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Abstract

This papergives an overview of the implementationof NESL, a portablenesteddata-parallelanguage.
This languageandits implementatiorare the ®rstto fully supportnesteddatastructuresaswell asnested
data-parallefunctioncalls. Thesefeaturesallow the concisedescriptionof parallelalgorithmson irregular
datastructuressuchassparsenatricesandgraphs.In addition,theymaintaintheadvantagesf data-parallel
languagesa simpleprogrammingmodelandportability. The currentNESL implementationis basedon an

intermediatdanguagecalledV cope andal library of vectorroutinescalledCvL. It runsonthe Connection
MachinesCM-2 andCM-5, the Cray C90, andserialworkstations.We compareinitial benchmarkesults
of NEsL with thoseof machine-speci®codeon thesemachinedor threealgorithms: least-squarebne-

®tting, median®nding,and a sparse-matrix/ector product. Theseresultsshowthat NESL's performance

is competitivewith that of machine-speci®oodefor regulardensedata,andis often superiorfor irregular
data.



1 Introduction

The high costof rewriting parallelcodehasresultedin signi®cangffort directedtowarddevelopinghigh-
levellanguageshatareef®cientlyportableamongparallelandvectorsupercomputersA commonapproach
hasbeento add data-parallebperationsto existing languagesas exempli®edoy the High Performance
Fortran(HPF) effort [33] andvariousextensiongo C (suchasC* [49, 47], UC [5], andC** [38]). Such
data-parallebextensionoffer ®ne-grainegbarallelismanda simple programmingmodel, while permitting
ef®cienimplementatioron SIMD, MIMD, andvectormachines.On the otherhand,it is generallyagreed
that althoughtheselanguageextensionsare well-suited for computationson densematricesor regular
meshestheyarenotaswell-suitedfor algorithmsthatoperateonirregular structures, suchasunstructured
sparsamatricesgraphspor treeg[29]. Languagesvith control-paralleconstructsareoftenbettersuitedfor
suchproblems but unfortunatelytheseconstructslo not port well to vectormachinesSIMD machinespr
MIMD machineswith vectorprocessors.

Nested data-parallel languages[10] combineaspectsf bothdata-parallehndcontrol-parallelanguages.
Nesteddata-parallelanguagegrovide hierarchicaldatastructuresn which elementof anaggregatelata
structuremaythemselvebeaggregatesandsupportheparallelapplicationof parallelfunctionsto multiple
setsof data. For example,a sparsearray can be representeds a sequencef rows, eachof which is a
subsequenceontainingthe nonzeroelementsin that row (eachsubsequenceay be a differentlength).
A parallelfunction that sumsthe elementsof a sequencean be appliedin parallelto sumeachrow of
this sparsematrix. Becausehe calls areto the sameparallelfunction, a techniquecalledflattening nested
parallelism [17] allows a compilerto converttheminto a form that runs ef®cientlyon vectorand SIMD
machines. Nesteddata-parallelanguagegherefore,in theory maintainthe advantage®f data-parallel
languageg®ne-grainegarallelism,a simple programmingnodel,andportability) while beingwell-suited
for describingalgorithmson irregular datastructures. Their ef®cientimplementation howevey hasnot
previouslybeendemonstrated.

As part of the CarnegieMellon SCAL project, we havecompleteda ®rstimplementatiorof a nested
data-parallelanguagealledNeEsL Thisimplementations basednanintermediatdanguagecalledV cobe
anda library of vectorroutinescalledCvL. Theimplementatiorrunson the ConnectionrMachinesCM-2
andCM-5, the Cray C90, andserialworkstations.(\We are currentlyworking on a versionfor workstation
clusters.) In this paperwe describethe languageand its implementation provide benchmarknumbers,
andanalyzethe benchmarkesults. Theseresultsdemonstrat¢hatit is possibleto getboth ef®ciencyand
portability on avariety of parallelmachineswvith anesteddata-parallelanguage.

Thethreebenchmarkslescribedn this paperarealeast-squareline-®ttingalgorithm,amedian-®nding
algorithm, and a sparse-matrixector product. Figure 1 summarizeghe benchmarkimings. For each
machinewe give direct comparisongo well-written native codecompiledwith full optimization. All the
NESL benchmarktiimes given in this paperusethe interpretedversionof our intermediatelanguage(as
discussedn Section5, a compiledversionis likely to be signi®cantlyfaster). The line-®ttingbenchmark
measuretheinterpretiveoverheadn ourimplementationit containonestecarallelismandthereforehe
vectorizingFortran77 andCM Fortrancompilersgeneratenearoptimal code. The median-®ndingesults
showthe bene®f NEsL's dynamic memoryallocationand dynamicload balancingon the Connection
Machines. Finally, the sparse-matribenchmarkdemonstrateshe ef®ciencyof NESL's nestedparallel
functionsonthe Cray C90.

Thepaperis organizedasfollows: Section2 describeNEsL andillustrateshow nestedparallelismcan
be appliedto somesimple algorithmson sparsematrices. (A descriptionof how NEsL can be usedfor
a wide variety of algorithmsis given elsewherd16].) Section3 outlinesthe component®f the current
NEsLimplementation Sectiond describe®urbenchmarkandSections discussegherunningtimesof the
benchmarks.



3.98

3.31
3.02
2.21
1.57
1.06
0.059
Alpha C90 CM-2 CM-5 Alpha C90 CM-2 CM-5 Alpha C90 CM-2 CM-5
Linefit Median Sparse MxV

Figurel: 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 NEesLand Nested Parallelism

NESL is a high-level languagedesignedo allow simple and concisedescriptionsof nesteddata-parallel
programs[11]. It is strongly typed and applicative(free of side-efects). Sequencesare the primitive

datatype and the languageprovidesa large set of built-in sequenceperationshaving ef®cientparallel

implementations.Nestedparallelismis achievedthroughthe ability to apply functionsin parallelto each
elemenbfasequenceNESL sapply-to-eacliormis speci®edssingaset-likenotationsimilarto set-formers

in SETL[52]. ForexampletheNESL expression

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

is readas@in parallel,for eacha in thesequencg3, -4, -9, 5] suchthata islessthan4, negate
a°. Theexpressiometurns[-3, 4, 9] . Parallelismis availablebothin the evaluationof theexpression
to theleft of the colon (: ) andin the subselectioro theright of the pipe (| ). This parallelsubselection
canbeimplementedvith packingtechniqueg6]. NESL alsosuppliesa setof parallelfunctionsthatoperate
on sequencess a whole. Figure 2 lists severalof thesefunctions;a full list canbe foundin the NEsL
manual[11]. Thesearesimilarto operationfoundin otherdata-parallelanguages.

NESL supportsnestedparallelismby allowing sequenceaselementf a sequencandby permitting
the parallelsequencdunctionsto be usedin the apply-to-eacttonstruct.For example a sparsanatrix can

berepresentedsasequencef rows,eachof whichis asequencef (column-number, value) pairs.
Thematrix
20 -1.0
m=| -1.0 20 -1.0
-1.0 20

is representedvith thistechniqueas

m= [0, 2.0), (1, -10)],
[0, -1.0), (1, 2.0), (2 -10)],
(1, -1.0), (@2, 2.0



Operation | Description

#a Length of sequence a.

a[i] i th element of sequence a.

sum(a) Sum of sequence a.

plus _scan(a) Paralld prefix with addition.

permute(a,i) Permute e ements of sequence a to positionsgiven in sequencei .
a -> | Get values from sequence a based on indicesin sequencei .

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};

Deleteelementdessthaneps:
{(@,v) in row | v >= eps}: row in m};

Appendacolumnj ofall 1's:
{[G,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 representatiocanbe usedfor matriceswith arbitrarypatternsof non-zeroelements.Figure3 shows
examplesof someusefuloperationson matrices. In theseoperationghereis parallelismboth within each
row andacrosgherows. Theavailableparallelismis thereforeproportionalto thetotal numberof non-zero
elementsratherthanthe numberof rows(outerparallelism)or averagaow size(innerparallelism).Graphs
canberepresentednalogouslyusingsubsequences storeadjacencylists.
Nestedparallelismis alsovery usefulin divide-and-conquealgorithms. As an example,considera

parallelquicksortalgorithm (Figure4). Thethreeassignmentfor les , egl andgrt selecttheelements
lessthan,equalto, andgreaterthanthe pivot, respectively The expression

{gsort(v):v in [les, ort] }

putsthe sequence$es andgrt togetherinto a nestedsequenceand appliesgsort in parallelto the
two elementf this sequenceTheresultis a sequencevith two sortedsubsequenced he concatenation
function++ is thenusedto appendhe threesequencesin this algorithm,thereis parallelismboth within
theselectionof eachof thethreeintermediatesequenceandin the nestedparallelexecutiorof therecursive
calls. A at data-parallelanguagenould not permittherecursivecallsto be madein parallel.

We decidedo de®n& newlanguagensteadof addingnestedoarallelconstructdo anexistinglanguage
for two mainreasons. First, we wanteda small core languageto allow us to guaranteghat everything
thatis expressedn parallelcompilesinto a parallelform. Secondwe wanteda side-efect-freelanguage
becausémplementinglandde®ningconsistensemanticgor) nesteddata-parallelismvhennestedunction
callscaninteractwith eachotherthroughside-efectis very dif®cult.

Althoughwe feel thatit would be possibleto addnesteddata-parallelisnio animperativelanguagewe



function gsort(s) =
if (#s < 2) then s

else
let pivot = s[rand(#s)];
les = {e in s| e < pivot };
eqd = {e in s| e = pivot };
gt = {e in s| e > pivot };
result = {qgsort(v):v in J[les, grt] }
in  result[0] ++ eqgl ++ result[1];

Figure4: A nested data-parallel quicksort in NESL

doubtthat nesteddata-parallelisntould be addedto C or Fortranin suchaway thatthe resultinglanguage
would bebothcleanandef®cient.For Cit is likely thatonewould haveto limit thetype of objectspermitted
in the paralleldatastructurein orderto produceef®cientcode. In particular allowing arbitrary pointers
in a parallelstructure while highly desirable would alsobe very hardto implement. For Fortran77, the
staticmemoryrequirementsvould severelylimit the usefulnesof a nesteddata-parallelanguage. The
additionaldatamanagemenrfeaturesin Fortran90 could reducethesdimitations, but the manyfeaturesof
thelanguageresodelicatelybalancedhat permittingnestedstructuresvould likely toppleit.

3 System Overview

Thefull implementatiorof NESL consistof a NESL compiler anintermediatdanguagecalledV cobe[12],
an interpreterfor VCoDE, and a portablelibrary of parallel routinescalled CvL [13]. We also havean
experimentalV cope compilerfor shared-memorfMIMD machineq19, 20]. The rolesof the different
componentareshownin Figure5. This sectiongivesanoverviewof the eachof thesecomponents.

The NESL executiontimes reportedin this paperare for interpretedVcobe Use of an interpreted
intermediatdanguageallowsusto portour systemvery quickly to newmachinesthe only componenthat
needgo berewrittenis alibrary of vectorroutinescalledby theinterpreter Thereis anef®ciencyossfrom
usinganinterpreterthislossdepend®nthe particularmachineandon the problemsize. Oneportionof the
overheads a ®xedcostperexecuted/CODE instruction(a single VCODE instructionoperaten anentire
sequence)Thisconstanbverheads amortizecbvertheperelementostof executingasequenceperation,
so the systemattainshigher ef®ciencyif longersequenceareused. Our techniquefor compiling nested
parallelism( attening) allows usto achievethe ef®ciencyof operatingon singlelong sequencemsteadof
severakhortersequencem the nestedparallelcalls. Theseef®ciencytradeofs areanalyzedjuantitatively
in Sectionb.

3.1 NEsLcompiler

The NEsL compilertranslateNESL codeinto VcobDE It is written in CommonLisp [55] andis invoked
within aninteractiveenvironment. Figure 6 showsthe phasesf the compiler This sectionconcentrates
onthethird phaseflattening nested parallelism, andbrie y discusseshe fourth phasetype specialization.
Thetypecheckelin the secondohases a Milner styletype checkef42] with typeinference andthe other
phasesisestandarccompilertechniques.

Our approachto implementingnestedparallelism usesa techniquecalled attening nestedparal-
lelism [17, 10, 46]. This processconvertsnestedsequenceito setsof at vectorsand translateshe
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Nested data-parallel language
NESL Strongly typed, polymorphic
First-order functional

Flatten nested parallelism
NESL | | Type inference

Compiler| | Type specialization
Mark last use of variables

Length inference
Access inference
Instruction clustering
Storage optimizationfs
|

Stack-based
intermediate language

VCODE VCODE Memory management
; Runtime length checking
Con|1pller Interpreter Serial /O
Multi-threaded CVL C library of
C parallel functions
| |
Serial Cray CM-2 CM-5 Cluster
CVL CvVL CVL CVL CVL

; Codedin Codedin CodedinC Coded in
Codedin C <= d CAL G-PARIS and CMMD G and PVM

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.

Flatten Nested N Type R Mark Ly Code

Type
Parse Check K Parallelism Specialization last use Generation

Figure6: The main tasks of the NEsSL compiler.

nestedoperationsinto segmentetl VCODE operationson the “attened representation. The “attening of
nestedsequencess achievedy convertingeachsequencinto a pair: avalue vectoranda setof segment
descriptorsForexamplethesequencg2, 9, 1, 5, 6, 3, 8] wouldberepresentetdy the pair

[7]
2, 9, 1, 5 6, 3, 8

segdes
value

andthenestedsequencf[2, 1], [7, 0, 3], [4]] wouldberepresenteds

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

In theseexamplesasegdes with only onevaluespeci®ethatthewholevectoris onesegmenttheuse
of this seeminglyredundantiatais critical whenimplementingnestedversionsof userde®nedunctions).

!Segmentsirea techniqueor implementingnestedparallelismandarefully describecy Blelloch[8, 9, 10].
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In thesecondexamplesegdesl describeshesegmentationf segdes2 , notof value . Sequencethat
are nesteddeeperare representedy additionalsegmentescriptors. Sequencesf ®xed-sizedtructures
(suchaspairs)arerepresentethy multiple value vectors(onefor eachslotin the structure)that sharea
commonsegmentescriptor

Usingthis representatiomestedversionsof NESL operationsvith VCODE counterpartganbedirectly
convertednto the correspondingegmented coDE instruction. Forexample V cobpeincludesasegmented
+-reduce operation,which if passedhe two vectorsshownabove,would returnthe vector[3, 10,
4] . Nestedversionsof userde®nedunctionsareimplementedoy using programtransformationsalled
stepping-up andstepping-down [17]. Thesetransformationgonvertall the substep®f a nestedcall into
segmentedperationsor into calls to other functions that have alreadybeentransformed. With these
transformationsywhena userfunction is usedin an apply-to-eactform, the datafor eachsubcallis in a
separatsegmentandcomputation®n eachsegmentanproceedndependently

Themostcomplexpartof “attening nestedparallelismis transformingconditionalstatementsThereare
two main partsof this transformation.The®rstpartinsertscodefor packingoutall thedatain subcallshat
do nottakeabranchandfor reinsertingthis datawhenthe branchis complete.This guaranteethatwork is
only doneonthe subcallghattakethebranchandis similarto techniquesisedby vectorizingcompilersto
vectorizeloopswith conditionalg64, 83.6]. It alsoresultsin properload balancingon parallelmachines.
Thesecondoartinsertscodeto testif anyof thesubcallsaretakingthebranchandto skip thebranchif none
are. Thisisimportantfor guaranteeingermination. Thecommunicatiorcostsinvolvedin doingthepacking
andunpackingcanbequitehigh,andoneareaof our ongoingresearclis to seehowthecommunicatiorcan
bereducedy only packingwhenthereis a sighi®cantoadimbalanceamongprocessor§s3].

We nowbrie y describehethird phaseof the NESL compiler whichinvolvesspecializingpolymorphic
code.The standardmplementatiorof polymorphismis to havea singlecompiledversionof afunctionand
achievepolymorphisnby useof pointersbthefunctiononly manipulatepointersto thedataratherthanthe
actualdataandthereforedoesnt careaboutthe type or size of the data. In this schemehereis almostno
control of layout of the datasincesuchcontrolwould requireknowledgeaboutthe size of the data,which
dependonits type. Becauseaf the high costof communicatioramongprocessoren parallelcomputers,
it is importantthat we havecontrol over the layout of data. The NeEsL compilerthereforespecializesall
polymorphicfunctionsto speci®dypesandgeneratesodefor eachtype. Thetype systemis suchthatthe
compilercandetermineall typesto which a particularfunctionis goingto be appliedat compiletime. The
compilermust,howeverhaveaccesgo thewhole program.

3.2 VCODE

VCODE[12, 14] wasdesignedsatestbedor asystematistudyof compilerandimplementatiorissueghat
arisein data-parallelanguages.Accordingly, its designconcentratesn dataparallelismto the exclusion
of otherissuesmore commonlyseenin languagedesigns,suchas datastructuresand advanceccontrol
constructs.

The aggregatedatatype in VCoODE is the homogeneousegmentedrector of atomic types. There
arefour basicdatatypes: booleanvectors,integervectors, oating-point vectors,andsegmentlescriptors.
Segmentescriptorslescribehowvectorsarepartitionednto segmentsForexamplethesegmentescriptor
[2, 3, 1] speci®eshatavectorof length6 shouldbe consideredhs3 segment®f lengths2, 3 and1,
respectively(segmentare contiguousandnon-overlapping) Eachinstructionthenoperatesndependently
overeachsegmenbf thevector Forexamplethe+_ scan instructionperformsa parallelpre®xoperation
on eachsegmentstartingfrom zeroon eachsegmenboundary The segmentedersionsof theinstructions
are critical for the implementationof nestedparallelism(seeSection3.1). The notion of segmentslso
appearsn someof thelibrary routinesof the ConnectiorMachinesCM-2 [57] andCM-5 [60] andhasbeen



adoptedin the PREFIX and SUFFIX operationsof High Performancd-ortran[33]. TheinternalVCODE
representationf the segmentescriptoris machine-dependentur serialimplementatiorusesa sequence
of thelengthsof eachsegmentwhile ourimplementation®n the Crayandthe ConnectiorMachinesCM-2
andCM-5 alsouse ags to markboundariedbetweersegments.

V cobk candynamicallycreateanddestroyarbitrarily long vectors,asthis is necessaryor mostdata-
parallellanguages.Unlike machine-orientedanguagesy CcoODE providesno notion of processorseither
physicalor virtual. This allows the interpreteror compilerto choosestrategiedor processmappingand
memorymanagemerdppropriatdor thetargetmachine.

V CODEis basedon a stackmodelof memoryandresemble$cod€g44], a serialintermediatdanguage
designedor Pascal.lt is convenientlyde®nedn termsof anabstractmachine the vectorstackmachine.
Thisis astandardgtackmachine excepthateachstacklocationcontainsanarbitrarily long vectorof atomic
values.Eachvectorhasalengthassociatedvith it, andvectorsin differentpositionsonthe stackmayhave
differentlengths. Instructionsoperateon entirevectorsat a time. For example the + instructionpopsthe
toptwo vectors(of equallengthandappropriatéype)from thestack,addscorrespondinglementsogethey
andreturnstheresultvectorto thetop of the stack.

V CODE containsa small setof instructions,mostof which operateon vectorsof atomicvalues. The
vectorinstructionsoperateon a ®xednumberof vectorsfrom the top of the stackand returntheir result
to thetop of the stack. The vectorinstructionscanbe divided into the following subclassese ementwise
instructions, which are apply-to-eachextension®of arithmeticandlogical operations;scan and reduction
instructions, which providereductionandparallelpre®xoperationsn vectorsfor a ®xedsetof associative
operatorspermuteinstructions, whichrearrangelement®of avectoraccordingo anothewectorof indices,
possiblyaccompaniethy maskingor defaultvectors;segment descriptor manipulation instructions, which
createandmanipulatesegmentescriptorsandl/O instructions, which readandwrite vectorsandsegment
descriptors.The permuteinstructionscanbe usedto implementvectorbasedndexingin C*, Fortran90,
andAPL, for the 8 operationin CM-Lisp [63], andfor the move operationin ParalationLisp [51]. The
segmentednstructionspermit the implementationof the nestedparallelismallowedin CM-Lisp, SETL,
andParalatiorLisp. Therestof theVcobDE instructionsarefor ow control,stackmanagemerdndsystem
interface. Of specialnote are the stackmanagemenfunctionsPOPand COPY eachof which takestwo
argumentsThesespecifya distanceup the stackto startanda numberof elementonwhichto operate.

A VcoDE programis a setof VcobDEe functions.V cobpE functionsaremapsfrom stackpre®xego stack
pre®xesthe stackis usedto passparameterandreturnresults. Control ow within afunctionis directed
by a conditionalform andrecursion.The conditionalform hastherestrictionthatbothbranchesnustleave
the stackin the samestatewith respecto depthanddatatypes. This is necessaryo ensurehatfunctions
arewell-formed. All instructionsare strict, i.e., all inputs mustbe evaluatedbeforean instructioncanbe
executed. Synchronizations implicit and lock-step: an instructionmust be completedbeforethe next
instructioncanbeginexecution. VCoODE is side-efect free, so somepermutationinstructionsmay require
the destinatiorto be copiedbeforeany datamovemenbccurs.

3.3 VCODEinterpreter

The two main requirementgor the VCODE interpreterare portability and ef®cientmanagementf vector
memory Theinterpretelis writtenin ANSI C to easeportability andcontaindittle machine-dependenbde
(mostof which stemdrom operatingsystemdifferences) Thetypical sequencef operationperformedby

theinterpreterto executea vectoroperationis asfollows: atablelookupis performedto ®ndthe number
of stackargument@anoperationusesandthelengthandtype of the operations result;optionally, a checkis

madethatanylengthandtype constrainton theargumentsresatis®edmemoryfor theresultis allocated,
asexplainedbelow;theassociatedvL functionis calledto performthevectoroperationaftercompletion,



stack vector block list vector memory

free list
pointers

Figure7: Internal structure of the VcobDEe 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.

theargumentarepoppedoff thestack.All thisresultsin aconstantimeinterpretiveoverheaderexecuted
V CODE instruction.

Themostnovelaspecbf theinterpretelis its memorymanagementy CODE createsnddestroysrectors
of differinganddynamicallydeterminedizes.Mostmemorymanagemerdandgarbagesollectionliterature
(sed3], for examplelassumekargenumberof smallobjectsandalarge(virtual) memory VCODEprograms
donotbehavdn this manner In particular thereareusuallyfew largedatastructuregvectorslactiveatany
onetime, andwe wantto operateon the largestpossibleproblemsizethat availablememorycansupport.
The supercomputersn which Vcobpe runstypically provideno virtual memoryfacilities, sothereis ahard
limit ontheamountof memorya programmay use. Thereforewe mustbe very thrifty with the amountof
memoryusedby a VCODE program.

Figure7 showsthe internaldatastructurefor memorymanagementEachentryin the vectorstackis
really apointerto anentryin avector block list. VCcobDE stackmodi®catioroperationsareimplemented/ia
pointermanipulationsno actionis takenon vectormemory

Entriesin thevectorblocklist describenowvectormemoryis currentlypartitioned. Thevectorblocklist
maintainsan orderpreservingl-1 mapto regionsof vectormemory(in termsof Figure7, the arrowsfrom
thelist to vectormemorynevercross). Eachregionof vectormemoryis eitheractiveor free, asindicated
by a ag in thecorrespondingectorblock entry Eachvectorblock entryhasa referencecount,giving the
numberof timesit occurson the stack. Whenthis numberreachesero,the vectorstoredin the regioncan
nolongerbereferencedTheinterpreterfreesthe associatedegionof memory mergest with anyadjacent
free regions(destroyingthe vectorblock entry of the mergedregion)andputsit on a free-list. Thereare
severalfree-lists,eachcorrespondingo a differentrangeof regionsizes(currently eachlist hasregionsa
factorof two largerthanthe previouslist). Useof multiple freelists for differentsizedregionsallowsusto
examinefewerregionsto ®ndoneof theappropriatesize.

To allocatespacdor anewvectorof knownmemorysize,theinterpretettriesto ®ndalargeenougHhree
regionof vectormemoryby doing a ®rst-®bn the appropriatdree-list. If noblock in thatfree-listis big



enoughthefree-listsof largerregionsizesarecheckedn a®rst-®mannerandif noneis found,thegarbage
compacting routineis called. Thisroutinepushesll vectorsasfar aspossibleto thefront of vectormemory
creatingonelargeregionof freememoryattheend. If thisregionis notlargeenoughtheinterpretersignals
an out-of-memoryerror. Whena large enoughregionhasbeenfound, the interpreterdividesit into two
pieces:onefor thevectorandonethatis returnecdto the free-listappropriatdor thatregions size.

Thereferenceountsin thevectorblocklist alsoenableheinterpreteto performsimplecopyelimination
optimizationg28, 31]. To enforcetheapplicativesemanticof VCcobe theimplementatiorof anoperation
thatchange®nly a singleelementof a vectormustcopy the entirevectorbeforemakingany alteration. If
thereferencecountindicatesthatthis is the lastreferenceo the2old® versionof the vector we may avoid
the copyandimplementthe operationin a (moreef®cient)destructiveananner

3.4 VcoDEcompiler

Chatterjees doctoraldissertatior[19, 20] discusseshe design,implementationandevaluationof an opti-
mizing Vcope compilerfor shared-memoriMIMD machines.in this sectionwe give a summaryof these
issues.

Thereis, of course atrivial implementatiorof Vcobe on a MIMD machine:eachVCoDE instruction
is written asa parallelloop, andthe processorsynchronizebetweeninstructions. This is preciselyhow
the VcobDk interpreterworks. However suchanimplementatiorof dataparallelismon a MIMD machine
hasseveraperformancedottlenecksyhich limit boththe asymptotigperformanceandthe performancdor
smallproblemsizes.

e Theparallelismof the sourcdanguagés too ®ne-grainedor MIMD machines Sinceloop overhead
scaleswith problemsize,it limits theasymptotigperformancef the parallelprogram.

¢ Serialoverheadelatedto load balancing storagemanagemenandloop setupis independenbf the
problemsize, and thereforein uencesthe small problemsize performancebut not the asymptotic
performance.

e Theimplicit lock-stepsynchronizatiomf thedata-parallemodelis expensiveo implementon MIMD
machineswhereast comesdfor freeon SIMD machines Sincethecostof barriersynchronizatioron
aMIMD machinedepend®n the numberof processorbutis independentf problemsize,this only
affectsthe performancet small problemsizes.

e The(potentiallylarge)intermediataesultsgeneratedy the ®ne-grainegarallelismcauseproblems
for the memoryorganizationgypically foundin MIMD machinesIn particular locality of reference
andits concomitanbene®tarecompromisedLossof locality increaseslataaccesgimes;it scales
with the problemsize,andlimits asymptotigperformance.

The Vcobe compileraddressetheseproblemsthrougha setof programoptimizationtechniqueghat
clustercomputationinto larger loop bodies,reduceintermediatestorage,andrelax synchronizatiorcon-
straints. Thesetechniquesio not requireknowledgeof datasizesor the numberof processorst compile
time. Therearefour principal optimizationtechniques:

e Szeinference symbolicallyidenti®esquivalencelasse®f datasizesandloop structures.

o Clustering usesthe informationproducedby sizeinferenceandusesit to partitionthe computation
graphinto a setof parallelloopsthatcanbescheduled.

e Access inference re®neghe loops producedby clusteringbasedon con icts betweende®nitionand
usageaccespatternsof datavectors producingloopsfree of anyexplicit synchronization.
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e Sorage optimizationsremovearraystorageor reducethe storagefrom afull arrayto a smallerbuffer
storingonly a few elements.

The compileracceptsvV coDE asinput and outputsC codewith threadextensiongargetedat shared-
memorymultiprocessorsThe native C compileris theninvokedto producethe ®nalmachinecode. This
makegsthe compilerportableandallowsthe useof thebestcompilertechnologyavailablefor the machine.

35 CwvL

To enablerapid porting of VCcobDE to newmachinesye designedCvL (C VectorLibrary) [13], alibrary of
low-level segmentedectorroutinescallablefrom C. Theseareusedby a VcobDe interpretey describedn
Section3.3.

The purposeof CvL is to provide a portable segmentedvector abstractionthat can be ef®ciently
implementedn a wide rangeof machines.This library canthenbe usedby interpretersand compilersof
more complicatedanguages.Examplesof the vectorroutinessuppliedby the library include: numerous
elementwiseperationgarithmeticabndlogical),scarandreductioroperationsandavarietyof permutation
operations.All primitives arede®nedor both unsegmentednd segmentedrectors,andfor severaldata
types:integersbooleansanddoubleprecision oating pointnumbers AlthoughCvL implementationsire
machine-speci®dhe interfaceto the library is machine-independentThus C codewritten using CvL is
portableacrossall machineswith a C compilet

Thevectormemorymodelsuppliedby CvL wasdesignedo be portableto bothsharedanddistributed
memorymachines.CvL storesvectorsin a regionof memory(vector memory) that shouldbe viewedas
separatdrom normalmemory CvL exportsonly a handleto a vector knownasa vec _p. Non-library
functionsmay not do anythingwith a vec _p exceptstoreit andpassit asa parameteito CvL routines.
Givenavec _p, thereare CvL functionsthat returnthe amountof vectormemorythatthe corresponding
vectortakes.CvL itself doesno memorymanagemengtherthantheinitial allocationof thetotality of the
vectormemory It is the responsibilityof the codeusingthe library to managethis memory Oneway of
doingthisis describedn Section3.3.

Thekey to ef®cienimplementatiorof nesteddata-parallelisnis the ef®cienimplementatiorof opera-
tionsonsegmentedectorswhichin oursystencorrespondso ef®cientodefor thevariousCvL functions.
Unfortunatelycurrentsupercomputecompilerscannotadequately}compile Fortranor C implementations
of theseoperationsforcing usto implementtheseoperationsat a very low-level for thetargetmachines.

351 CrayCvL

We haveimplementedCray CvL for a singleprocessoof the Cray Y-MP andY-MP C90. TheCvL library
consistof Cray AssemblylLanguagdg24] kernelswhich arecalledfrom C.

The choiceof Cray AssemblyLanguage(CAL) might seemunnecessarilyow-level, especiallyfor
implementinga vectorlanguagen a vectormachine.However while the elementwisaperationsouldbe
implementedef®cientlyin C or Fortran,it is very dif®cultto produceef®cientcodefor the scanoperations
andsegmenteaperationdrom C or Fortran. Thereare severalreasonsvhy hand-writtenassemblycode
outperformsC or Fortrancode. For segmentedperationsthe segmentationf avectoris representedsing
packed booleans, a representatiothatis not supportedoy high-levellanguages Storing64 booleansn a
singleword reducesnemoryrequirementandmakesef®cientuseof the Cray's functionalunits. Thescan
operationsalsoneedto usea non-standartbop structurewe call loop raking [15] in orderto bevectorized.
Finally, in orderto makethe bestuseof hardwarechainingandavoid registerreservatioreffects[48], it is
necessarto unrolltheloops. Thescanandsegmentedcanalgorithmsaredescribedn detailelsewher¢21].
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CAL codeis very ef®cient,but programmingin raw CAL is tedious,errorprone,and non-portable.
In orderto programat a higherlevel, we implementedthe CvL kernelsusing our own macroassembler
(written in CommonLisp) that generate€CAL. In the assemblerwe developeda setof loop macrosfor
implementingscansincludingaversionthatgeneratesinrolledloops. Partof themotivationfor developing
themacroassemblewasto allow usto portthe codeeasilyto othervectormachinesn thefuture.

Althoughthe currentversionof Cray CvL only usesoneprocessamwe haveimplementedrototypesof
multiprocessowrectoroperationg15] andwe areworking on a completemultiprocessotibrary usingthe
Cray microtaskingfacilities [25].

352 CM-2CvL

The implementatiorof CvL for the CM-2 is built on top of the Parisinstructionset[57]. As a machine-
speci®tanguageParishasseverahicefeaturedor implementingCvL: acleaninterfaceto C,amodelof the
CM-2 asa collectionof virtual processorsanddirectsupportfor scanreduceandothervectoroperations.
It alsohasthreesigni®cantirawbackshowever First, it usesthe older2®eldwiselrepresentationf data,
whichinvolvesextratranspos®perationsvhenusingthe oating pointchips. Thenewerandmoreef®cient
aslicewise®representatiolis not supportedoy Paris. Second Parisvectors(the basicParisdatatype) are
limited to 64K bitsin size,andthe currentCvL implementatiorinheritsthis limitation. Third, assigninghe
responsibilityof memorymanagemento VCoDE meanshat CvL vectorsarereally pointersinto a single
big block of memory SincePariscommunicatiorfunctionscannotoperateon thesepointers(implemented
asParisaliases®with non-zeraoffsets),CvL agumentanustbe copiedinto temporaryectorsbheforeuse.

Thisproblemandits inelegansolutionillustratethedif®cultyof ®ndinganintermediatdanguagenodel
that canbe ef®cientlyimplementedacrossall supercomputearchitectures.In this case(CM-2 Paris), it
would be moreef®cientif the job of memoryallocationweremovedfrom Vcobpeto CvL. Thiswould let
the CvL codeallocatenew Parisvectorson demandtherebyeliminatingthe overheadf doublecopying.
Alternativelyy CM-2 CvL couldberewrittenata muchlowerlevelin PEAK [50] code ,whichwould bypass
all of the Paris-basetimitations,but at a high costin termsof programmeeffort andmaintainability

353 CM-5CvL

Forthe CM-5 implementatiorof CvL, we originally thoughtthatCM Fortran[59] would bethelanguageof
choice. This hasthe attractionof beingavailableon the CM-2 aswell, andof generatingslicewisePEAK
codefor thatmachine.Thusanimplementatiorof CvL writtenin CM Fortranfor the CM-5 shouldbeeasily
portablebackto the CM-2 andholdsthe promiseof offering improvedperformanceverthe existingParis-
basedCM-2 CvL. FurthermoreCM Fortrancodecanusethe CM-5 vectorunits, which greatlyincrease
the speedof simple elementwiseperations.However CM Fortrandoesnot provide low-level accesgo
the underlyingmachine. This causedseveralmajor problems. Therewasno way to force the compilerto
layout CvL memoryef®ciently(sincethe compilercould not know aheadof time how the memorywould
be subdividedby Vcopg). Similarly, therewasno way to guaranteanaximalalignmentof CvL vectors,
whichtheV cobeinterpreterreliesuponto beableto, for example placeavectorof doublesvhereavector
of booleansisedto start.

We thereforewrote CM-5 CvL in C, usingthe CMMD [60] message-passiridprary. This combination
gives full control over memory layout and alignment, allowing vectorsto be load-balancechcrossall
processors. The CvL scanand reductionfunctions are implementedusing the correspondingCMMD
primitives,while functionsinvolving arbitrarycommunicatior(suchaspermuteandpack)usethe CMAML
Active Messagédunctions[62]. Our currentimplementationis aninitial releasethatdoesnot fully re ect
the powerof the machine.Futureimprovementareexpectedo include:
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e UsingCMNA [61] to accesshe networkinterfacechipsdirectly. With specializedeceivefunctions,
thiswill allow thefull payloadof eachpacketto beusedratherthansacri®cingpnewordto theactive
messagsystem.Directaccesso theon-chippacketcounterswill alsoreducethetimetakento agree
onwhetherall packetshavebeensentandreceived.

e UsingCDPEAC[58] to exploitthe vectorunits. Thiswill greatlyincreasehe speedf elementwise
operations.

3.54 Other CvL implementations

Ourimplementatiorof CvL onworkstationsusesANSI C andcanthereforebe portedeasilyto mostserial
machines ClusterCvL is beingwritten usingC andPVM [30]. Faithet al. [27] atthe University of North
CarolinahaveportedCvL to the MasparMP-2 usingthe MPL programmindanguage.

4 Benchmarks

This sectiondescribeghreebenchmarksa least-squarebne-®t,a generalizednedian®nd,anda sparse-
matrix vectorproduct. The particularbenchmarksvere selectedfor their diversecomputationarequire-
ments,summarizedn Figure 8. They are eachsimple enoughthat the readershould be able to fully
understandvhat the algorithmis doing, but are more complexthan barekernelssuchasthe Livermore
Loops[41]. Theperformancef thesebenchmarkslemonstratemanyof theadvantageanddisadvantages
of our system.Theresultsof thesebenchmarksvill beanalyzedn Sectionb.

Communication| DynamicStructures| NestedParallelism
Line Fit Low No No
Median High Yes No
SparsevixV High No Yes

Figure8: The properties of the benchmarks.

Our®rstbenchmarlks aleast-squardime-®ttingroutineusingthealgorithmdescribedn Presst al. [45,
814.2]. Theversionwe useassumesll pointshaveequalmeasuremengrrors. This is a straightforward
algorithmthatrequiresverylittle communicatiorandhasnonestedparallelism.Furthermoreall vectorsare
of knownsizeatfunctioninvocationandcanbeallocatedstatically It is thereforewell-suitedfor languages
suchas Fortran90. We usethis benchmarko measurethe overheadincurredby our interpreterbased
implementation.The NEsL codefor thebenchmarks givenin Figure9.

Our secondbenchmarkis a median-®ndinglgorithm. To implementmedian-®ndingve usea more
generalalgorithmthat ®ndsthe k" smallestelementin a set. The algorithmis basedon the quickselect
method[34]. Thismethodis similarto quicksort,butcallsitself recursivelyonly onthepartitioncontaining
the result (the recursionwasremovedin the Fortranversion). This algorithm requiresdynamicmemory
allocation(alsoremovedn the Fortranversion)sincethe sizesof theless-than-pivoandgreaterthan-pivot
setsaredatadependent.In orderto obtain properload balancingthe datamustbe redistributedon each
iteration. TheNESL codefor thealgorithmis shownin Figure10. Thisalgorithmwasselectedo demonstrate
theutility andef®ciencyof NesL's dynamicallocation.

Our third benchmarkmultiplies a sparsematrix by a densevector and demonstrateshe power and
ef®ciencyof nestedparallelism.Sparse-matrixectormultiplicationis animportantsupercomputekernel
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function linefit(x, y) =

let
n = float(#x);
xa = sum(x)/n;
ya = sum(y)/n;
Sttt = sum({(x - xa)A2:  x});
b = sum({(x - xa)*y: X; y}pIstt;
a = ya - xa*b;
chi2 = sum({(y-a-b*x)A2: x; yh;

siga = sqrt((1.0/n + xaA2/Stt)*chi2/n);
sigb = sqrt((1.0/Stt)*chi2/n)

(a, b, siga, sigb);

Figure 9: 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 parallelize ef®cientlybecauseof its irregular data structuresand high

communicatiorrequirements While thereare manyalgorithmsfor specialclasse®f sparsematrices,we

areinterestedn supportingoperationdor arbitrarysparsamatrices.This is challengingsincethe matrices
usedin a numberof differentscienti®@andengineeringdisciplinesoften haveaveragerow lengthsof less
than10. Theserow lengthsare signi®cantlylessthan the start-upoverheadfor vector machines(ny,»)

andare far too smallto divide amongprocessor$n an attemptto parallelizerow by row. On the other
hand,dividing rows amongprocessorsnakesload balancingdif®cultsinceeachrow canhavea different
lengthandthe longestrows could be very muchlongerthanthe shortest. Our implementationgin NEsL,

C, andFortran)usea compressedow formatcontainingthe numberof non-zeroelementsn eachrow, and
the valuesof eachnon-zeromatrix elementalongwith its columnindex[26]. Figure 11 showsthe NESL
implementatiorandFigure 12 showsanexampleof a sparse-matrixectorproductusingthis format.

5 Reasults

Runningtimesfor all benchmarkswith a variety of datasizesare givenin Table1. Timesare givenfor
both interpretedNESL codeand for native code. For native codewe usedFortran77 on the Cray C90,
CM Fortran[59] onthe ConnectionMachinesCM-2 andCM-5, andC on the DEC Alpha workstation.In
all casesve usedfull optimization. The nativecodewe usedis givenin AppendixA. NESL timingsarefor
the codeshownin Section4, run usingthe Vcobe interpreter All Alpha benchmarksvererunonaDEC
3000AXP Model 400 with 32 Mbytesof memory All Cray C90 benchmarksvererun on one processor
of a C90/16with 256 Mwords of memory All ConnectionMachineCM-2 benchmarksvererun on 32K
processorsf aCM-2, with 32Kbytesof memoryperprocessarAll ConnectiorMachineCM-5 benchmarks
wererunon 256 processorsf a CM-5, with 32 Mbytesof memoryperprocessor

TheCM-5 CM Fortranbenchmarkslid not usethevectorunits,in orderto enablea bettercomparison
to be madewith the currentimplementatiorof CvL on that machine.Whenthe vectorunits areused,the
CM Fortranline-®thenchmarkuns1+40timesfaster(dependingn problemsize),the CM Fortranmedian
benchmarkuns2+5timesfaster andthe CM Fortransparse-matrixectorproductbenchmarkuns1+1.5
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function select _kth(s, k) =
let pivot = s[#s/2];
les = {ein 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 ain Mval;, b in v}
in
{sum(row) : row in nest(p, Mlen) };

Figurell: 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).

3000 10 30
0020 20 | _ 60
4 0 0 2 30 | | 120
3100 40 50
Vect = [10 20 30 40]
Midx = [0 2 0 3 0 1]
Vect-> Midx = [10 30 10 40 10 20]
Mval = [3 2 4 2 3 1]
p= [30 60 40 80 30 20]
Mlen = [1 1 2 2]
nest (p,Mlen) = [[30] [60] [40 80] [30 20]]
rowsums = [30 60 120 50]

Figure1l2: 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 Fr77 NESL CMF NESL CMF NESL
Line Fit
210 1 0.0007 | 0.0029 | 0.0001 | 0.0012 || 0.0018 | 0.0061 || 0.0008 | 0.0039
214 11 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 1 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-MatriyectorProduct
210 1 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

Table1l: 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 expectedhata future versionof CM-5 CvL will exploitthe vectorunitsandbe ableto
achievesimilar speedups.

We now discusghreemainissuesexhibitedby the timings: the advantagef nestedparallelismin the
implementatiorof the sparse-matrixectorproduct,the overheadncurredby our interpreteyandthe need
for dynamicload-balancindn the median-®ndingodeon the ConnectionMachineCM-2.

Nested Parallelism: The sparse-matrixectorproductbenchmarldemonstratethe advantagesndef®-
ciency of nesteddataparallelism. Figure 13 givesrunningtimeson the Cray for a variety of degreesof
sparsity Forvery sparsematricesthe NESL versionoutperformshe nativeversionby overafactorof ten.
This performancegain arisesbecausdhe compilationof nesteddataparallelismdescribedn Section3.1
generatesodewith running time essentiallyindependentf the size of the sub-sequencesThe nested
codeachievedull ef®ciency(vectorizationon the Cray andhigh data-to-processaatio on the CM-2 and
CM-5) by executingon the full input data. The resultis consistentlyhigh performanceegardlesof the
sparsityof the matrix. Note, however thatasthe matrix densityincreasesthe Cray Fortranperformance
improves. Eventually Fortranachievessuperiorperformancéecausaf NESL's extraperelementcostof
interpretatiorrelativeto compilation.

Interpretive overhead: Themainsourceof inef®ciencyin our systemis theinterpretatiorof theVVcobpE
generatediy the NESL compilet The cost of interpretationcan be analyzedby studyingthe line-®tting
benchmarksincethis benchmarkequiresvery little communicatiorandthe native-codaémplementations
compileto almostperfectcode.

Therearetwo mainsourceof interpretiveoverheadn our system.First, thereis the costof 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 10°.

the interpreteritself. For the line-®ttingbenchmarkthis is constantindependenbf input size (sincethe
interpreterexecutes ®xednumberof VCODE steps)andsoit canbe computedoy examiningthe running
timesfor smallinput. Figure14 showsthepercentagef runtime accountedor by this overheador varying
inputsizes aswell asthen, , valueatwhich theimplementationsttainhalf of their asymptoticef®ciency
As the®gureshows NESL sometimesequiredairly largeinputin orderto attaincloseto its peakef®ciency
This overheads not a problemon the CM-2; sincethereare 32K processorsthe loss of ef®ciencywhen
working with smallvectors(n < 32K) overwhelmgheinterpretiveoverhead.

The secondmajor de®ciencyof an interpreterbasedsystemis that the granularity of the operations
performedby the library is too ®ne. Eachoperationon a collectionof datais performedby a distinctcall
to the CvL library. In a compiledsystem,the loops performingthe separatgarallel operationscould be
fusedtogether This optimizationwould resultin muchbettermemorylocality (quantitiescould be kept
in registersandreusedjnsteadof beingloadedfrom memory actedon, andwritten back)andwould also
allow chainingonthe Cray. Theseloop fusionoperationsareperformedby the Vcobe compiler[19, 20].
With theinterpretertheseinef®cienciesadverselyaffect the peakperformancesf NESL programsandtheir
effectscanbe seenin the performanceof line-®ttingfor largedatasizes(seeTable1). Onthe CM-2 there
is anadditionalimportantsourceof inef®ciency:CM-2 CvL is built ontop of the Parisinstructionset[57].
Althoughworking with Parishasmanyadvantagest forcesuseof the older2®eldwise®representationf
data,insteadof the moreef®cientslicewiselrepresentatiogeneratedby the CM Fortrancompilet

Dynamic load balancing: We now considerwhy the native codefor the medianalgorithmdoespoorly
comparedo the NEsL codeon the CM-2. The medianalgorithmreduceshe numberof active elements
on eachstep. In our CM Fortranimplementationastheseelementget packedto the bottomof anarray
they becomemore imbalancedacrossthe processors.Although it is possibleto pack the elementsnto
a smallerarray this would requiredynamicallyallocatinga new vector on eachstep,which is awkward
in CM Fortrarfa NESL, vectorsaredynamicallyallocatedwith the dataautomaticallybalancedacrossthe
processorsThe NESL implementatiorof the medianalgorithmonly requiresa total of O(n) work because
on eachof the O(log n) stepsheamountof dataprocesseds cut by aconstanfactor Sincethe CM Fortran
implementatiomrequiresO(n) work on eachstep,it is afactorof O(logn) slower asillustratedin Figurel5.
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Figureld: Interpreter overhead for the line-fitting benchmark. The vertical lines indicate the points
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NESL implementation is comparable to that for the CM Fortran implementation. The Cray Fortran
overhead is insignificant for the data sizes in the graph and is not shown.

6 Comparisonto Other Systems

Numerous at data-parallellanguageshave beenproposedfor portable parallel programming,such as
C* [49], MPP-Pascal7], *Lisp [39], UC [5], and Fortran 90 [2]. Section2 explainedsome of the
expressibility and ef®ciencylimitations imposedby at languages;theseproblemsare also discussed
elsewhere[10, 11, 29, 32,54].

Two existingparallellanguagepermittheuserto describenestedlata-parallebperationsCM-Lisp [63]
andParalatioriLisp [51]. Howevertheimplementation®f thesdanguage®snly exploitthebottomlevel of
parallelism;for the sparse-matrixexample this resultsin a parallelsumfor eachrow anda serialloop over
therows. Both of theselanguagesredata-parallekxtensiongo CommonLisp [55]. The large numberof
featuresn CommornlLisp, andthedif®cultyof extendingheir semanticgo parallelexecution precludethe
implementatiorof full nesteddataparallelism.Thisis strongmotivationfor a simplecorelanguage.

The parallellanguagedD [43], SISAL [40], andCrystal[22], althoughnot explicitly data-paralleldo
support®ne-grainegbarallelism. They also supportnesteddatastructures althoughtherehasbeenlittle
researcton implementingnestedparallelismfor theselanguages.Thereare alsoseveralseriallanguages
that supply data-parallelprimitives and nestedstructures;theseinclude SETL [52], APL2 [37], J [36],
andFP [4]. SipelsteinandBlelloch [54] discusstheselanguagedrom the perspectiveof supportingdata
parallelism.

Anotherapproachto architecture-independeptrallel programmingis basedon control-parallellan-
guageghatprovideasynchronousommunicatingerialprocessesExamplesncludeCSP[35], Linda[18],
Actors[1], andPVM [56]. Thesdanguagesrewell-suitedfor problemgincludingirregularproblems}hat
canbespeci®edh termsof coarse-grainedub-tasksUnfortunately high implementatioroverheadnakes
ef®ciencytoo dependenbn ®ndinga decompositiorinto reasonablysizedblocks[18]. As aresult,these
systemsarenot well-suitedfor exploiting ®ne-grainegbarallelism. The large grain size rendersgprograms
lesslikely to be ef®cienton mostparallelsupercomputerbecauseheywill not vectorizewell anddo not
exposeenoughparallelismto take advantageof large numbersof processors. Extendingthesemodelsto
capture®ne-grainegarallelismis anareaof activeresearch23].
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7 Conclusions

The purposeof nesteddata-parallelanguagess to provide the advantage®sf dataparallelismwhile ex-
tendingtheir applicability to algorithmsthat use2irregular datastructures.The main advantagesf data
parallelismthat shouldbe preservedare the ef®cientimplementationof ®ne-grainegarallelismand the
simplesynchronouprogrammingmodel.

We have describedthe implementationof a nesteddata-parallellanguagecalled NESL. NESL was
designedo allow the concisedescriptionof parallelalgorithmson both structurecandunstructurediata. It
hasbeerusedn acourseonparallelalgorithmsandhasallowedstudentgo quickly implementawide variety
of programsjncluding systemdor speechrecognitionray-tracing,volumerendering parsing,maximum-
“ow, singularvalue decompositionmeshpartitioning, patternmatching,and big-numberarithmetic[16].
(A full implementatiorof NesL is availablefrom blelloch@cs.cmu.edu J)

Thebenchmarkesultsin this papershowthatit is possibleto achievegoodef®ciencywith anestediata-
parallellanguageacrossa variety of parallelmachines.NESL runswithin alocal interactiveenvironment
thatallows the userto executeprogramsremotelyon any of the supportedarchitectures.This portability
depend<rucially ontheorganizationof the systemandthe useof anintermediatdanguage.

Theef®ciencyof NESL on large applicationsstill requiresfurtherstudy Someotherissueghatwe plan
to examine: getting betteref®ciencyon nestedparallelcodewith many conditionals;the speci®catiormf
datalayoutfor irregularstructurestools for pro®lingnestedparallelcode;the interactionof higherorder
functionswith nestedoarallelism;andportingthe systento otherarchitectures.
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A C, Fortran, and CM Fortran Benchmark Code

C codefor linefitting

void fit(double X[], double y[], double *a, double *b,
double *siga, double *sigh, int n)

int i

double chi2;
double xa = 0.0;
double ya = 0.0;
double Stt = 0.0;

*» = 0.0;

for (i =0; i <n; i++) {
xa += Xi;
ya += y[if;

}

xa = xa/n;

ya = yaln;

for (i =0; i <n; i++) {
double tmp = x[] - xa;

Stt += tmp * tmp;
*b += tmp * yJi];

*H = *b/Stt;

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

chi2 = 0;

for (i =0; i <n; i++) {
double v =y[i] - *a - *b * X];
chi2 += v * v

}

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

subroutine fit(x, y, a, b, siga, sigb,
implicit real (a-h, o0-2)
real x(n), y(n)
xa = 0.0
ya = 0.0
do 10 j =1, n
xa = xa + X(j)
ya = ya + y()
10 continue
xa = xa / n
ya =ya / n
Stt = 0.0
b =00
do 30 )] =1, n
tmp = x(j) - xa
Stt = Stt + tmp * tmp
b =Db + tmp * y()
30 continue
b=">b/ St
a = ya - xa*b
chi2 = 0.0
do 50 j =1, n
chi2 = chi2 + (y() - a - bx())**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 codefor linefitting
subroutine fit(x, y, a, b, siga, sigb,
implicit double precision (a-h, o0-2)
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(ly - a - b*x)*2)
siga = sqgrt((1.0/n + xa*xa/Stt)*chi2/(n-2.0))
sigb = sqrt((1.0/Stt)*chi2/(n-2.0))
return
end

n)

n)
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C codefor selection

int

{

select(int s[l, int k, int I, int *tos)
int i;
int  pivot = s[l/2];
int lesser = 0;
for (i =0; i <[, i++) if (s[i] < pivot) lesser++;
if (k < lesser) {
int j =0;
for =0; i < i++) if (9] < pivot)  tos[j++] = g[i];
return  select(tos, k, lesser, tos + lesser);
}
else {
int greater = 0;
for =0; i < i++) if (9] > pivot)  greater++;
if (k >=1 - greater) {
int j =0;
for (i =0; i </ i++) if (s[i] > pivot)  toss[j++] = g[i];
return  select(tos, k - (I - greater), greater, tos + greater);
}
else return  pivot;
}
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Fortran code for selection

integer  function select(t, s, d, kk, 1)
implicit integer (a-2)
integer  s(ll), t(iny, dlny, pivot, greater,
k = kk
I =1
doi =1, |
s@i) = d(i)
end do
5 continue
pivot = s(/l2 + 1)
lesser =0
doi =1, |
it (s(i) At pivot) lesser = lesser + 1
end do
if (k. lesser)  then
j =0
doi =1, |
it (s(i) At pivot)  then
j=j+1
tQ) = s()
endif
end do
do i =1, lesser
s@i) = t()
end do
| = lesser
else
greater =0
doi =1, |
it (s(i) .gt. pivot)  greater = greater
end do
if (k .ge. | - greater) then
j =0
doi =1, |
it (s(i) .gt. pivot)  then
=i +1
tQ) = s()
endif
end do
do i = 1, greater
s@i) = t()
end do

k =k - (I - greater)

| = greater
else
I =0
endif
endif
if (1 .gt 0) goto 5
select = pivot
return

26

end

lesser



CM Fortran code for selection

integer  function select(src, k, n)
implicit integer (a-2)
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) =1 .le. on_count
lesser = s .t pivot .and. mask
n_lesser = count(lesser)
if (target At 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 codefor sparse-matrix vector product
void MxV(double Result[], double  Muvalf], int  Midx]], int
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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Fortr

an 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 codefor 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 CMESCANADD(Offset, Mlen, CMENULL, 1,
CMEUPWARD,CMEEXCLUSIVE, CMENONE, .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)
cal CMESCANADD(ScanMe, ScanMe, Segment, 1,

CMEDOWNWARDCMEINCLUSIVE, CMESEGMENBIT,
Result = ScanMe(Offset)
return
end
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