersto the

grid dimensionindex that conformsto all of a processor’s indicesjust as ' refersto all

indicesfor a flood dimension.Thenotations(�) ) * and +-, * areusedto refer to processor. ’s
implementingvaluesof grid array ( or floodarray + , respectively.
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TableE.1: ParallelDefinitionof Array Writing

[ / ] 0 := 1 1 1 (where0 is definedover 2 )
2 is normal 2 is singleton 2 is flooded 2 is grid

/ is normal

Legal if 3 4 / 5�673 4 2 5 .
Writes 098 : ; < =$3 4 / 5
s.t. > 4 < 5 ?A@ .

Illegal, since/ describes

multiple indicesbut 2
only describesone.

Illegal, to ensurethatall

implementingcopiesof

0 remainconsistent.

Legal.

Writes 09B B C : ; < =D3 4 / 5
s.t. > 4 < 5�?E@ .

/ is singleton

Legal if <�=$3 4 2 5 , where

3 4 / 5 ?GF < H . Writes 098 ,
if > 4 < 5�?E@ .

Legal if

3 4 / 5 ?73 4 2 5 ?GF < H .
Writes 098 , if > 4 < 5�?E@ .

Illegal,sinceit would

requirea broadcastof

thesingletonvalue.

Legal.

Writes 09B B C if > 4 < 5�?E@ ,
where3 4 / 5 ?GF < H .

/ is flooded

Illegal, since/ hasonly

a singleimplementing

index perprocessor.

Illegal, since/ resides

onmultipleprocessors

and 2 doesnot.

Legal. Writes 09I C 1 Legal. Writes 0JB B C 1

/ is grid

Illegal, since/ hasonly

a singleimplementing

index perprocessor.

Illegal, since/ resides

onmultipleprocessors

and 2 doesnot.

Illegal, to ensure

09I K�?A0LI M ,
; < : N-=�O�1 1 1 4 P-QSR 5 .

Legal. Writes 0JB B C 1

TableE.2: ParallelDefinitionof Array Reading

[ / ] 1 1 1 := 1 1 1 0T1 1 1 (where 0 is definedover 2 )
2 is normal 2 is singleton 2 is flooded 2 is grid

/ is normal

Legal if 3 4 / 5�673 4 2 5 .
Reads0L8 : ; <�=$3 4 / 5 s.t.

> 4 < 5�?A@ .
Illegal, since/ describes

multiple indicesbut 2
only describesone.

Legal.

Reads0LI C : ; <�=$3 4 / 5
s.t. > 4 < 5�?E@ .

Legal.

Reads0JB B C : ; < =$3 4 / 5
s.t. > 4 < 5�?E@ .

/ is singleton

Legal if <�=$3 4 2 5 , where

3 4 / 5 ?GF < H . Reads098 ,
if > 4 < 5�?E@ .

Legal if

3 4 / 5 ?73 4 2 5 ?GF < H .
Reads0L8 , if > 4 < 5 ?A@ .

Legal.

Reads0LI C if > 4 < 5�?E@ ,
where3 4 / 5 ?GF < H .

Legal.

Reads0JB B C if > 4 < 5�?E@ ,
where3 4 / 5 ?GF < H .

/ is flooded

Illegal, since/ hasonly

a singleimplementing

index perprocessor.

Illegal, sinceit would

requireabroadcastof

thesingletonvalue.

Legal. Reads09I C .
Illegal sinceit could

readdifferentvalueson

differentprocessors.

/ is grid

Illegal, since/ hasonly

a singleimplementing

index perprocessor.

Illegal, since/ resides

onmultipleprocessors

and U doesnot.

Legal. Reads09I C . Legal. Reads09B B C .
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TableE.6: ParallelDefinitionof theRemapOperator

[   ] ¡ ¡ ¡ ¢ #[ £ ] ¡ ¡ ¡ (where¢ is definedover ¤ )

¤ is normalor singleton ¤ is flooded ¤ is grid

  is normalor

singleton

Legal if £T¥�¦$§ ¨ ¤ © , ª « ¦$§ ¨   © .
Usesall-to-all comm.to get

¢9¬J , ª « ¦D§ ¨   © s.t. ® ¨ « ©�¯E° ,
® ¨ £T¥ ©9±¯E° .
Returns¢ ¬  at « .

Legal.

Returns¢L² ³ at « , ª « ¦$§ ¨   © .

Legal.

Usesall-to-all comm.to get

¢9´ ´ µ  , ª « ¦D§ ¨   © s.t. ® ¨ « ©�¯E° ,
® ¨ £T¥ ©�¯7¶ ¥L±¯E° ¡
Returns¢9´ ´ µ  at « .

  is flooded

Legal if £T² ³-¦$§ ¨ ¤ © .
Broadcasts¢ ¬-· ³ to all

processorsif ® ¨ £T² ³ © ¯E° .
Returns¢J¬-· ³ at ¸ .

Legal.

Returns¢L² ³ at ¸ .
Legal.

Broadcasts¢9´ ´ ¹ · ³ to all

processorsif ® ¨ £T² ³ © ¯A° .
Returns¢9´ ´ ¹ · ³ at ¸ .

  is grid

Legal if £S´ ´  ¦$§ ¨ ¤ © ,
ª « ¦�º�¡ ¡ ¡ ¨ »J¼7½ © .
Usesall-to-all comm.to get

¢ ¬-¾ ¾ ³ .
Returns¢J¬-¾ ¾ ³ at ¿ ¿ .

Legal. Returns¢9² ³ at ¿ ¿ .
Legal if £S´ ´ ³-¦$§ ¨ ¤ © .
Usesall-to-all comm.to get

¢9¬-¾ ¾ ³ .
Returns¢ ¬-¾ ¾ ³ at ¿ ¿ .
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