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Abstract

Thestrong focusof recentHigh End Computingefforts
on performancehas resultedin a low-level parallel pro-
grammingparadigmcharacterizedby explicit control over
message-passingin the framework of a fragmentedpro-
grammingmodel.In such a model,objectcodeperformance
is achievedat theexpenseof productivity, conciseness,and
clarity.

This paper describesthe design of Chapel, the Cas-
cade High Productivity Language, which is being devel-
opedin the DARPA-fundedHPCSproject Cascadeled by
Cray Inc. Chapelpushesthe state-of-the-artin languages
for HEC systemprogrammingby focusingon productiv-
ity, in particular by combiningthe goal of highestpossi-
ble object code performancewith that of programmabil-
ity offered by a high-level user interface. The designof
Chapelis guidedby four key areasof languagetechnology:
multithreading, locality-awareness,object-orientation,and
genericprogramming. TheCascadearchitecture, which is
beingdevelopedin parallel with thelanguage, provideskey
architectural supportfor its ef�cient implementation.

1. Intr oduction

The almostexclusive focusof currentHigh End Com-
puting (HEC) systemson performancehasled to a dom-
inating programmingparadigmcharacterizedby a local-
ized view of the computationcombinedwith explicit con-
trol overmessagepassing,asexempli�ed by acombination
of Fortranor C/C++with MPI. Sucha fragmentedmemory
modelprovidestheprogrammerwith full controlover data
distribution andcommunication,at theexpenseof produc-
tivity, conciseness,andclarity. Thus,quitein contrastto the
successfulemergenceof high-level sequentiallanguagesin
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the 1950s,parallelprogrammingfor HEC systemsis con-
ductedtodayusinganassemblylanguage-like paradigm,a
consequenceof the dif�culty of obtainingperformancein
any otherway.

Numerousprojectsover the past decadehave tried to
improve this situationby proposinghigher-level languages
thatprovidea globalview of thecomputationandenhance
programmerproductivity, suchas High PerformanceFor-
tran(HPF)andits variants.However, theselanguageswere
notacceptedby abroadusercommunity, mainly for thefact
that the generatedobjectcodecould not competewith the
performanceof “hand-coded”programsusingMPI or other
messagepassinglibraries. A major reasonfor this short-
comingis the inadequatesupportfor scalableandef�cient
parallelprocessingin many conventionalarchitecturescom-
binedwith a lack of languageexpressivity andweaknesses
in compilersandruntimesystems.

In this paper we discuss the design of a new lan-
guage called Chapel—the Cascade High Productivity
Language—in the context of an architecturedevelop-
ment targeting a Peta�opscomputingsystem.Cascadeis
a project in the DARPA-funded High Productivity Com-
puting Systems(HPCS) programled by Cray Inc., with
theCalifornia Instituteof Technology, NASA's JetPropul-
sion Laboratory (JPL), and Stanford and Notre Dame
Universitiesaspartners.

Chapel pushes the state-of-the-art in programming
for HEC systemsby focusing on productivity. In par-
ticular Chapel combines the goal of highest possible
object code performancewith that of programmabil-
ity by supporting a high level interface resulting in
shortertime-to-solutionand reducedapplicationdevelop-
ment cost. The designof Chapel is guided by four key
areasof programminglanguagetechnology:multithread-
ing, locality-awareness,object-orientation,and generic
programming.

1) Multithreadedparallel programmingin thestyleof Mul-
tilisp, Split-C, or Cilk, supports�ne-grain parallelismand
resourcevirtualizationsothateachsoftwarecomponentcan
expresstheconcurrency that is naturalto it. This facilitates
latency tolerance,allowsfor automaticmanagementof pro-



cessors,andprovidesacleaninterfacefor craftingcompos-
ablesoftwarecomponents.

2) Locality-aware programmingin the style of HPF and
ZPL provides distribution of shareddatastructureswith-
out requiringa fragmentationof controlstructure.Thepro-
grammerreasonsaboutload-balanceandlocality by speci-
fying theplacementof dataobjectsandthreads.

3) Object-orientedprogramminghelpsin managingcom-
plexity by separatingcommonfunction from speci�c im-
plementationto facilitatereuse.

4) Genericprogrammingand type-inferencesimplify the
type systemspresentedto users.High-performancecom-
puting requirestype systemsto provide datastructurede-
tails that allow for ef�cient implementation.Genericpro-
grammingavoidstheneedfor explicit speci�cationof such
detailswhenthey canbe inferredfrom the sourceor from
specializationof programtemplates.

Thispaperis structuredasfollows.Section2 will discuss
languagesfor scienti�c parallel programmingdeveloped
during the pastdecade.The main contribution of the pa-
peris a descriptionof themajordesignelementsof Chapel
in Section3. This will be followed by an overview of the
Cascadesystemarchitecturein Section4. The papercon-
cludeswith a discussionof openissuesandan outlook to
futurework in Section5.

2. Languagesfor Scienti�c Parallel Program-
ming

With theemergenceof distributed-memorymachinesin
the1980stheissueof asuitableprogrammingparadigmfor
thesearchitectures,in particularfor controlling the trade-
off betweenlocalityandparallelism,becameimportant.The
earliest(andstill dominant)approachis representedby the
fragmentedprogrammingmodel: datastructuresand pro-
gramstatearepartitionedinto segmentsexplicitly associ-
atedwith regionsof physicalmemorythatarelocal to apro-
cessor(or a smallSMP);control structureshave to bepar-
titioned correspondingly. Accessingnon-localstateis ex-
pensive. The overall responsibilityfor the managementof
data,work, and communicationis with the programmer.
The most popular versionsof this explicitly parallel ap-
proachtodayusea combinationof C, C++, or Fortranwith
MPI.

It soonbecameclearthatahigher-level approachto par-
allel programmingwas desirableand feasible,basedon
data-parallellanguagesand the Single-Program-Multiple-
Data (SPMD)paradigm, with a singleconceptualthreadof
controlcoupledwith user-speci�edannotationsfor datadis-
tribution, alignment,anddata/threadaf�nity . For suchlan-
guages,many low-level detailscanbe left to the compiler
andruntimesystem.High PerformanceFortran (HPF) be-

camethe trademarkfor a classof languagesand related
compilationandruntimesystemefforts thatspanmorethan
adecade.Someof thekey developmentsleadingto HPFin-
clude the Kali languageand compiler [13], the SUPERB
restructuringsystem[23], and the Fortran D [9] and Vi-
ennaFortran [5, 24] languages,both of which proposed
high-level languageextensionsfor parallelprogrammingin
Fortran77.HPF-1[10], completedin 1993,waswelcomed
by many in the usercommunitybut wassoonrecognized
as being too constrainedin its data distribution features,
resultingin performancedrawbacksfor importantclasses
of applications.HPF-2[11], the currentde facto standard,
andHPF+ [4] both extendedthe power of the distribution
mechanismto accommodatedynamicand irregular appli-
cations[14]; HPF+ took the additionalstepof providing
high-levelaccessto low-levelmechanismssuchastheman-
agementof communicationschedulesand“halos” in order
to allow usercontrolof communication.Theimportanceof
theseadditional featuresis highlightedby the successof
JA-HPF, theJapaneseversionof HPFderivedfrom HPF+,
whichrecentlyachievedaperformanceof 12.5Tera�opsfor
aplasmacodeon theEarthSimulator[18].

As HPFdecreasedin popularity, a numberof languages
rosein its place,commonlyreferredto aspartitionedglobal
address spacelanguages.The best-known examplesare
Co-Array Fortran [16], Uni�ed Parallel C [8], and Tita-
nium [22]. While their detailsvarygreatly, theselanguages
aresimilardueto theirsupportfor regulardatadistributions
whichareoperatedon in anSPMDstyle.They havethead-
vantageof beingeasierto compile thanHPF, but achieve
this by shifting someof that burdenbackto programmers
by requiring them to return to the fragmentedprogram-
ming model,writing per-processorcode,andcoordinating
communicationand synchronizationexplicitly (albeit us-
ing conceptsthataresigni�cantly moreabstractthanMPI).
Theselanguagesthereforeoffer aninterestingmidpointbe-
tweenMPI andHPFin thetradeoff betweenprogrammabil-
ity andperformance.

OpenMP[6] is oneof thefew currentparallelprogram-
ming techniquesthat supportsa non-fragmented,global
view of programming.It is alsocomparablyeasyto apply
to existing codesinceuserscanincrementallyaddannota-
tionsto codeover time.OpenMP'sprimarydisadvantageis
that it assumesa uniform sharedmemoryin its execution
modelandthereforetypically cannotscaleto largenumbers
of conventionalprocessors.Due to theselimitations,a hy-
brid MPI/OpenMPusagemodel hasbecomecommonfor
clustersof SMPsin which MPI is usedfor thecoarsepar-
titioning betweenthe nodes,and OpenMPis usedto ex-
pressthelighter-weightparallelizationandsynchronization
oneachnode.

ZPL is anotherparallel languagethat supportsa global
view of parallelprogramming.It supportsparallelcompu-



tationvia user-de�ned index setscalledregions[2, 3]. Re-
gionsmaybemultidimensional,strided,and/orsparse,and
are usedboth to declaredistributed arraysand to operate
on themin parallel.ZPL's regionsemanticsareconstrained
so thatall communicationwithin a ZPL programis appar-
ent in the syntaxin the form of high-level arrayoperators
suchastranslations,reductions,andpermutations.

3. The CascadeHigh Productivity Language
Design

The history of programminglanguageshasbeena bal-
anceof abstractionto increasereuseandhenceproductiv-
ity with concretenessmotivatedby performancerequire-
ments.Chapelstrivesboth to improve the performanceof
programsandto permitmoreabstractionto be usedin the
speci�cationof thoseprograms.Thismotivatesthestructure
of this section,in which we �rst discussConcreteChapel,
whichallows anexplicit high-level speci�cationof locality
andparallelism,whileAbstractChapelprovidesfeaturesfor
genericprogramming,supportedby mechanismsfor type
anddatastructureinference,specialization,andprototyp-
ing tools.

3.1. ConcreteChapel

ConcreteChapelis a stronglytypedobject-orientedlan-
guagewith supportfor index domains, Fortran-like arrays,
generaldatastructures,dataparalleloperations,andexplicit
control of locality without resortingto a fragmentedpro-
grammingmodel.

The languageis basedon HPF's global view model
whichis verystrongin dealingwith commonidiomsfor sci-
enti�c computingat a high level of abstractionbut avoids
HPF's weaknessesof relianceon arraysas the only data
structureandon“�at” parallelism.By addinggeneralmulti-
threadedprogrammingand arbitrary data structureswith
object-level af�nity Chapelgreatlyenhancesits applicabil-
ity to symbolic computing.Chapel's domainsare gener-
alizationsof ZPL's regions,supportingnestedparallelism,
opaqueindex setsfor building graphs,andarelaxedseman-
tic modelthatemphasizesproductivity over the identi�ca-
tion of communication.

Chapelextendstraditionalsequentialcontrol constructs
with theadditionof explicitly parallelloopsanda cobegin
statement.The �rst of thesespeci�esa spaceof iterations
whichmaybeexecutedconcurrently. Thesecondidenti�es
agroupof statementsthatareexecutedconcurrently. These
constructsmay be nestedand the amountof concurrency
theprogrammermayexpresswith themis unbounded.

The approachin Chapeldiffers in spirit from that of
OpenMP. OpenMPcreatesheavyweight threadsand has
“work sharing” as a metaphorfor managingparallelism.

Chapelhasno real notion of thread,just subcomputations
that may be executedconcurrently. By removing the con-
ceptof threadfrom theprogrammingmodel,we eliminate
a resourcemanagementconcern.More importantly, thread
managementis no longeranaspectof theinterfacebetween
codemodules.Eachmoduleis free to expressthe concur-
rency naturalto it.

Ratherthanbindingwork to threads,Chapelbuilds on a
conceptof localeto which bothdataandcomputationmay
haveaf�nity . A localecorrespondsto aportionof acomput-
ingsystemcomprisingbothstorageandprocessing.Thereis
a presumptionthat co-locatinga computationandthedata
it accessesin one locale will reducelatency and provide
greaterbandwidthto the data.However, unlike distributed
memorymodelssuchasMPI, all datais accessiblefrom any
locale.Co-locationis only aperformanceissue.

Chapelsupportsan“on” speci�cationin HPF-2stylethat
directsexecutionof asubcomputationor allocationof adata
objectto a speci�c locale.This providesa low-level tool to
managelocality by allowing acomputationto beperformed
nearthebulk of thedatait accesses.Thenext two sections
describehigher-level tools.

3.1.1. Domains A Chapeldomain is a namedindex set
thatcanbecombinedwith distributions,linkedtodatastruc-
tures,andprovidesa basisfor the formulationof iterative
processes.Domainsare�rst-classobjectsthatcanoccuras
elementsof datastructuresandcanbepassedto or returned
by functions.

An importantsubclassare Cartesianproduct domains
whoseindex setsareCartesianproductsof integerintervals,
suchasD = f (i; j ) j l1 � i � u1; l2 � j � u2g. Such
domainssupportregulararraydatastructuresasin Fortran
andform a basisfor muchof thedatadistribution machin-
ery. Cartesianproductdomainssupportthe ability to per-
form algebraicoperationson indices,to expressneighbor-
hoodsor subdomainboundariesin termsof simple index
rangesandto reasonaboutindividualdimensionswhendis-
tributing a multidimensionaldomainor specifyinga nested
iterationscheme.Cartesianproductdomainscanbedynam-
ically reshapedandredistributed;suchoperationsaffect all
datastructureslinked to the domainat the given point of
programexecution.

Under appropriateconstraintsCartesianproduct do-
mains can deal with certain types of irregular applica-
tions (e.g., the multiblock problem discussedbelow) but
in generala more �e xible mechanismis neededfor ef�-
ciently processinghighly dynamicdatastructuressuchas
graphs.For this purpose,Chapel introducesopaquedo-
mains, whoseindicesaresystem-generatedobjects,similar
to pointers.For such domains,the Chapel runtime sys-
tem provides an infrastructurefor automaticpartitioning
anddistribution.
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Figure 1. Sparse matrix distrib ution.

3.1.2. Data Distrib utions Programsin ConcreteChapel
can organizetheir memoryas a set of namedvirtual lo-
cales.A datadistribution canthenbeintroducedasa map-
ping from the index set of a domainto sucha locale do-
main,wherethesetof all indicesassociatedwith onepartic-
ular localeis calleda distribution segment. Chapelde�nes
new classesof intrinsicdistributions,proposesuser-de�ned
extensionsof thedistributionmechanism,andprovidesspe-
cial supportfor thedistributionof opaquedomains.

Chapel Distrib utions In addition to the data distribu-
tions of the HPF-2 Approved Extensions[11], which
include general block and indirect, Chapel also sup-
portsuser-de�neddistributionspeci�cations.A new feature
is thegeneral tiling distribution, whichgeneralizesthegen-
eral block distribution by allowing the partitioning of
a multi-dimensional index set into arbitrary rectangu-
lar subdomains,called tiles. A simple example for a
general tiling distribution is the value-dependentdistri-
bution of a sparsedomain,as illustrated in the example
below.

Example: SparseMatrix Distrib ution
Considera Cartesianproductdomainfor a sparsematrix
with index set I = (1 : 10; 1 : 8), whereonly non-zero
elementsare explicitly speci�ed (Fig. 1). The locale do-
main is given by loc(1 : 4). The �gure illustratesa gen-
eraltiling distributionconstructedto balancethenumberof
non-zeroesin eachdistributionsegment.Theresultingsub-
domainsare[1 : 7; 1 : 5], [8 : 10; 1 : 4], [1 : 7; 6 : 8], and
[8 : 10; 5 : 8]. }

Example: Multiblock Code
Multiblock codes model geometrically complex ob-
jectssuchasaircraftby a setof interactingstructuredgrids
thatareconnectedin an irregularmanner. All gridscanbe
processedindependentlyin parallel,with updatesof bound-
ariescarriedout periodically. The numberof grids, their
sizes and their interaction patternsare generally deter-
minedat runtime;differentgridsmayhavewidely different
sizesandshapes.

var MB : domain = [1..n grids];
classGrid f

var D : domain(1) distrib ute(block);
var low, high : integer
var data: array D of �oat ;
function do distributef

distrib ute(D) on(Locales(low..high))
allocate(data);

g
function solve;

g
var grids: array MB of Grid;
for i in MB f

var s : domain(1) = readshape();
grids(i)= Grid(D=s);

g
setup(grids);
partition(grids); �� determinelow,high
forall g in grids

g.do distribute();

while (...) f �� not terminated
pre process(grids); �� updateboundaries...
forall g in gridson(Locales(g.low))

g.solve()
g
function Grid.solve f

forall i in D
solve(i)... �� implicitly onsomelocale

g

Figure 2. Parallel processing of a distrib uted
multib loc k grid collection.

Fig. 2 illustratesasimpli�ed Chapelapproachto aparal-
lel solutionof themultiblock problem.We distributecom-
ponentgridsto contiguousdisjoint subsetsof localesbased
on their size.This ensuresthatgridscanbeprocessedcon-
currentlyandthat eachindividual solver canbe processed
ef�ciently in parallel.Themultiblockgrid collectionis rep-
resentedby aone-dimensionalarray, grids, with n grid ele-
mentsof typeGrid for theindividualcomponentgrids.

After determiningtheshapeof all componentgrids,the
grid collection is preparedfor processingby a call to the
functionsetup. This de�nes theboundaryof eachgrid and
initializesits data.Thesubsequentlycalledpartition routine
determinestheparameters,lo andhi, for thedistribution of
all componentgrids.The while-loop is inherentlysequen-
tial. After pre-processingthegrid collection,theforall-loop
activatesthesolverfor eachcomponentgrid in parallel.The
on-clauseestablishesaf�nity: eachsolverisexecutedonthe
localesubsetof its associatedgrid. The individual solvers
areparallelprogramsin their own right, which exploit the
processingcapabilitiesin their respective localesets. }



classTreef �� k� ary trees
var k : integer;
var D : domain(opaque) distrib ute();
var CD : domain(1) = 1..k; �� child domain
type Node;
var nodes: array D of Node;
var children: array D of array CD of index(D);
classNodef

var id : index(D);
function addchild(i: index(CD), c: Node) f

children(id,i) = c.id;
g
function child(i: index(CD)) : Nodef

return nodes(children(id,i))
g

g
function newnode: Nodef

var n : index(D) = D.new();
nodes(n) = Node(id=n);
return nodes(n);

g
g
var tree: Tree(k=num children);
var root : Tree.Node= tree.newnode();

distrib ute(tree.D)on(Locales);

var data: array tree.Dof datatype;

Figure 3. Using opaque domains to imple-
ment a k-ary tree .

OpaqueDomains Opaquedomainssupporttheallocation
and distribution of dynamicand irregular datastructures.
Theirelements—opaqueindices—aresystemgeneratedob-
jects,which identify instancesof dataassociatedwith the
domainandstoreinformationaboutthe localeassignment
andpossiblytherelative“weight” of thedataelementin the
overall structure.This providesthe systemwith suf�cient
informationfor automaticallydistributing (andpossiblyre-
distributing)sucha domain.

Figure 3 shows a simple useof an opaquedomain to
managethe nodesof a k-ary tree. The multiblock exam-
ple discussedabovecouldalsobeformulatedusingopaque
domains,basedon a dynamicallocationof individualgrids
andautomaticsupportfor partitioning(ratherthanthe ex-
plicit controlexpressedby thefunctionpartition).

3.2. Abstract Chapel

Thede�nition of “abstract”thatapplieshereis disasso-
ciatedfrom any speci�c instance. In particularwe want to
enableandencourageprogramsto be written with explicit
algorithmsbut with abstractdatastructures.

function search(v) f
dfnumber(v) = count;
lowlink(v) = count;
count+= 1;
stack.push(v);
on stack(v) = true;
for w in neighbors(v)

if (not is old(w)) f
search(w);
lowlink(v) = min(lowlink(v), lowlink(w));

g elseif (dfnumber(w) < dfnumber(v) and on stack(v))
lowlink(v) = min(lowlink(v), dfnumber(w));

g
if (lowlink(v) == dfnumber(v)) f

var r = new component();
var x;
do f

x = stack.pop();
on stack(x) = false;
addnode(r,x);

g while (dfnumber(x) > dfnumber(v));
g

g

Figure 4. A search function for �nding
str ongl y connected components.

Chapelwill focuson providing supportfor abstracting
three fundamentalaspectsof data structures:component
types, iteration, and mappingfrom setsto variables.For
example,considerTarjan's algorithm for �nding strongly
connectedcomponentsshown in Figure4. Thecontext for
this algorithm is that the value of v identi�es a node in
somegraphandneighbors de�nesanedgerelationfor that
graph.Therearea numberof mapsfrom the graphnodes
to variousvariablesthathold statefor thealgorithm.These
aredfnumber, lowlink, is old, andon stack. Within thelan-
guage,the array: : :of type constructoris usedto identify
maps.Thereis alsoa loop that iteratesover a setof nodes
identi�ed asneighborsof v. In addition,two unboundfunc-
tions, new componentand add node, abstractthe actions
we shouldtake whena new stronglyconnectedcomponent
is identi�ed anda new elementis addedto a component.
Finally, the algorithmusesthe unboundobjectscountand
stack whichcarrystatebetweenactivationsof thefunction.

The above algorithmis quite abstract.To make it con-
cretewewouldneedto provideimplementationsfor thevar-
iousmaps,the iterator, andbindingsfor theunboundoper-
ations.Theobject-orientedparadigmprovidesa framework
for someof theseissues.In particular, we canencapsulate
this function in a classthat binds free symbols.However,
existingstrongly-typedobject-orientedlanguagesgivepoor
supportfor adaptingthe mappingand iteration functions



to client contexts. Furthermore,while hereit is enoughto
specifythatthesetof nodesformsa graphandhasaneigh-
bor relation,any furtherde�nition of thegraphwould limit
theapplicabilityof this functionandcurtail its potentialfor
reuse.Chapelextendsthecommonobject-orientedfeatures
in threewaysto encourageabstraction:

1) Abstractionof typesSimilar to theconceptof templates
in C++ and genericpackagesin Ada, we permit typesto
beomittedfrom programfragments.Typeswill beinferred
from usageanddifferentcontexts mayrequireseparatein-
stantiationsof variousfunctionsandclasseseachtailoredto
callsitespeci�cs. In theexampleabove,variablesv, w, and
r might besimpleintegers,pointersto objects,or elements
in somedomain.Eachis a valid choicedependingon con-
text. We permit typevariablesto bedeclaredwhich canbe
usedto expressconstraintsamongstcomplex types[7].

2) Abstractionof iteration Iterationoversetsof objectsand
valuesis anotherfundamentaloperationbut mostlanguages
providelittle in thewayof abstractionfor thisoperation.We
borrow from CLU [12] theconceptof aniterator which re-
turnsasequenceof valuesor objectreferences.Theseitera-
torsarenamed,haveparametersandcanbeboundto objects
like otherfunctions.Theprimarydifferenceis that they re-
turn a sequenceof valuesratherthana singlevalue.In this
example,theiteratorneighborsinsulatesthiscodefrom the
detailsof thegraphabstraction.Iteratorsareintegratedwith
theconcurrency mechanismsaswell.

3) Abstraction of mapsWe usethe term mapto refer to a
function from somedomainto a collectionof variables.It
generalizestheconceptof “array” which is basedonCarte-
sianproductdomains.Thedomainof a mapmaybeanin-
tegertuple,anopaquedomain,thevaluesof sometype(im-
plementedwith ahashtable),or thevaluesreturnedbysome
iterator. A goalof Chapelis to providedefault implementa-
tionsfor varioussortsof mapsto facilitaterapidprototyping
yet alsoto provide an interfacethatallows constructionof
context-ef�cient implementationswithoutdisturbingtheal-
gorithm.

Anotherproductivity goal of Chapelis to expandfrom
type inferenceto data structure inference. This meanswe
would like to have theprogrammeridentify a generalcate-
gory for anobjectandhave thesystemselecta reasonable
implementationbasedon use.For example,the useriden-
ti�es dfnumberasa map,simply asan arrayindexed by a
type,andthe systemselectsa suitableimplementationde-
pendingonits knowledgeof thedomain.Similarly, wehave
a category seqthat consistsof objectsthat have iterators.
Therewill bealibrary of seqimplementations,genericwith
respectto elementtype,but with differentsetsof methods
suchaspushandpop. Thesystemwill automaticallyselect
an instantiationbasedon usagebut theprogrammeris free
to override this decisionor to directly implementthe ab-

classStrongComponentsf
type nodetype;
iterator neighbors(node:nodetype) :nodetypef

return node.neighbors;
g
type nodeset: seqof nodetype;
var components: seqof nodeset;
function new component: nodesetf

var x = nodeset(); �� createnew nodeset
components.insert(x);
return x;

g
function addnode(r :nodeset, n :nodetype) f

r.insert(n);
g
var dfnumber, lowlink : array nodetypeof integer;
var on stack: array nodetypeof boolean;
function is old(n :nodetype) : booleanf

return lowlink(n) < 0;
g
var count: integer;
var stack: seqof nodetype;
function �nd components(nodes) : seqof nodesetf

forall n in nodesf
on stack(n) = false;
lowlink(n) = � 1;

g
stack.init();
count= 0;
for n in nodes

if (not is old(n))
search(n);

return components;
g
function search(n :nodetype) f ... g

g

Figure 5. An abstract class for �nding
str ongl y connected components in a directed
graph.

stractionsbasedon applicationspeci�c knowledgethatad-
mits amoreef�cient solution.

We illustratetheseconceptsin a possibleencapsulation
of the search function shown in Figure 5. This class is
genericwith respectto the typeparameternodetypewhich
mustbe speci�ed whenan instanceof this classis instan-
tiated.The type of the formal parameternodesto method
�nd componentsis also left generic.It could be an array
or other domainor an object with a default iterator. The
local type variable nodesetconstrainsthe return type of
new componentto matchthe�rst parameterof add node.

Default implementationsfor thevarioussetsandarrays
boundto thisclasswill beprovided.Thedefault implemen-
tationfor stack includesthepushandpopmethods.A client



classMyStrongComponentswith StrongComponentsf
where classnodetypef var dfnumber, lowlink : integer;

var on stack: boolean;
var stacknext : nodetype; g

function dfnumber(n : nodetype) f return n.dfnumber; g
function lowlink(n : nodetype) f return n.lowlink; g
function on stack(n : nodetype) f return n.on stack; g
var stack: classf

var top : node;
function push(n : nodetype) f

n.stacknext = top;
top= n;

g
function pop:nodetypef

var x = top;
top= x.stacknext;
return x;

g
function init f top= nil; g

g
g

Figure 6. A specialization where auxiliar y
�elds on graph nodes are used instead of
side data structures.

is free to specializethis classde�nition by providing alter-
nateimplementationsof any or all of thesede�nitions. The
categoryof asymbolis allowedto changeaswell sothatar-
ray dfnumbercould be alteredto be a function returninga
variable.

An exampleof sucha client is shown in Figure6 where
the systemimplementationsof variousarraysarereplaced
with direct accessto variableson graphnodes.We adda
type constrainton nodetypethat identi�es these�elds and
provideanew de�nition of stack.

Theprimaryimplementationchallengeis to managethe
costof recompilationandoptimizethe selectionof imple-
mentationsto avoid unnecessaryoverheads.Unlike other
high-level languages,however, runtimeperformanceis not
completelyat the mercy of a smartcompiler:whereopti-
mizationfails, thelanguageallowsprogrammersto provide
concrete,hand-craftedimplementationsof datastructures
that will be competitive with today's solutions.Theseim-
plementationscan be provided without disturbingthe ba-
sicalgorithms.In particular, they couldbetarget-dependent,
providingalevel of portabilityfor thebulk of anapplication
notcurrentlyavailable.

While the researchfocus of the concretelanguageis
to explorelocality-awaremultithreadingasa programming
model,for thegenericaspectswe areinterestedin achiev-
ing muchof theeaseof useandexpressivenessof dynami-
cally typedlanguagesbut with theperformanceadvantages

of compile-timetypechecking.Wearealsohopingtobridge
high-level languageslike SETL [19] andmoreproduction-
orientedlanguagesby specializingreusablealgorithmsbuilt
on abstractdatastructures.A synergy betweenthesegoals
is providedby thecommonnotionof adomainasamecha-
nismbothto de�ne mapsanditerationandto distributedata
for locality.

3.3. Implementation Strategy

The initial implementation of Chapel will take a
source-to-sourcecompilation approachin order to pro-
vide a portableimplementationthat avoids asmany archi-
tecturalassumptionsaspossible.This implementationwill
most likely generateC codewith calls to a portablecom-
munication interface such as MPI or ARMCI [15],
in order to maximize the number of parallel architec-
tureson which it canbe run. This compilerwill be made
opensourceearly in its developmentcycle in order to en-
courageevaluationof the language,experimentationwith
its features,andrapidfeedbackfrom potentialusercommu-
nities.As the implementationmatures,we hopeto engage
the broadercommunityto help with its optimization,up-
keep,andevolution.

One of the primary challengeswith this initial imple-
mentationwill be to achieve performancelevels thatmake
Chapelattractive not only for its productivity features,but
alsofor performance-orientedruns.Thiswill beastiff chal-
lengegiven the lack of supportfor latency toleranceand
multithreadingoncurrentarchitectures,but ourhopeis that
Chapel'slanguage-levelsupportfor abstractionssuchasdo-
mainsandlocaleviewswill givetheimplementationtheop-
portunity to cachepiecesof performance-crucialinforma-
tion with theruntimeobjectsrepresentingtheseconcepts.

Meanwhile,as the Cascadearchitecturemoves toward
production,a secondimplementationeffort will take place
to generatecodethattakesmaximaladvantageof its unique
features.This implementationwill target either the ma-
chine's assemblylanguage,or the front-endof Cascade's
conventionalC andFortrancompilers.

Chapel's abstractfeatureswill be implementedvia a
global type inferenceenginethatstrivesto determinevari-
able typesand valueswithin a user's program.The com-
piler will then specializeroutines to generateoptimized
codebasedontheresultsof thatanalysis.This implementa-
tion effort is alreadyunderwayandis basedoncompilation
techniquesdevelopedin the context of the ConcertCom-
piler [17].

4. Ar chitecture Implications

Key conceptsof high-productivity programming on
which the design of Chapel is founded include multi-



threaded�ne-grain parallelism and locality-aware pro-
gramming.Theseareareaswherethe lack of adequatear-
chitectural support in conventional architectures has
led to severe performanceproblems.Here we will dis-
cuss how the Cascadearchitectureaddressesthese is-
sues.

1) Implementationof �ne-grain parallelism with an un-
boundednumberof threadsimplies a runtime systemca-
pableof virtualizingprocessors.This requiresmultiplexing
threadsontoavailableprocessors,hardwaresupportfor syn-
chronization,andmechanismsto reducethe overheadsof
threadscheduling.

Modern processorarchitecturehas focusedalmostex-
clusively on the performanceof single threadsof control.
Large register sets,data caches,memory disambiguation
and branchpredictionare all focusedon a single thread,
resultingin a large executionstateand expensive context
switches.Suchprocessorsaremosteffective whenexecut-
ing programswith a high ratio of numberof operationsto
memorybandwidthrequirements.Cascadeprovides such
“heavyweight” processorsbut alsoincludesa secondclass
of “lightweight” processors.

Lightweightprocessorsareoptimizedfor programsrich
in shortthreadsandsynchronization,or which aredatain-
tensive. Theseprocessorsare implementedin the memory
subsystemandwhile they arenot very powerful individu-
ally, therearemany of them.Lightweightprocessorsusea
form of hardwaremultithreadingto toleratelatency for re-
moteaccessesandsynchronization.

2) Chapelsupportsthedistribution of datastructuresto ex-
ploit spatiallocality. At the sametime, high bandwidthis
neededfor datastructuresfor which thereis no naturaldis-
tribution. This is particularlyimportantfor expandingpar-
allel programmingto areasbeyond simulationof physical
systemswheredecompositionsareoftenimpliedby system
structure.

TheCascadearchitectureis a sharedaddressspacesys-
tem that supportsmultiple views of physical memory.
In one view, which supportsnon-uniform spatial local-
ity, thesystemconsistsof an arrangementof locales,each
of which containsa heavyweight processorand a collec-
tion of lightweight processorsin the memory. Neighbor-
hoods in the virtual addressspaceare preserved by the
hardwaremappingto physicaladdresses.

To supportdatastructuresthat are sharedbut have no
naturalalgorithm-induceddistribution, Cascadesupportsa
uniform-accessview of memory. In thisview, smallconsec-
utiveblocksof memoryaredistributedby applyinga hash-
ing function to the virtual addresses.This techniquewas
usedin the IBM RP3 and the Cray MTA to ensurehigh
bandwidthto dataaggregatesfrom a setof processorsre-
gardlessof accesspattern.For example,a 3-D datasetcan

be partitionedinto parallel1-D “pencils” andbe accessed
concurrentlyin any dimensionwith no lossof bandwidth.

Thesetwo modelsallow spatiallocality to eitherbe ig-
noredor exploited. It can be ignoredat small scalesthat
have adequatebandwidthor thathave no viabledecompo-
sition. It canbeexploitedat largescalewherea reasonable
distribution for thedatacanbeachieved.

3) The �nal aspectof Chapelis the the needfor remote
threadcreationor, equivalently, message-driven computa-
tion to allow threadsto executein thelocaleof thedatathey
areaccessing.This concepthasmany antecedentsinclud-
ing Actor programming[1], theChareKernel[20], andAc-
tiveMessages[21].

All processorsin theCascadesystemareableto execute
aspawnprimitive thatwill createa new threadrunningin a
lightweightprocessoranywherein thesystem.This mech-
anismdirectly supportstheprogrammingidiom of creating
a new threadrunningon a particularlocaleto exploit spa-
tial locality or reducethelatency of transactionsagainstre-
motedata.

This basicmodelis thenextendedwith a softwarelayer
so that suitable threadscan be executedby an adjacent
heavyweightprocessorto exploit temporallocality. Heavy-
weight processorsservicea local work-queueof threads
readyto run. Prior to insertionon this queue,remotedata
canbeprefetchedandsynchronizationresolvedto minimize
the impactof theseissueson heavyweight processorsthat
arenotoptimizedfor them.

TheseareareaswheretheCascadearchitecturewill pro-
vide non-commoditysupportfor the Chapelprogramming
model.They arenot the only issuesneededfor a success-
ful Peta�ops-scalesystemnor arethey theonly waysto ex-
ploit Cascade's architecturebut thesearekey areaswhere
currentsystemsareinsuf�cient.

5. Summary

This paperdescribedthedesignof Chapel,theCascade
High Productivity Language.Chapelpushesthe state-of-
the-artin languagesfor high-endcomputingby combining
the goal of highestpossibleobjectcodeperformancewith
a high-level userinterfacefor programmability. While the
concretelanguageallowsexplicit controlof parallelismand
locality without the needto resort to a fragmentedmem-
ory model,theabstractlanguagefreestheuserfrom many
detailsof typeanddatastructurespeci�cation.Chapelcan
be implementedon any parallel system,however the full
rangeof the languagewill requirearchitecturalsupportfor
achieving its performancegoalsbeyondthatofferedin con-
ventionalmachines.Suchsupportcan be realistically ex-
pectedfrom many futurePeta�ops-scalearchitectures,and
it will beprovidedspeci�cally by theCascadearchitecture



in theareasof �ne-grain multithreading,locality-awarepro-
gramming,andmessage-drivencomputation.

Higher-level programmingmodelslike thatprovidedby
Chapelareoneof several innovationsthat may be needed
to moreeffectively programhighly parallelsystems.Others
includenew approachesto compiler, runtimesystem,and
tool design,aswell asenhancedautomaticsupportfor al-
gorithm development,fault tolerance,andcorrectnessand
performancedebugging. The conventionalseparationbe-
tweencompiler, runtimesystem,andtoolsis breakingdown
asa resultof emerging conceptssuchasfeedback-oriented
andjust-in-timecompilation,dynamicinstrumentation,and
AI-basedapproachesto hotspotdetectionandperformance
tuning.Autonomousagentsmay monitor the executionof
a parallel programat runtime, providing feedbackabout
memoryleaks,excessive threadgeneration,ineffective ac-
cesspatternsto distributeddatastructures,or potentialpar-
allel hazards.Likewise,asoftwareinfrastructuremaytrans-
parentlydealwith suchsituations,triggeringrecompilation
of critical programloops,redistributing datastructures,or
preventingdeadlocksby imposingconstraintson resource
accesses.
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