
Implementationof a Portable
NestedData-ParallelLanguage

GuyE. Blelloch SiddharthaChatterjee1

JonathanC. Hardwick JaySipelstein MarcoZagha
February1993

CMU-CS-93-112

Schoolof ComputerScience
CarnegieMellon University

Pittsburgh,PA 15213

An earlierversionof this paperappearedin ªProceedingsof the 4th ACM SIGPLAN Symposiumon
PrinciplesandPracticeof ParallelProgrammingº,SanDiego,May 1993.

1RIACS,Mail StopT045-1,NASA AmesResearchCenter, Moffett Field,CA 94035.

This researchwas sponsoredin part by the Avionics Laboratory, Wright Researchand DevelopmentCenter, Aeronautical
SystemsDivision (AFSC),U.S. Air Force,Wright-PattersonAFB, Ohio 45433-6543underContractF33615-90-C-1465,ARPA
OrderNo. 7597andin part by thePittsburgh SupercomputingCenter(GrantASC890018P),who providedCrayY-MP C90 and
ConnectionMachineCM-2 time,andin partby theNationalCenterfor SupercomputingApplications(GrantTRA930102N),who
providedConnectionMachineCM-5 time.. Guy Blelloch waspartially supportedby a Finmeccanicachair andan NSF Young
Investigatoraward(GrantCCR-9258525).

Theviewsandconclusionscontainedin this documentarethoseof theauthorsandshouldnot be interpretedasrepresenting
theof®cialpolicies,eitherexpressedor implied,of ARPA, NASA, Finmeccania,theNSFor theU.S.government.



Keywords: NESL, VCODE, CVL, portableparallel languages,nestedparallelism,dataparallelism,
segmentedoperations,benchmarks



Abstract

This papergives an overview of the implementationof NESL, a portablenesteddata-parallellanguage.
This languageandits implementationarethe®rstto fully supportnesteddatastructuresaswell asnested
data-parallelfunctioncalls. Thesefeaturesallow theconcisedescriptionof parallelalgorithmson irregular
datastructures,suchassparsematricesandgraphs.In addition,theymaintaintheadvantagesof data-parallel
languages:a simpleprogrammingmodelandportability. ThecurrentNESL implementationis basedon an
intermediatelanguagecalledVCODE anda library of vectorroutinescalledCVL. It runson theConnection
MachinesCM-2 andCM-5, theCrayC90,andserialworkstations.We compareinitial benchmarkresults
of NESL with thoseof machine-speci®ccodeon thesemachinesfor threealgorithms: least-squaresline-
®tting,median®nding,anda sparse-matrixvectorproduct. Theseresultsshowthat NESL's performance
is competitivewith thatof machine-speci®ccodefor regulardensedata,andis oftensuperiorfor irregular
data.



1 Introduction

Thehigh costof rewriting parallelcodehasresultedin signi®canteffort directedtowarddevelopinghigh-
levellanguagesthatareef®cientlyportableamongparallelandvectorsupercomputers.A commonapproach
hasbeento adddata-paralleloperationsto existing languages,as exempli®edby the High Performance
Fortran(HPF) effort [33] andvariousextensionsto C (suchasC

�

[49, 47], UC [5], andC
���

[38]). Such
data-parallelextensionsoffer ®ne-grainedparallelismanda simpleprogrammingmodel,while permitting
ef®cientimplementationon SIMD, MIMD, andvectormachines.On theotherhand,it is generallyagreed
that althoughtheselanguageextensionsare well-suited for computationson densematricesor regular
meshes,theyarenotaswell-suitedfor algorithmsthatoperateon irregular structures, suchasunstructured
sparsematrices,graphs,or trees[29]. Languageswith control-parallelconstructsareoftenbettersuitedfor
suchproblems,but unfortunatelytheseconstructsdo not port well to vectormachines,SIMD machines,or
MIMD machineswith vectorprocessors.

Nested data-parallellanguages [10] combineaspectsof bothdata-parallelandcontrol-parallellanguages.
Nesteddata-parallellanguagesprovidehierarchicaldatastructuresin which elementsof anaggregatedata
structuremaythemselvesbeaggregates,andsupporttheparallelapplicationof parallelfunctionstomultiple
setsof data. For example,a sparsearray canbe representedasa sequenceof rows, eachof which is a
subsequencecontainingthe nonzeroelementsin that row (eachsubsequencemay be a different length).
A parallel function that sumsthe elementsof a sequencecan be appliedin parallel to sumeachrow of
this sparsematrix. Becausethecallsareto thesameparallelfunction,a techniquecalledflattening nested
parallelism [17] allows a compiler to converttheminto a form that runsef®cientlyon vectorandSIMD
machines. Nesteddata-parallellanguagestherefore,in theory, maintainthe advantagesof data-parallel
languages(®ne-grainedparallelism,a simpleprogrammingmodel,andportability) while beingwell-suited
for describingalgorithmson irregulardatastructures. Their ef®cientimplementation,however, hasnot
previouslybeendemonstrated.

As part of the CarnegieMellon SCAL project,we havecompleteda ®rstimplementationof a nested
data-parallellanguagecalledNESL. ThisimplementationisbasedonanintermediatelanguagecalledVCODE

anda library of vectorroutinescalledCVL. The implementationrunson theConnectionMachinesCM-2
andCM-5, theCrayC90,andserialworkstations.(We arecurrentlyworking on a versionfor workstation
clusters.) In this paperwe describethe languageand its implementation,provide benchmarknumbers,
andanalyzethebenchmarkresults.Theseresultsdemonstratethat it is possibleto getbothef®ciencyand
portability on avarietyof parallelmachineswith anesteddata-parallellanguage.

Thethreebenchmarksdescribedin thispaperarealeast-squaresline-®ttingalgorithm,amedian-®nding
algorithm, and a sparse-matrixvectorproduct. Figure 1 summarizesthe benchmarktimings. For each
machinewe give direct comparisonsto well-written nativecodecompiledwith full optimization. All the
NESL benchmarktimes given in this paperusethe interpretedversionof our intermediatelanguage(as
discussedin Section5, a compiledversionis likely to be signi®cantlyfaster). The line-®ttingbenchmark
measurestheinterpretiveoverheadin ourimplementation:it containsnonestedparallelismandthereforethe
vectorizingFortran77 andCM Fortrancompilersgeneratenear-optimalcode. Themedian-®ndingresults
showthe bene®tof NESL's dynamicmemoryallocationanddynamicload balancingon the Connection
Machines. Finally, the sparse-matrixbenchmarkdemonstratesthe ef®ciencyof NESL's nestedparallel
functionsontheCrayC90.

Thepaperis organizedasfollows: Section2 describesNESL andillustrateshow nestedparallelismcan
be appliedto somesimple algorithmson sparsematrices. (A descriptionof how NESL canbe usedfor
a wide variety of algorithmsis given elsewhere[16].) Section3 outlinesthe componentsof the current
NESL implementation.Section4 describesourbenchmarksandSection5 discussestherunningtimesof the
benchmarks.
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Figure1: Performance summary for the three benchmarks. The numbers given are the relative
performance of NESL and native code versions of the benchmark (smaller numbers are therefore
better) on large data sets. Full performance results are given in Section 5.

2 NESL and Nested Parallelism

NESL is a high-level languagedesignedto allow simpleandconcisedescriptionsof nesteddata-parallel
programs[11]. It is strongly typed and applicative(free of side-effects). Sequencesare the primitive
datatype and the languageprovidesa large set of built-in sequenceoperationshavingef®cientparallel
implementations.Nestedparallelismis achievedthroughtheability to apply functionsin parallelto each
elementof asequence.NESL'sapply-to-eachform isspeci®edusingaset-likenotationsimilarto set-formers
in SETL [52]. For example,theNESL expression

{negate(a): a in [3,-4,-9,5] | a < 4}

is readasªin parallel,for eacha in the sequence[3, -4, -9, 5] suchthat a is lessthan4, negate
aº. Theexpressionreturns[-3, 4, 9] . Parallelismis availablebothin theevaluationof theexpression
to the left of the colon (: ) andin the subselectionto the right of the pipe (| ). This parallelsubselection
canbeimplementedwith packingtechniques[6]. NESL alsosuppliesasetof parallelfunctionsthatoperate
on sequencesasa whole. Figure2 lists severalof thesefunctions;a full list canbe found in the NESL

manual[11]. Thesearesimilar to operationsfoundin otherdata-parallellanguages.
NESL supportsnestedparallelismby allowing sequencesaselementsof a sequenceandby permitting

theparallelsequencefunctionsto beusedin theapply-to-eachconstruct.For example,a sparsematrix can
berepresentedasasequenceof rows,eachof whichis asequenceof (column-number, value) pairs.
Thematrix

m =

��
� 2 � 0 � 1 � 0� 1 � 0 2 � 0 � 1 � 0� 1 � 0 2 � 0

� �
�

is representedwith this techniqueas

m = [[(0, 2.0), (1, -1.0)],
[(0, -1.0), (1, 2.0), (2, -1.0)],
[(1, -1.0), (2, 2.0)]].
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Operation Description

#a Length of sequence a.
a[i] i th element of sequence a.
sum(a) Sum of sequence a.
plus scan(a) Parallel prefix with addition.
permute(a,i) Permute elements of sequence a to positions given in sequence i .
a -> i Get values from sequence a based on indices in sequence i .
a ++ b Append sequences a and b.

Figure2: Seven of NESL’s sequence functions.

Sumvaluesin eachrow:
{sum({v : (i,v) in row}): row in m};

Deleteelementslessthaneps :
{{(i,v) in row | v >= eps}: row in m};

Appenda columnj of all 1's:
{[(j,1.0)] ++ row : row in m};

Permutetherowsto newpositionsp:
permute(m,p);

Figure3: Some operations on sparse matrices. Note that the last operation permutes whole rows.

This representationcanbeusedfor matriceswith arbitrarypatternsof non-zeroelements.Figure3 shows
examplesof someusefuloperationson matrices.In theseoperationsthereis parallelismbothwithin each
row andacrosstherows. Theavailableparallelismis thereforeproportionalto thetotalnumberof non-zero
elements,ratherthanthenumberof rows(outerparallelism)or averagerow size(innerparallelism).Graphs
canberepresentedanalogously, usingsubsequencesto storeadjacencylists.

Nestedparallelismis alsovery useful in divide-and-conqueralgorithms. As an example,considera
parallelquicksortalgorithm(Figure4). Thethreeassignmentsfor les , eql andgrt selecttheelements
lessthan,equalto, andgreaterthanthepivot, respectively. Theexpression

�
qsort(v):v in [les, grt] �

puts the sequencesles andgrt togetherinto a nestedsequenceandappliesqsort in parallel to the
two elementsof this sequence.Theresultis a sequencewith two sortedsubsequences.Theconcatenation
function++ is thenusedto appendthe threesequences.In this algorithm,thereis parallelismbothwithin
theselectionof eachof thethreeintermediatesequencesandin thenestedparallelexecutionof therecursive
calls. A ¯at data-parallellanguagewouldnotpermittherecursivecallsto bemadein parallel.

Wedecidedto de®neanewlanguageinsteadof addingnestedparallelconstructsto anexistinglanguage
for two main reasons.First, we wanteda small core language,to allow us to guaranteethat everything
that is expressedin parallelcompilesinto a parallelform. Second,we wanteda side-effect-freelanguage
becauseimplementing(andde®ningconsistentsemanticsfor) nesteddata-parallelismwhennestedfunction
callscaninteractwith eachotherthroughside-effect is verydif®cult.

Althoughwefeel thatit wouldbepossibleto addnesteddata-parallelismto animperativelanguage,we
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function qsort(s) =
if (#s < 2) then s
else

let pivot = s[rand(#s)];
les =

�
e in s| e < pivot � ;

eql =
�
e in s| e = pivot � ;

grt =
�
e in s| e > pivot � ;

result =
�
qsort(v):v in [les, grt] �

in result[0] ++ eql ++ result[1];

Figure4: A nested data-parallel quicksort in NESL.

doubtthatnesteddata-parallelismcouldbeaddedto C or Fortranin sucha way thattheresultinglanguage
wouldbebothcleanandef®cient.ForC it is likely thatonewouldhaveto limit thetypeof objectspermitted
in the paralleldatastructurein order to produceef®cientcode. In particular, allowing arbitrarypointers
in a parallelstructure,while highly desirable,would alsobe very hardto implement. For Fortran77, the
staticmemoryrequirementswould severelylimit the usefulnessof a nesteddata-parallellanguage.The
additionaldatamanagementfeaturesin Fortran90 couldreducetheselimitations,but themanyfeaturesof
thelanguagearesodelicatelybalancedthatpermittingnestedstructureswould likely toppleit.

3 System Overview

Thefull implementationof NESL consistsof aNESL compiler, anintermediatelanguagecalledVCODE [12],
an interpreterfor VCODE, anda portablelibrary of parallel routinescalled CVL [13]. We also havean
experimentalVCODE compiler for shared-memoryMIMD machines[19, 20]. The rolesof the different
componentsareshownin Figure5. Thissectiongivesanoverviewof theeachof thesecomponents.

The NESL executiontimes reportedin this paperare for interpretedVCODE. Use of an interpreted
intermediatelanguageallowsusto portour systemveryquickly to newmachines;theonly componentthat
needsto berewrittenis a library of vectorroutinescalledby theinterpreter. Thereis anef®ciencylossfrom
usinganinterpreter;this lossdependsontheparticularmachineandontheproblemsize.Oneportionof the
overheadis a ®xedcostperexecutedVCODE instruction(a singleVCODE instructionoperateson anentire
sequence).Thisconstantoverheadisamortizedovertheper-elementcostof executingasequenceoperation,
so the systemattainshigheref®ciencyif longersequencesareused. Our techniquefor compiling nested
parallelism(¯attening) allowsusto achievetheef®ciencyof operatingon singlelong sequencesinsteadof
severalshortersequencesin thenestedparallelcalls. Theseef®ciencytradeoffs areanalyzedquantitatively
in Section5.

3.1 NESL compiler

The NESL compilertranslatesNESL codeinto VCODE. It is written in CommonLisp [55] and is invoked
within an interactiveenvironment.Figure6 showsthe phasesof the compiler. This sectionconcentrates
on thethird phase,flattening nested parallelism, andbrie¯y discussesthefourth phase,type specialization.
Thetypecheckerin thesecondphaseis a Milner styletypechecker[42] with typeinference,andtheother
phasesusestandardcompilertechniques.

Our approachto implementingnestedparallelism usesa techniquecalled ¯attening nestedparal-
lelism [17, 10, 46]. This processconvertsnestedsequencesinto setsof ¯at vectorsand translatesthe
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Figure5: The parts of the SCAL project and how they fit together. CAL stands for Cray Assembly
Language, C-PARIS is the C interface to the CM-2 Parallel Instruction Set, and CMMD is the CM-5
message-passing library. Cluster CVL is under development.

Code
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Check
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Parallelism

Type
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Figure6: The main tasks of the NESL compiler.

nestedoperationsinto segmented1 VCODE operationson the ¯attened representation.The ¯attening of
nestedsequencesis achievedby convertingeachsequenceinto apair: avalue vectorandasetof segment
descriptors.For example,thesequence[2, 9, 1, 5, 6, 3, 8] wouldberepresentedby thepair

segdes = [7]
value = [2, 9, 1, 5, 6, 3, 8]

andthenestedsequence[[2, 1], [7, 0, 3], [4]] wouldberepresentedas

segdes1 = [3]
segdes2 = [2, 3, 1]
value = [2, 1, 7, 0, 3, 4]

In theseexamples,asegdes with only onevaluespeci®esthatthewholevectorisonesegment(theuse
of this seeminglyredundantdatais critical whenimplementingnestedversionsof user-de®nedfunctions).

1Segmentsarea techniquefor implementingnestedparallelismandarefully describedby Blelloch [8, 9, 10].
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In thesecondexample,segdes1 describesthesegmentationof segdes2 , notof value . Sequencesthat
arenesteddeeperarerepresentedby additionalsegmentdescriptors.Sequencesof ®xed-sizedstructures
(suchaspairs)arerepresentedby multiple value vectors(onefor eachslot in the structure)that sharea
commonsegmentdescriptor.

Usingthis representation,nestedversionsof NESL operationswith VCODE counterpartscanbedirectly
convertedinto thecorrespondingsegmentedVCODE instruction.Forexample,VCODEincludesasegmented
+-reduce operation,which if passedthe two vectorsshownabove,would returnthe vector[3, 10,
4] . Nestedversionsof user-de®nedfunctionsareimplementedby usingprogramtransformationscalled
stepping-up andstepping-down [17]. Thesetransformationsconvertall the substepsof a nestedcall into
segmentedoperationsor into calls to other functions that have alreadybeentransformed. With these
transformations,whena userfunction is usedin an apply-to-eachform, the datafor eachsubcallis in a
separatesegment,andcomputationson eachsegmentcanproceedindependently.

Themostcomplexpartof ¯atteningnestedparallelismis transformingconditionalstatements.Thereare
two mainpartsof this transformation.The®rstpartinsertscodefor packingoutall thedatain subcallsthat
do not takeabranchandfor reinsertingthisdatawhenthebranchis complete.Thisguaranteesthatwork is
only doneonthesubcallsthattakethebranch,andis similar to techniquesusedby vectorizingcompilersto
vectorizeloopswith conditionals[64, §3.6]. It alsoresultsin properloadbalancingon parallelmachines.
Thesecondpartinsertscodeto testif anyof thesubcallsaretakingthebranchandto skip thebranchif none
are.Thisis importantfor guaranteeingtermination.Thecommunicationcostsinvolvedin doingthepacking
andunpackingcanbequitehigh,andoneareaof ourongoingresearchis to seehowthecommunicationcan
bereducedby only packingwhenthereis a signi®cantloadimbalanceamongprocessors[53].

Wenowbrie¯y describethethird phaseof theNESL compiler, whichinvolvesspecializingpolymorphic
code.Thestandardimplementationof polymorphismis to haveasinglecompiledversionof a functionand
achievepolymorphismby useof pointersÐthefunctiononly manipulatespointersto thedataratherthanthe
actualdataandthereforedoesn't careaboutthe typeor sizeof thedata. In this schemethereis almostno
controlof layoutof thedatasincesuchcontrolwould requireknowledgeaboutthesizeof thedata,which
dependson its type. Becauseof thehigh costof communicationamongprocessorson parallelcomputers,
it is importantthat we havecontrol over the layout of data. The NESL compilerthereforespecializesall
polymorphicfunctionsto speci®ctypesandgeneratescodefor eachtype. Thetypesystemis suchthatthe
compilercandetermineall typesto which a particularfunctionis goingto beappliedat compiletime. The
compilermust,however, haveaccessto thewholeprogram.

3.2 VCODE

VCODE [12,14] wasdesignedasa testbedfor asystematicstudyof compilerandimplementationissuesthat
arisein data-parallellanguages.Accordingly, its designconcentrateson dataparallelismto the exclusion
of other issuesmore commonlyseenin languagedesigns,suchas datastructuresand advancedcontrol
constructs.

The aggregatedata type in VCODE is the homogeneoussegmentedvector of atomic types. There
arefour basicdatatypes:booleanvectors,integervectors,̄ oating-point vectors,andsegmentdescriptors.
Segmentdescriptorsdescribehowvectorsarepartitionedintosegments.Forexample,thesegmentdescriptor
[2, 3, 1] speci®esthata vectorof length6 shouldbeconsideredas3 segmentsof lengths2, 3 and1,
respectively(segmentsarecontiguousandnon-overlapping).Eachinstructionthenoperatesindependently
overeachsegmentof thevector. For example,the+_scan instructionperformsaparallelpre®xoperation
oneachsegment,startingfrom zeroon eachsegmentboundary. Thesegmentedversionsof theinstructions
arecritical for the implementationof nestedparallelism(seeSection3.1). The notion of segmentsalso
appearsin someof thelibrary routinesof theConnectionMachinesCM-2 [57] andCM-5 [60] andhasbeen
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adoptedin the PREFIX andSUFFIX operationsof High PerformanceFortran[33]. The internalVCODE

representationof thesegmentdescriptoris machine-dependent:our serialimplementationusesa sequence
of thelengthsof eachsegment,while our implementationsontheCrayandtheConnectionMachinesCM-2
andCM-5 alsouse¯ags to markboundariesbetweensegments.

VCODE candynamicallycreateanddestroyarbitrarily long vectors,asthis is necessaryfor mostdata-
parallel languages.Unlike machine-orientedlanguages,VCODE providesno notion of processors,either
physicalor virtual. This allows the interpreteror compiler to choosestrategiesfor processmappingand
memorymanagementappropriatefor thetargetmachine.

VCODE is basedon a stackmodelof memoryandresemblesPcode[44], a serialintermediatelanguage
designedfor Pascal.It is convenientlyde®nedin termsof anabstractmachine,thevectorstackmachine.
Thisis astandardstackmachine,exceptthateachstacklocationcontainsanarbitrarily longvectorof atomic
values.Eachvectorhasa lengthassociatedwith it, andvectorsin differentpositionsonthestackmayhave
differentlengths. Instructionsoperateon entirevectorsat a time. For example,the+ instructionpopsthe
toptwo vectors(of equallengthandappropriatetype)from thestack,addscorrespondingelementstogether,
andreturnstheresultvectorto thetop of thestack.

VCODE containsa small setof instructions,mostof which operateon vectorsof atomicvalues. The
vector instructionsoperateon a ®xednumberof vectorsfrom the top of the stackandreturn their result
to the top of thestack. Thevectorinstructionscanbedivided into the following subclasses:elementwise
instructions, which areapply-to-eachextensionsof arithmeticandlogical operations;scan and reduction
instructions, whichprovidereductionandparallelpre®xoperationson vectorsfor a ®xedsetof associative
operators;permute instructions,whichrearrangeelementsof avectoraccordingto anothervectorof indices,
possiblyaccompaniedby maskingor defaultvectors;segment descriptor manipulation instructions, which
createandmanipulatesegmentdescriptors;andI/O instructions, which readandwrite vectorsandsegment
descriptors.The permuteinstructionscanbe usedto implementvector-basedindexingin C

�

, Fortran90,
andAPL, for the

�
operationin CM-Lisp [63], andfor the move operationin ParalationLisp [51]. The

segmentedinstructionspermit the implementationof the nestedparallelismallowed in CM-Lisp, SETL,
andParalationLisp. Therestof theVCODE instructionsarefor ¯ow control,stackmanagementandsystem
interface. Of specialnotearethe stackmanagementfunctionsPOPandCOPY, eachof which takestwo
arguments.Thesespecifyadistanceup thestackto startandanumberof elementsonwhich to operate.

A VCODEprogramis a setof VCODE functions.VCODE functionsaremapsfrom stackpre®xesto stack
pre®xes;thestackis usedto passparametersandreturnresults.Control¯ow within a functionis directed
by aconditionalform andrecursion.Theconditionalform hastherestrictionthatbothbranchesmustleave
thestackin thesamestatewith respectto depthanddatatypes. This is necessaryto ensurethat functions
arewell-formed. All instructionsarestrict, i.e., all inputsmustbe evaluatedbeforean instructioncanbe
executed. Synchronizationis implicit and lock-step: an instructionmust be completedbeforethe next
instructioncanbeginexecution.VCODE is side-effect free,sosomepermutationinstructionsmay require
thedestinationto becopiedbeforeanydatamovementoccurs.

3.3 VCODE interpreter

The two main requirementsfor the VCODE interpreterareportability andef®cientmanagementof vector
memory. Theinterpreteris writtenin ANSI C to easeportabilityandcontainslittle machine-dependentcode
(mostof whichstemsfrom operatingsystemdifferences).Thetypicalsequenceof operationsperformedby
the interpreterto executea vectoroperationis asfollows: a tablelookup is performedto ®ndthenumber
of stackargumentsanoperationusesandthelengthandtypeof theoperation's result;optionally, a checkis
madethatanylengthandtypeconstraintsontheargumentsaresatis®ed;memoryfor theresultis allocated,
asexplainedbelow;theassociatedCVL functionis calledto performthevectoroperation;aftercompletion,
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stack vector memory

free list0 32

pointers

vector block list

Figure7: Internal structure of the VCODE interpreter. The dark entries in the vector block list refer
to active regions of vector memory. The light ones correspond to free regions. Entries to free
regions of similar size are linked together in the same free list structure. There are 32 free lists,
each one referring to regions at most twice the size of the previous.

theargumentsarepoppedoff thestack.All this resultsin aconstanttimeinterpretiveoverheadperexecuted
VCODE instruction.

Themostnovelaspectof theinterpreteris its memorymanagement.VCODEcreatesanddestroysvectors
of differinganddynamicallydeterminedsizes.Mostmemorymanagementandgarbagecollectionliterature
(see[3], for example)assumeslargenumbersof smallobjectsandalarge(virtual)memory. VCODEprograms
donotbehavein thismanner. In particular, thereareusuallyfew largedatastructures(vectors)activeatany
onetime, andwe want to operateon the largestpossibleproblemsizethatavailablememorycansupport.
ThesupercomputersonwhichVCODE runstypically providenovirtual memoryfacilities,sothereis ahard
limit on theamountof memorya programmayuse.Thereforewe mustbevery thrifty with theamountof
memoryusedby a VCODEprogram.

Figure7 showsthe internaldatastructuresfor memorymanagement.Eachentry in thevectorstackis
really apointerto anentryin avector block list. VCODEstackmodi®cationoperationsareimplementedvia
pointermanipulations;no actionis takenon vectormemory.

Entriesin thevectorblocklist describehowvectormemoryiscurrentlypartitioned.Thevectorblocklist
maintainsanorder-preserving1-1mapto regionsof vectormemory(in termsof Figure7, thearrowsfrom
thelist to vectormemorynevercross).Eachregionof vectormemoryis eitheractiveor free,asindicated
by a ¯ag in thecorrespondingvectorblock entry. Eachvectorblockentryhasa referencecount,giving the
numberof timesit occurson thestack.Whenthisnumberreacheszero,thevectorstoredin theregioncan
no longerbereferenced.Theinterpreterfreestheassociatedregionof memory, mergesit with anyadjacent
free regions(destroyingthe vectorblock entry of themergedregion)andputsit on a free-list. Thereare
severalfree-lists,eachcorrespondingto a differentrangeof regionsizes(currently, eachlist hasregionsa
factorof two largerthanthepreviouslist). Useof multiple freelists for differentsizedregionsallowsusto
examinefewerregionsto ®ndoneof theappropriatesize.

To allocatespacefor anewvectorof knownmemorysize,theinterpretertriesto ®ndalargeenoughfree
regionof vectormemoryby doinga ®rst-®ton theappropriatefree-list. If no block in that free-list is big
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enough,thefree-listsof largerregionsizesarecheckedin a®rst-®tmanner, andif noneis found,thegarbage
compacting routineis called.Thisroutinepushesall vectorsasfar aspossibleto thefront of vectormemory,
creatingonelargeregionof freememoryat theend.If this regionis not largeenough,theinterpretersignals
an out-of-memoryerror. Whena large enoughregionhasbeenfound, the interpreterdividesit into two
pieces:onefor thevectorandonethatis returnedto thefree-listappropriatefor thatregion'ssize.

Thereferencecountsin thevectorblocklist alsoenabletheinterpretertoperformsimplecopyelimination
optimizations[28, 31]. To enforcetheapplicativesemanticsof VCODE theimplementationof anoperation
thatchangesonly a singleelementof a vectormustcopytheentirevectorbeforemakinganyalteration.If
thereferencecountindicatesthatthis is thelast referenceto theªoldº versionof thevector, we mayavoid
thecopyandimplementtheoperationin a (moreef®cient)destructivemanner.

3.4 VCODE compiler

Chatterjee's doctoraldissertation[19, 20] discussesthedesign,implementation,andevaluationof anopti-
mizing VCODEcompilerfor shared-memoryMIMD machines.In thissection,we give a summaryof these
issues.

Thereis, of course,a trivial implementationof VCODE on a MIMD machine:eachVCODE instruction
is written asa parallel loop, andthe processorssynchronizebetweeninstructions. This is preciselyhow
theVCODE interpreterworks. However, suchan implementationof dataparallelismon a MIMD machine
hasseveralperformancebottlenecks,which limit boththeasymptoticperformanceandtheperformancefor
smallproblemsizes.

� Theparallelismof thesourcelanguageis too®ne-grainedfor MIMD machines.Sinceloopoverhead
scaleswith problemsize,it limits theasymptoticperformanceof theparallelprogram.

� Serialoverheadrelatedto loadbalancing,storagemanagementandloop setupis independentof the
problemsize,and thereforein¯uencesthe small problemsizeperformancebut not the asymptotic
performance.

� Theimplicit lock-stepsynchronizationof thedata-parallelmodelisexpensiveto implementonMIMD
machines,whereasit comesfor freeon SIMD machines.Sincethecostof barriersynchronizationon
aMIMD machinedependson thenumberof processorsbut is independentof problemsize,thisonly
affectstheperformanceatsmallproblemsizes.

� The(potentiallylarge)intermediateresultsgeneratedby the®ne-grainedparallelismcauseproblems
for thememoryorganizationstypically foundin MIMD machines.In particular, locality of reference
andits concomitantbene®tsarecompromised.Lossof locality increasesdataaccesstimes;it scales
with theproblemsize,andlimits asymptoticperformance.

TheVCODE compileraddressestheseproblemsthrougha setof programoptimizationtechniquesthat
clustercomputationinto larger loop bodies,reduceintermediatestorage,andrelax synchronizationcon-
straints. Thesetechniquesdo not requireknowledgeof datasizesor thenumberof processorsat compile
time. Therearefour principaloptimizationtechniques:

� Size inference symbolicallyidenti®esequivalenceclassesof datasizesandloop structures.

� Clustering usesthe informationproducedby sizeinferenceandusesit to partition the computation
graphinto asetof parallelloopsthatcanbescheduled.

� Access inference re®nesthe loopsproducedby clusteringbasedon con¯icts betweende®nitionand
usageaccesspatternsof datavectors,producingloopsfreeof anyexplicit synchronization.
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� Storage optimizations removearraystorageor reducethestoragefrom afull arrayto asmallerbuffer
storingonly a few elements.

The compileracceptsVCODE asinput andoutputsC codewith threadextensionstargetedat shared-
memorymultiprocessors.ThenativeC compileris theninvokedto producethe®nalmachinecode. This
makesthecompilerportableandallowstheuseof thebestcompilertechnologyavailablefor themachine.

3.5 CVL

To enablerapidportingof VCODE to newmachines,we designedCVL (C VectorLibrary) [13], a library of
low-level segmentedvectorroutinescallablefrom C. Theseareusedby a VCODE interpreter, describedin
Section3.3.

The purposeof CVL is to provide a portablesegmentedvector abstractionthat can be ef®ciently
implementedon a wide rangeof machines.This library canthenbeusedby interpretersandcompilersof
morecomplicatedlanguages.Examplesof thevectorroutinessuppliedby the library include: numerous
elementwiseoperations(arithmeticalandlogical),scanandreductionoperations,andavarietyof permutation
operations.All primitives arede®nedfor both unsegmentedandsegmentedvectors,andfor severaldata
types:integers,booleans,anddoubleprecision̄ oating point numbers.AlthoughCVL implementationsare
machine-speci®c,the interfaceto the library is machine-independent.ThusC codewritten usingCVL is
portableacrossall machineswith a C compiler.

Thevectormemorymodelsuppliedby CVL wasdesignedto beportableto bothsharedanddistributed
memorymachines.CVL storesvectorsin a regionof memory(vector memory) that shouldbe viewedas
separatefrom normalmemory. CVL exportsonly a handleto a vector, known asa vec p. Non-library
functionsmay not do anythingwith a vec p exceptstoreit andpassit asa parameterto CVL routines.
Givena vec p, thereareCVL functionsthat returnthe amountof vectormemorythat the corresponding
vectortakes.CVL itself doesno memorymanagement,otherthantheinitial allocationof thetotality of the
vectormemory. It is the responsibilityof thecodeusingthe library to managethis memory. Oneway of
doingthis is describedin Section3.3.

Thekey to ef®cientimplementationof nesteddata-parallelismis theef®cientimplementationof opera-
tionsonsegmentedvectors,whichin oursystemcorrespondstoef®cientcodefor thevariousCVL functions.
UnfortunatelycurrentsupercomputercompilerscannotadequatelycompileFortranor C implementations
of theseoperations,forcing usto implementtheseoperationsatavery low-level for thetargetmachines.

3.5.1 Cray CVL

We haveimplementedCrayCVL for a singleprocessorof theCrayY-MP andY-MP C90. TheCVL library
consistsof CrayAssemblyLanguage[24] kernelswhicharecalledfrom C.

The choiceof Cray AssemblyLanguage(CAL) might seemunnecessarilylow-level, especiallyfor
implementinga vectorlanguageon avectormachine.However, while theelementwiseoperationscouldbe
implementedef®cientlyin C or Fortran,it is very dif®cultto produceef®cientcodefor thescanoperations
andsegmentedoperationsfrom C or Fortran. Thereareseveralreasonswhy hand-writtenassemblycode
outperformsC or Fortrancode.Forsegmentedoperations,thesegmentationof avectoris representedusing
packed booleans, a representationthat is not supportedby high-levellanguages.Storing64 booleansin a
singleword reducesmemoryrequirementsandmakesef®cientuseof theCray's functionalunits. Thescan
operationsalsoneedto usea non-standardloopstructurewecall loop raking [15] in orderto bevectorized.
Finally, in orderto makethebestuseof hardwarechainingandavoidregisterreservationeffects[48], it is
necessarytounroll theloops.Thescanandsegmentedscanalgorithmsaredescribedin detailelsewhere[21].
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CAL codeis very ef®cient,but programmingin raw CAL is tedious,error-prone,andnon-portable.
In order to programat a higher-level, we implementedthe CVL kernelsusing our own macroassembler
(written in CommonLisp) that generatesCAL. In the assembler, we developeda setof loop macrosfor
implementingscans,includingaversionthatgeneratesunrolledloops.Partof themotivationfor developing
themacroassemblerwasto allow usto port thecodeeasilyto othervectormachinesin thefuture.

Althoughthecurrentversionof CrayCVL only usesoneprocessor, we haveimplementedprototypesof
multiprocessorvectoroperations[15] andwe areworking on a completemultiprocessorlibrary usingthe
Craymicrotaskingfacilities [25].

3.5.2 CM-2 CVL

The implementationof CVL for the CM-2 is built on top of the Parisinstructionset[57]. As a machine-
speci®clanguage,Parishasseveralnicefeaturesfor implementingCVL: acleaninterfacetoC,amodelof the
CM-2 asacollectionof virtual processors,anddirectsupportfor scan,reduce,andothervectoroperations.
It alsohasthreesigni®cantdrawbacks,however. First, it usestheolderª®eldwiseºrepresentationof data,
whichinvolvesextratransposeoperationswhenusingthe¯oating pointchips.Thenewerandmoreef®cient
ªslicewiseº representationis not supportedby Paris. Second,Parisvectors(thebasicParisdatatype)are
limited to 64K bits in size,andthecurrentCVL implementationinheritsthis limitation. Third, assigningthe
responsibilityof memorymanagementto VCODE meansthatCVL vectorsarereally pointersinto a single
big block of memory. SincePariscommunicationfunctionscannotoperateon thesepointers(implemented
asParisªaliasesºwith non-zerooffsets),CVL argumentsmustbecopiedinto temporaryvectorsbeforeuse.

Thisproblemandits inelegantsolutionillustratethedif®cultyof ®ndinganintermediatelanguagemodel
that canbe ef®cientlyimplementedacrossall supercomputerarchitectures.In this case(CM-2 Paris),it
would bemoreef®cientif thejob of memoryallocationweremovedfrom VCODE to CVL. This would let
theCVL codeallocatenewParisvectorson demand,therebyeliminatingtheoverheadof doublecopying.
Alternatively, CM-2 CVL couldberewrittenatamuchlower level in PEAK [50] code,whichwouldbypass
all of theParis-basedlimitations,but atahighcostin termsof programmereffort andmaintainability.

3.5.3 CM-5 CVL

FortheCM-5 implementationof CVL, weoriginally thoughtthatCM Fortran[59] wouldbethelanguageof
choice. This hastheattractionof beingavailableon theCM-2 aswell, andof generatingslicewisePEAK
codefor thatmachine.Thusanimplementationof CVL writtenin CM Fortranfor theCM-5 shouldbeeasily
portablebackto theCM-2 andholdsthepromiseof offering improvedperformanceovertheexistingParis-
basedCM-2 CVL. Furthermore,CM Fortrancodecanusethe CM-5 vectorunits, which greatly increase
the speedof simpleelementwiseoperations.However, CM Fortrandoesnot providelow-level accessto
theunderlyingmachine.This causedseveralmajorproblems.Therewasno way to force thecompilerto
layoutCVL memoryef®ciently(sincethecompilercouldnot know aheadof time how thememorywould
be subdividedby VCODE). Similarly, therewasno way to guaranteemaximalalignmentof CVL vectors,
whichtheVCODE interpreterreliesuponto beableto, for example,placeavectorof doubleswhereavector
of booleansusedto start.

We thereforewroteCM-5 CVL in C, usingtheCMMD [60] message-passinglibrary. This combination
gives full control over memory layout and alignment,allowing vectorsto be load-balancedacrossall
processors. The CVL scanand reductionfunctions are implementedusing the correspondingCMMD
primitives,while functionsinvolving arbitrarycommunication(suchaspermuteandpack)usetheCMAML
Active Messagefunctions[62]. Our currentimplementationis an initial releasethatdoesnot fully re¯ect
thepowerof themachine.Futureimprovementsareexpectedto include:
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� UsingCMNA [61] to accessthenetworkinterfacechipsdirectly. With specializedreceivefunctions,
thiswill allow thefull payloadof eachpacketto beused,ratherthansacri®cingoneword to theactive
messagesystem.Directaccessto theon-chippacketcounterswill alsoreducethetimetakento agree
onwhetherall packetshavebeensentandreceived.

� UsingCDPEAC[58] to exploit thevectorunits. This will greatlyincreasethespeedof elementwise
operations.

3.5.4 Other CVL implementations

Our implementationof CVL on workstationsusesANSI C andcanthereforebeportedeasilyto mostserial
machines.ClusterCVL is beingwritten usingC andPVM [30]. Faithet al. [27] at theUniversityof North
CarolinahaveportedCVL to theMasparMP-2 usingtheMPL programminglanguage.

4 Benchmarks

This sectiondescribesthreebenchmarks:a least-squaresline-®t,a generalizedmedian®nd,anda sparse-
matrix vectorproduct. The particularbenchmarkswereselectedfor their diversecomputationalrequire-
ments,summarizedin Figure 8. They are eachsimple enoughthat the readershouldbe able to fully
understandwhat the algorithm is doing, but aremore complexthanbarekernelssuchas the Livermore
Loops[41]. Theperformanceof thesebenchmarksdemonstratesmanyof theadvantagesanddisadvantages
of our system.Theresultsof thesebenchmarkswill beanalyzedin Section5.

Communication DynamicStructures NestedParallelism
Line Fit Low No No
Median High Yes No
SparseMxV High No Yes

Figure8: The properties of the benchmarks.

Our®rstbenchmarkisaleast-squaresline-®ttingroutineusingthealgorithmdescribedin Presset al. [45,
§14.2]. The versionwe useassumesall pointshaveequalmeasurementerrors. This is a straightforward
algorithmthatrequiresverylittle communicationandhasnonestedparallelism.Furthermore,all vectorsare
of knownsizeat functioninvocationandcanbeallocatedstatically. It is thereforewell-suitedfor languages
suchas Fortran90. We usethis benchmarkto measurethe overheadincurredby our interpreter-based
implementation.TheNESL codefor thebenchmarkis givenin Figure9.

Our secondbenchmarkis a median-®ndingalgorithm. To implementmedian-®ndingwe usea more
generalalgorithmthat ®ndsthe k th smallestelementin a set. The algorithmis basedon the quickselect
method[34]. Thismethodis similar to quicksort,butcallsitself recursivelyonly onthepartitioncontaining
the result (the recursionwasremovedin the Fortranversion). This algorithmrequiresdynamicmemory
allocation(alsoremovedin theFortranversion)sincethesizesof theless-than-pivotandgreater-than-pivot
setsaredatadependent.In orderto obtainproperload balancing,the datamustbe redistributedon each
iteration.TheNESLcodefor thealgorithmisshownin Figure10. Thisalgorithmwasselectedtodemonstrate
theutility andef®ciencyof NESL's dynamicallocation.

Our third benchmarkmultiplies a sparsematrix by a densevector and demonstratesthe power and
ef®ciencyof nestedparallelism.Sparse-matrixvectormultiplicationis an importantsupercomputerkernel
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function linefit(x, y) =
let

n = float(#x);
xa = sum(x)/n;
ya = sum(y)/n;
Stt = sum(

�
(x - xa)Ã2: x � );

b = sum(
�
(x - xa)*y: x; y � )/Stt;

a = ya - xa*b;
chi2 = sum(

�
(y-a-b*x)Ã2: x; y � );

siga = sqrt((1.0/n + xaÃ2/Stt)*chi2/n);
sigb = sqrt((1.0/Stt)*chi2/n)

in
(a, b, siga, sigb);

Figure9: NESL code for fitting a line using a least-square fit. The function takes sequences of
x and y coordinates and returns the intercept (a) and slope (b) and their respective probable
uncertainties (siga and sigb ).

that is dif®cult to vectorizeand parallelizeef®cientlybecauseof its irregular data structuresand high
communicationrequirements.While therearemanyalgorithmsfor specialclassesof sparsematrices,we
areinterestedin supportingoperationsfor arbitrarysparsematrices.This is challengingsincethematrices
usedin a numberof differentscienti®candengineeringdisciplinesoftenhaveaveragerow lengthsof less
than 10. Theserow lengthsare signi®cantlylessthan the start-upoverheadfor vectormachines(n1

�
2)

andare far too small to divide amongprocessorsin an attemptto parallelizerow by row. On the other
hand,dividing rowsamongprocessorsmakesloadbalancingdif®cultsinceeachrow canhavea different
lengthandthe longestrows couldbe very muchlongerthanthe shortest.Our implementations(in NESL,
C, andFortran)usea compressedrow formatcontainingthenumberof non-zeroelementsin eachrow, and
the valuesof eachnon-zeromatrix elementalongwith its columnindex [26]. Figure11 showstheNESL

implementationandFigure12 showsanexampleof a sparse-matrixvectorproductusingthis format.

5 Results

Runningtimesfor all benchmarkswith a variety of datasizesaregiven in Table1. Timesaregiven for
both interpretedNESL codeand for nativecode. For nativecodewe usedFortran77 on the Cray C90,
CM Fortran[59] on theConnectionMachinesCM-2 andCM-5, andC on theDEC Alpha workstation.In
all caseswe usedfull optimization.Thenativecodewe usedis givenin AppendixA. NESL timingsarefor
thecodeshownin Section4, run usingtheVCODE interpreter. All Alpha benchmarkswererun on a DEC
3000AXP Model 400with 32 Mbytesof memory. All CrayC90 benchmarkswererun on oneprocessor
of a C90/16with 256Mwords of memory. All ConnectionMachineCM-2 benchmarkswererun on 32K
processorsof aCM-2,with 32Kbytesof memoryperprocessor. All ConnectionMachineCM-5benchmarks
wererunon256processorsof a CM-5, with 32 Mbytesof memoryperprocessor.

TheCM-5 CM Fortranbenchmarksdid not usethevectorunits,in orderto enablea bettercomparison
to bemadewith thecurrentimplementationof CVL on thatmachine.Whenthevectorunitsareused,the
CM Fortranline-®tbenchmarkruns1±40timesfaster(dependingonproblemsize),theCM Fortranmedian
benchmarkruns2±5timesfaster, andtheCM Fortransparse-matrixvectorproductbenchmarkruns1±1.5
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function select kth(s, k) =
let pivot = s[#s/2];

les =
�
e in s | e < pivot �

in
if (k < #les) then

select kth(les, k)
else

let grt =
�
e in s | e > pivot �

in if (k >= #s - #grt) then
select kth(grt, k - (#s - #grt))

else pivot;

function median(s) = select kth(s, #s/2);

Figure 10: NESL code for median finding. The function select kth returns the kth smallest
element of s. This is used by median to find the middle element.

function MxV(Mval, Midx, Mlen, Vect) =
let v = Vect -> Midx;

p =
�
a * b: a in Mval; b in v �

in �
sum(row) : row in nest(p, Mlen) � ;

Figure11: NESL code for sparse-matrix vector product. Mval holds the matrix values, Midx holds
the column indices, Mlen holds the length of each row, and Vect is the input vector. The function
nest takes the flat sequence p and nests it using the lengths in Mlen (the sum of the values in
Mlen must equal the length of p).

����
�

3 0 0 0
0 0 2 0
4 0 0 2
3 1 0 0

�����
�

����
�

10
20
30
40

�����
� =

����
�

30
60

120
50

�����
�

Vect =
Midx =
Vect-> Midx =
Mval =
p =
Mlen =
nest (p � Mlen ) =
rowsums =

[10 20 30 40]
[ 0 2 0 3 0 1]
[10 30 10 40 10 20]
[ 3 2 4 2 3 1]
[30 60 40 80 30 20]
[ 1 1 2 2]
[[30] [60] [40 80] [30 20]]
[30 60 120 50]

Figure12: An example of sparse-matrix vector product.
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n Alpha Alpha C90 C90 CM-2 CM-2 CM-5 CM-5
C NESL F77 NESL CMF NESL CMF NESL

Line Fit
210 0.0007 0.0029 0.0001 0.0012 0.0018 0.0061 0.0008 0.0039
214 0.0137 0.0468 0.0004 0.0018 0.0019 0.0061 0.0011 0.0040
218 0.2869 0.9506 0.0058 0.0122 0.0037 0.0133 0.0057 0.0101
222 0.0927 0.1551 0.0322 0.1283 0.1473 0.3251

Median
210 0.0004 0.0059 0.0001 0.0059 0.0293 0.1017 0.0086 0.0185
214 0.0068 0.0273 0.0005 0.0092 0.0623 0.1442 0.0215 0.0285
218 0.1347 0.4070 0.0080 0.0233 0.2667 0.2163 0.2146 0.0596
222 0.1276 0.2099 3.7810 0.8389 8.2092 0.5243

Sparse-MatrixVectorProduct
210 0.0002 0.0009 0.0002 0.0003 0.0043 0.0142 0.0012 0.0010
214 0.0049 0.0088 0.0037 0.0006 0.0063 0.0152 0.0020 0.0035
218 0.1503 0.2186 0.0589 0.0038 0.0295 0.0451 0.0175 0.0256
222 0.9436 0.0557 0.4098 0.6436 0.2791 0.2960

Table1: Running times (in seconds) of the benchmarks for NESL and native code. The sparse-
matrix vector product uses a row length of 5 and randomly-selected column indices. CM-5 NESL

results are preliminary.

timesfaster. It is expectedthata futureversionof CM-5 CVL will exploit the vectorunitsandbe ableto
achievesimilar speedups.

We now discussthreemainissuesexhibitedby thetimings: theadvantageof nestedparallelismin the
implementationof thesparse-matrixvectorproduct,theoverheadincurredby our interpreter, andtheneed
for dynamicload-balancingin themedian-®ndingcodeon theConnectionMachineCM-2.

Nested Parallelism: Thesparse-matrixvectorproductbenchmarkdemonstratestheadvantagesandef®-
ciencyof nesteddataparallelism. Figure13 givesrunningtimeson the Cray for a variety of degreesof
sparsity. For verysparsematrices,theNESL versionoutperformsthenativeversionby overa factorof ten.
This performancegainarisesbecausethe compilationof nesteddataparallelismdescribedin Section3.1
generatescodewith running time essentiallyindependentof the size of the sub-sequences.The nested
codeachievesfull ef®ciency(vectorizationon theCrayandhigh data-to-processorratio on theCM-2 and
CM-5) by executingon the full input data. The result is consistentlyhigh performanceregardlessof the
sparsityof thematrix. Note,however, thatasthematrix densityincreases,theCray Fortranperformance
improves.Eventually, Fortranachievessuperiorperformancebecauseof NESL's extraper-elementcostof
interpretationrelativeto compilation.

Interpretive overhead: Themainsourceof inef®ciencyin oursystemis theinterpretationof theVCODE

generatedby the NESL compiler. The cost of interpretationcanbe analyzedby studyingthe line-®tting
benchmarksincethis benchmarkrequiresvery little communicationandthe native-codeimplementations
compileto almostperfectcode.

Therearetwo mainsourcesof interpretiveoverheadin oursystem.First, thereis thecostof executing
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Figure13: Running times of the sparse-matrix vector product for varying levels of sparsity. The
number of nonzero entries in each sparse matrix is fixed at 106.

the interpreteritself. For the line-®ttingbenchmark,this is constant,independentof input size(sincethe
interpreterexecutesa ®xednumberof VCODE steps),andsoit canbecomputedby examiningtherunning
timesfor smallinput. Figure14showsthepercentageof runtimeaccountedfor by thisoverheadfor varying
input sizes,aswell asthen1

�
2 valueatwhich theimplementationsattainhalf of theirasymptoticef®ciency.

As the®gureshows,NESLsometimesrequiresfairly largeinput in orderto attaincloseto its peakef®ciency.
This overheadis not a problemon the CM-2; sincethereare32K processors,the lossof ef®ciencywhen
working with smallvectors(n � 32K) overwhelmstheinterpretiveoverhead.

The secondmajor de®ciencyof an interpreter-basedsystemis that the granularityof the operations
performedby the library is too ®ne.Eachoperationon a collectionof datais performedby a distinctcall
to the CVL library. In a compiledsystem,the loopsperformingthe separateparalleloperationscould be
fusedtogether. This optimizationwould result in muchbettermemorylocality (quantitiescould be kept
in registersandreused,insteadof beingloadedfrom memory, actedon, andwritten back)andwould also
allow chainingon theCray. Theseloop fusionoperationsareperformedby theVCODE compiler[19, 20].
With theinterpretertheseinef®cienciesadverselyaffect thepeakperformanceof NESL programs,andtheir
effectscanbeseenin theperformanceof line-®ttingfor largedatasizes(seeTable1). On theCM-2 there
is anadditionalimportantsourceof inef®ciency:CM-2 CVL is built on topof theParisinstructionset[57].
Althoughworking with Parishasmanyadvantages,it forcesuseof theolderª®eldwiseºrepresentationof
data,insteadof themoreef®cientªslicewiseºrepresentationgeneratedby theCM Fortrancompiler.

Dynamic load balancing: We now considerwhy the nativecodefor themedianalgorithmdoespoorly
comparedto the NESL codeon the CM-2. The medianalgorithmreducesthe numberof activeelements
on eachstep. In our CM Fortranimplementation,astheseelementsgetpackedto thebottomof anarray,
they becomemore imbalancedacrossthe processors.Although it is possibleto pack the elementsinto
a smallerarray, this would requiredynamicallyallocatinga new vectoron eachstep,which is awkward
in CM FortranÇIn NESL, vectorsaredynamicallyallocatedwith the dataautomaticallybalancedacrossthe
processors.TheNESL implementationof themedianalgorithmonly requiresa total of O(n) work because
oneachof theO(logn) stepstheamountof dataprocessedis cut by aconstantfactor. SincetheCM Fortran
implementationrequiresO(n) work oneachstep,it is a factorof O(logn) slower, asillustratedin Figure15.
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6 Comparison to Other Systems

Numerous¯at data-parallellanguageshave beenproposedfor portableparallel programming,such as
C* [49], MPP-Pascal[7], *Lisp [39], UC [5], and Fortran 90 [2]. Section2 explainedsomeof the
expressibilityand ef®ciencylimitations imposedby ¯at languages;theseproblemsare also discussed
elsewhere[10, 11, 29, 32,54].

Twoexistingparallellanguagespermittheusertodescribenesteddata-paralleloperations:CM-Lisp[63]
andParalationLisp [51]. However, theimplementationsof theselanguagesonly exploit thebottomlevelof
parallelism;for thesparse-matrixexample,this resultsin a parallelsumfor eachrow anda serialloopover
therows. Both of theselanguagesaredata-parallelextensionsto CommonLisp [55]. Thelargenumberof
featuresin CommonLisp, andthedif®cultyof extendingtheir semanticsto parallelexecution,precludethe
implementationof full nesteddataparallelism.This is strongmotivationfor a simplecorelanguage.

TheparallellanguagesID [43], SISAL [40], andCrystal[22], althoughnot explicitly data-parallel,do
support®ne-grainedparallelism. They alsosupportnesteddatastructures,althoughtherehasbeenlittle
researchon implementingnestedparallelismfor theselanguages.Therearealsoseveralserial languages
that supply data-parallelprimitives and nestedstructures;theseinclude SETL [52], APL2 [37], J [36],
andFP [4]. SipelsteinandBlelloch [54] discusstheselanguagesfrom the perspectiveof supportingdata
parallelism.

Anotherapproachto architecture-independentparallelprogrammingis basedon control-parallellan-
guagesthatprovideasynchronouscommunicatingserialprocesses.ExamplesincludeCSP[35], Linda[18],
Actors[1], andPVM [56]. Theselanguagesarewell-suitedfor problems(includingirregularproblems)that
canbespeci®edin termsof coarse-grainedsub-tasks.Unfortunately, high implementationoverheadmakes
ef®ciencytoo dependenton ®ndinga decompositioninto reasonablysizedblocks[18]. As a result,these
systemsarenot well-suitedfor exploiting®ne-grainedparallelism.The largegrainsizerendersprograms
lesslikely to beef®cienton mostparallelsupercomputersbecausetheywill not vectorizewell anddo not
exposeenoughparallelismto takeadvantageof large numbersof processors.Extendingthesemodelsto
capture®ne-grainedparallelismis anareaof activeresearch[23].
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Figure15: CM-2 median: NESL vs. CM Fortran.

7 Conclusions

The purposeof nesteddata-parallellanguagesis to provide the advantagesof dataparallelismwhile ex-
tendingtheir applicability to algorithmsthatuseªirregularº datastructures.Themain advantagesof data
parallelismthat shouldbe preservedare the ef®cientimplementationof ®ne-grainedparallelismand the
simplesynchronousprogrammingmodel.

We have describedthe implementationof a nesteddata-parallellanguagecalled NESL. NESL was
designedto allow theconcisedescriptionof parallelalgorithmsonbothstructuredandunstructureddata.It
hasbeenusedin acourseonparallelalgorithmsandhasallowedstudentstoquickly implementawidevariety
of programs,includingsystemsfor speechrecognition,ray-tracing,volumerendering,parsing,maximum-
¯ow, singularvaluedecomposition,meshpartitioning,patternmatching,andbig-numberarithmetic[16].
(A full implementationof NESL is availablefrom blelloch@cs.cmu.edu .)

Thebenchmarkresultsin thispapershowthatit ispossibletoachievegoodef®ciencywith anesteddata-
parallellanguage,acrossa varietyof parallelmachines.NESL runswithin a local interactiveenvironment
thatallows the userto executeprogramsremotelyon any of thesupportedarchitectures.This portability
dependscrucially on theorganizationof thesystemandtheuseof anintermediatelanguage.

Theef®ciencyof NESL on largeapplicationsstill requiresfurtherstudy. Someotherissuesthatwe plan
to examine:gettingbetteref®ciencyon nestedparallelcodewith manyconditionals;the speci®cationof
datalayout for irregularstructures;tools for pro®lingnestedparallelcode;the interactionof higher-order
functionswith nestedparallelism;andportingthesystemto otherarchitectures.
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A C, Fortran, and CM Fortran Benchmark Code

C code for line fitting

void fit(double x[], double y[], double *a, double *b,

double *siga, double *sigb, int n)
�

int i;

double chi2;

double xa = 0.0;

double ya = 0.0;

double Stt = 0.0;

*b = 0.0;

for (i = 0; i < n; i++)
�

xa += x[i];

ya += y[i];
�

xa = xa/n;

ya = ya/n;

for (i = 0; i < n; i++)
�

double tmp = x[i] - xa;

Stt += tmp * tmp;

*b += tmp * y[i];
�

*b = *b/Stt;

*a = (ya - xa * *b);

chi2 = 0;

for (i = 0; i < n; i++)
�

double v = y[i] - *a - *b * x[i];

chi2 += v * v;
�

*siga = sqrt((1.0/n + xa*xa/Stt)*chi2/(n-2.0));

*sigb = sqrt((1.0/Stt)*chi2/(n-2.0));
�
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Fortran code for line fitting

subroutine fit(x, y, a, b, siga, sigb, n)

implicit real (a-h, o-z)

real x(n), y(n)

xa = 0.0

ya = 0.0

do 10 j = 1, n

xa = xa + x(j)

ya = ya + y(j)

10 continue

xa = xa / n

ya = ya / n

Stt = 0.0

b = 0.0

do 30 j = 1, n

tmp = x(j) - xa

Stt = Stt + tmp * tmp

b = b + tmp * y(j)

30 continue

b = b / Stt

a = ya - xa*b

chi2 = 0.0

do 50 j = 1, n

chi2 = chi2 + (y(j) - a - b*x(j))**2

50 continue

siga = sqrt((1.0/n + xa*xa/Stt)*chi2/(n-2.0))

sigb = sqrt((1.0/Stt)*chi2/(n-2.0))

return

end

CM Fortran code for line fitting

subroutine fit(x, y, a, b, siga, sigb, n)

implicit double precision (a-h, o-z)

double precision x(n), y(n)

xa = sum(x)/n

ya = sum(y)/n

Stt = sum((x - xa)**2)

b = sum((x - xa)*y)/Stt

a = ya - xa*b

chi2 = sum((y - a - b*x)**2)

siga = sqrt((1.0/n + xa*xa/Stt)*chi2/(n-2.0))

sigb = sqrt((1.0/Stt)*chi2/(n-2.0))

return

end
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C code for selection

int select(int s[], int k, int l, int *tos)
�

int i;

int pivot = s[l/2];

int lesser = 0;

for (i = 0; i < l; i++) if (s[i] < pivot) lesser++;

if (k < lesser)
�

int j = 0;

for (i = 0; i < l; i++) if (s[i] < pivot) tos[j++] = s[i];

return select(tos, k, lesser, tos + lesser);
�

else
�

int greater = 0;

for (i = 0; i < l; i++) if (s[i] > pivot) greater++;

if (k >= l - greater)
�

int j = 0;

for (i = 0; i < l; i++) if (s[i] > pivot) toss[j++] = s[i];

return select(tos, k - (l - greater), greater, tos + greater);
�

else return pivot;
�

�
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Fortran code for selection

integer function select(t, s, d, kk, ll)

implicit integer (a-z)

integer s(ll), t(ll), d(ll), pivot, greater, lesser

k = kk

l = ll

do i = 1, l

s(i) = d(i)

end do

5 continue

pivot = s(l/2 + 1)

lesser = 0

do i = 1, l

if (s(i) .lt. pivot) lesser = lesser + 1

end do

if (k .lt. lesser) then

j = 0

do i = 1, l

if (s(i) .lt. pivot) then

j = j + 1

t(j) = s(i)

endif

end do

do i = 1, lesser

s(i) = t(i)

end do

l = lesser

else

greater = 0

do i = 1, l

if (s(i) .gt. pivot) greater = greater + 1

end do

if (k .ge. l - greater) then

j = 0

do i = 1, l

if (s(i) .gt. pivot) then

j = j + 1

t(j) = s(i)

endif

end do

do i = 1, greater

s(i) = t(i)

end do

k = k - (l - greater)

l = greater

else

l = 0

endif

endif

if (l .gt. 0) goto 5

select = pivot

return

end
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CM Fortran code for selection

integer function select(src, k, n)

implicit integer (a-z)

integer src(n), s(n)

logical greater(n), lesser(n), mask(n)

s = src

on count = n

target = k

do while (on count .gt. 0)

pivot = s(on count/2 + 1)

forall (i=1:n) mask(i) = i .le. on count

lesser = s .lt. pivot .and. mask

n lesser = count(lesser)

if (target .lt. n lesser) then

s = pack(s, lesser)

on count = n lesser

else

greater = s .gt. pivot .and. mask

n greater = count(greater)

if (target .ge. on count - n greater) then

s = pack(s, greater)

target = target - (on count - n greater)

on count = n greater

else

on count = 0

endif

endif

end do

select = pivot

return

end

C code for sparse-matrix vector product

void MxV(double Result[], double Mval[], int Midx[], int Mlen[],

double Vect[], int nrows)
�

int ncols;

double sum;

while (nrows--)
�

sum = 0.0;

ncols = *Mlen++;

while (ncols--) sum += *Mval++ * *(Vect + *Midx++);

*Result++ = sum;
�

�
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Fortran code for sparse-matrix vector product

subroutine MxV(Result, Mval, Midx, Mlen, Vect, nrows)

integer nrows

integer Midx(*), Mlen(*)

real Result(*), Mval(*), Vect(*), sum

index = 1

do irow = 1, nrows

sum = 0.0

do icol = 1, Mlen(irow)

sum = sum + Mval(index) * Vect(Midx(index))

index = index + 1

end do

Result(irow) = sum

end do

return

end

CM Fortran code for sparse-matrix vector product

subroutine Setup(Mlen, Offset, Segment, nrows, n)

include '/usr/include/cm/CMF defs.h'

integer nrows, n, Mlen(nrows), Offset(nrows)

logical Segment(n)

call CMFSCANADD(Offset, Mlen, CMFNULL, 1,

$ CMFUPWARD,CMFEXCLUSIVE, CMFNONE, .TRUE.)

Offset = Offset + 1

Segment = .FALSE.

Segment(Offset) = .TRUE.

return

end

subroutine MxV(Result,Mval,Midx,Offset,Segment,Vect,nrows,n)

include '/usr/include/cm/CMF defs.h'

integer nrows, n, Midx(n), Offset(nrows)

logical Segment(n)

real Mval(n), ScanMe(n), Result(nrows), Vect(nrows)

ScanMe = Mval * Vect(Midx)

call CMFSCANADD(ScanMe, ScanMe, Segment, 1,

$ CMFDOWNWARD,CMFINCLUSIVE, CMFSEGMENTBIT, .TRUE.)

Result = ScanMe(Offset)

return

end
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