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Abstract

The strong focusof recentHigh End Computingefforts
on performancehas resultedin a low-level parallel pro-
grammingparadigmcharacterizedby explicit control over
messge-passingin the framevork of a fragmentedpro-
grammingmodel.ln suc a model objectcodeperformance
is achievedat the expenseof productivity concisenessnd
clarity.

This paper describesthe design of Chapel, the Cas-
cade High Productivity Languaye, which is being devel-
opedin the DARRA-fundedHPCSproject Cascadded by
Cray Inc. Chapelpusheghe 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 design of
Chapelis guidedby four key areasof language technology:
multithreading locality-awarenesspbject-orientationand
generic programming The Cascadearchitectuie, which is
beingdevelopedn parallel with thelanguage, provideskey
architectural supportfor its ef cient implementation.

1. Intr oduction

The almostexclusive focus of currentHigh End Com-
puting (HEC) systemson performancehasled to a dom-
inating programmingparadigmcharacterizedy a local-
ized view of the computationcombinedwith explicit con-
trol over messag@assingasexempli ed by acombination
of Fortranor C/C++with MPI. Sucha fragmentednemory
modelprovidesthe programmemvith full controlover data
distribution and communicationat the expenseof produc-
tivity, concisenes@ndclarity. Thus,quitein contrasto the
successfuémepgenceof high-level sequentialanguagesn
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the 1950s,parallel programmingfor HEC systemss con-
ductedtodayusingan assemblylanguage-lile paradigm,a
consequencef the dif culty of obtainingperformancen
ary otherway.

Numerousprojectsover the pastdecadehave tried to
improve this situationby proposinghigherlevel languages
that provide a global view of the computatiorandenhance
programmerproductvity, suchas High Performance-or-
tran (HPF)andits variants However, thesdanguagesvere
notacceptedby a broadusercommunity mainly for thefact
that the generateabjectcodecould not competewith the
performancef “hand-coded’programsausingMPI or other
messagepassinglibraries. A major reasonfor this short-
comingis the inadequatesupportfor scalableandef cient
parallelprocessingn mary corventionalarchitecturesom-
binedwith a lack of languageaxpressvity andweaknesses
in compilersandruntimesystems.

In this paper we discussthe design of a new lan-
guage called Chapel—the Cascade High Productivity
Language—in the context of an architecture develop-
menttargeting a Peta ops computingsystem.Cascadeis
a projectin the DARPA-funded High Productivity Com-
puting SystemgHPCS) programled by Cray Inc., with
the California Institute of Technology NASA's JetPropul-
sion Laboratory (JPL), and Stanford and Notre Dame
Universitiesaspartners.

Chapel pushesthe state-of-the-artin programming
for HEC systemshby focusing on productivity In par
ticular Chapel combinesthe 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 Chapelis guided by four key
areasof programminglanguagetechnology:multithread-
ing, locality-awvareness,object-orientation,and generic
programming.

1) Multithreadedparallel programmingin the style of Mul-

tilisp, Split-C, or Cilk, supports ne-grain parallelismand
resourcevirtualizationsothateachsoftwarecomponentan
expressthe concurrenyg thatis naturalto it. This facilitates
lateng toleranceallows for automatiananagemenf pro-



cessorsandprovidesa cleaninterfacefor craftingcompos-
ablesoftwarecomponents.

2) Locality-awae programmingin the style of HPF and
ZPL provides distribution of shareddata structureswith-
outrequiringa fragmentatiorof controlstructure The pro-
grammermeasonsaboutload-balancendlocality by speci-
fying the placemenbf dataobjectsandthreads.

3) Object-orientedorogramminghelpsin managingcom-
plexity by separatingcommonfunction from speci ¢ im-
plementatiorio facilitatereuse.

4) Generic programmingand type-infeencesimplify the
type systemspresentedo users.High-performancecom-
puting requirestype systemso provide datastructurede-
tails that allow for efcient implementationGenericpro-
grammingavoidsthe needfor explicit speci cationof such
detailswhenthey canbe inferredfrom the sourceor from
specializatiorof programtemplates.

This papeiis structuredasfollows. Section2 will discuss
languagesfor scienti ¢ parallel programmingdeveloped
during the pastdecade The main contribution of the pa-
peris a descriptionof the major designelementsof Chapel
in Section3. This will be followed by an overview of the
Cascadesystemarchitecturein Section4. The papercon-
cludeswith a discussiomf openissuesand an outlook to
futurework in Section5.

2. Languagesfor Scienti ¢ Parallel Program-
ming

With the emegenceof distributed-memorymachinesn
the 1980stheissueof a suitableprogrammingparadignior
thesearchitecturesin particularfor controlling the trade-
off betweerocality andparallelismbecamémportant.The
earliest(andstill dominant)approactis representethy the
fragmentedprogrammingmodel datastructuresand pro-
gram stateare partitionedinto segmentsexplicitly associ-
atedwith regionsof physicalmemorythatarelocal to apro-
cessof(or a small SMP); control structureshave to be par
titioned correspondinglyAccessingnon-local stateis ex-
pensve. The overall responsibilityfor the managemenof
data, work, and communicationis with the programmer
The most popular versionsof this explicitly parallel ap-
proachtodayusea combinationof C, C++, or Fortranwith
MPI.

It soonbecameclearthata higherlevel approactto par
allel programmingwas desirableand feasible,basedon
data-parallelanguagesand the Single-Ppgram-Multiple-
Data (SPMD)paradigm with a singleconceptuathreadof
controlcoupledwith userspeci edannotationgor datadis-
tribution, alignment,anddata/threadf nity . For suchlan-
guagesmary low-level detailscanbe left to the compiler
andruntimesystem High PerformanceFortran (HPF) be-

camethe trademarkfor a classof languagesand related
compilationandruntimesystemefforts thatspanmorethan
adecadeSomeof thekey developmentdeadingto HPFin-
clude the Kali languageand compiler[13], the SUPERB
restructuringsystem[23], and the Fortran D [9] and Vi-
ennaFortran [5, 24] languagespoth of which proposed
high-level languageextensiondor parallelprogrammingn
Fortran77 .HPF-1[10], completedn 1993,waswelcomed
by mary in the usercommunitybut was soonrecognized
as being too constrainedn its datadistribution features,
resultingin performancedrawbacksfor importantclasses
of applicationsHPF-2[11], the currentde facto standard,
andHPF+ [4] both extendedthe power of the distribution
mechanismo accommodatelynamicand irregular appli-
cations[14]; HPF+ took the additional step of providing
high-level accesgo low-level mechanismsuchasthe man-
agemenbf communicatiorschedulesand“halos” in order
to allow usercontrolof communicationTheimportanceof
theseadditionalfeaturesis highlighted by the succesof
JA-HPF, the Japaneseersionof HPF derived from HPF+,
whichrecentlyachieredaperformancef 12.5Tera opsfor
aplasmacodeon the EarthSimulator[18].

As HPFdecreaseth popularity a numberof languages
rosein its place,commonlyreferredto aspartitionedglobal
address spacelanguages.The best-knevn examplesare
Co-Array Fortran [16], Uni ed Parallel C [8], and Tita-
nium[22]. While their detailsvary greatly theselanguages
aresimilardueto their supportfor regulardatadistributions
whichareoperatednin anSPMDstyle. They have thead-
vantageof being easierto compile than HPF, but achiese
this by shifting someof that burdenbackto programmers
by requiring them to return to the fragmentedprogram-
ming model,writing perprocessorcode,andcoordinating
communicationand synchronizationexplicitly (albeit us-
ing conceptghataresigni cantly moreabstracthanMPlI).
Thesdanguageshereforeoffer aninterestingmidpointbe-
tweenMPI andHPFin thetradeof betweerprogrammabil-
ity andperformance.

OpenMP[6] is oneof the few currentparallelprogram-
ming techniquesthat supportsa non-fragmentedglobal
view of programminglt is alsocomparablyeasyto apply
to existing codesinceuserscanincrementallyadd annota-
tionsto codeovertime. OpenMP5 primary disadwantagds
thatit assumes uniform sharedmemoryin its execution
modelandthereforetypically cannotscaleto largenumbers
of conventionalprocessorsDue to theselimitations, a hy-
brid MPI/OpenMPusagemodel hasbecomecommonfor
clustersof SMPsin which MPI is usedfor the coarsepar
titioning betweenthe nodes,and OpenMPis usedto ex-
presshelighterweightparallelizationandsynchronization
oneachnode.

ZPL is anotherparallellanguagethat supportsa global
view of parallelprogramminglt supportsparallelcompu-



tationvia userde ned index setscalledregions|[2, 3]. Re-

gionsmay be multidimensionalstrided,and/orsparseand

are usedboth to declaredistributed arraysandto operate
onthemin parallel.ZPL s region semantic&reconstrained
sothatall communicatiorwithin a ZPL programis appar

entin the syntaxin the form of high-level array operators
suchastranslationsreductionsandpermutations.

3. The CascadeHigh Productivity Language
Design

The history of programminganguageshasbeena bal-
anceof abstractiorto increasereuseand henceproductiv-
ity with concretenessnotivated by performancerequire-
ments.Chapelstrives both to improve the performanceof
programsandto permit moreabstractiorto be usedin the
speci cationof thoseprogramsThis motivateshestructure
of this section,in which we rst discussConciete Chapel
which allows anexplicit high-level speci cationof locality
andparallelismwhile Abstract Chapelprovidesfeaturedor
genericprogramming,supportecby mechanismgor type
and datastructureinference,specialization and prototyp-
ing tools.

3.1. Concrete Chapel

ConcreteChapelis a stronglytypedobject-orientedan-
guagewith supportfor index domains Fortran-like arrays,
generabatastructuresgataparalleloperationsandexplicit
control of locality without resortingto a fragmentedpro-
grammingmodel.

The languageis basedon HPF's global view model
whichis verystrongin dealingwith commonidiomsfor sci-
enti ¢ computingat a high level of abstractiorbut avoids
HPF's weaknessesf relianceon arraysas the only data
structureandon* at” parallelismBy addinggeneramulti-
threadedprogrammingand arbitrary data structureswith
object-level af nity Chapelgreatlyenhanceds applicabil-
ity to symbolic computing.Chapels domainsare gener
alizationsof ZPL's regions, supportingnestedparallelism,
opaquendex setsfor building graphsandarelaxedseman-
tic modelthatemphasizegroductvity over the identi ca-
tion of communication.

Chapelextendstraditional sequentiatontrol constructs
with the additionof explicitly parallelloopsanda cobegin
statementThe rst of thesespeci es a spaceof iterations
which may be executedconcurrently The seconddenti es
agroupof statementshatareexecutedconcurrently These
constructamay be nestedand the amountof concurreng
the programmemay expresswith themis unbounded.

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

Chapelhasno real notion of thread,just subcomputations
that may be executedconcurrently By remaoving the con-
ceptof threadfrom the programmingmodel,we eliminate
aresourcemanagementoncern.More importantly thread
managemeris nolongeranaspecof theinterfacebetween
codemodules.Eachmoduleis free to expressthe concur
reng/ naturalto it.

Ratherthanbindingwork to threadsChapelbuilds on a
concepiof localeto which both dataandcomputatiormay
haveaf nity . A localecorrespondso aportionof acomput-
ing systencomprisingoothstorageandprocessingThereis
a presumptiorthat co-locatinga computationandthe data
it accesse@ onelocale will reducelateng and provide
greaterbandwidthto the data.However, unlike distributed
memorymodelssuchasMPI, all datais accessiblérom ary
locale.Co-locationis only a performancéssue.

Chapekupportsan“on” speci cationin HPF-2stylethat
directsexecutionof asubcomputationr allocationof adata
objectto a speci c locale.This providesa low-level tool to
managdocality by allowing a computatiorto beperformed
nearthe bulk of the datait accessesThe next two sections
describehigherlevel tools.

3.1.1. Domains A Chapeldomainis a namedindex set
thatcanbecombinedwith distributions linkedto datastruc-
tures,and providesa basisfor the formulation of iterative
processeddomainsare rst-class objectsthatcanoccuras
elementof datastructuresandcanbepassedo or returned
by functions.

An importantsubclassare Cartesianproduct domains
whoseindex setsareCartesiarproductsof integerintervals,
suchasD = f(i;j)jla 1 ugly u.g. Such
domainssupportregular arraydatastructuresasin Fortran
andform a basisfor muchof the datadistribution machin-
ery. Cartesianproductdomainssupportthe ability to per
form algebraicoperationson indices,to expressneighbor
hoodsor subdomainboundariesn termsof simpleindex
rangesandto reasoraboutindividualdimensionsvhendis-
tributing a multidimensionadomainor specifyinga nested
iterationschemeCartesiarproductdomainscanbe dynam-
ically reshapedndredistributed;suchoperationsaffectall
datastructuredinked to the domainat the given point of
programexecution.

Under appropriate constraints Cartesianproduct 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,Chapelintroducesopaquedo-
mains whoseindicesaresystem-generateabjects similar
to pointers.For such domains,the Chapel runtime sys-
tem provides an infrastructurefor automaticpartitioning
anddistribution.



Index Setl 1
2
3 4
locale loc(1) 5 locale loc(3)
6
7
8
9 10|
locale loc(2) 11 12 13 locale loc(4)
14 15 16

Figure 1. Sparse matrix distrib ution.

3.1.2. Data Distrib utions Programsin ConcreteChapel
can organizetheir memory as a set of hamedvirtual lo-

cales.A datadistribution canthenbeintroducedasa map-
ping from the index setof a domainto sucha locale do-
main,wherethesetof all indicesassociatedvith onepartic-
ularlocaleis calleda distribution sggment Chapelde nes
new classe®f intrinsic distributions,proposesiserde ned

extensionf thedistribution mechanismandprovidesspe-
cial supportfor thedistribution of opaquedomains.

Chapel Distributions In addition to the data distribu-
tions of the HPF-2 Approved Extensions[11], which
include general block and indirect, Chapel also sup-
portsuserde ned distribution speci cations A new feature
is thegeneal tiling distribution, which generalizeshegen-
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
generaltiling distribution is the value-dependentlistri-
bution of a sparsedomain, as illustratedin the example
below.

Example: SparseMatrix Distrib ution

Considera Cartesianproductdomainfor a sparsematrix
with index setl = (1 : 10;1 : 8), whereonly non-zero
elementsare explicitly specied (Fig. 1). The locale do-
mainis given by loq1 : 4). The gure illustratesa gen-
eraltiling distribution constructedo balancehe numberof
non-zeroedn eachdistribution sgment.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
thatareconnectedn anirregularmannerAll grids canbe
processethdependentlyn parallel,with updatef bound-
aries carried out periodically The numberof grids, their
sizes and their interaction patternsare generally deter
minedat runtime;differentgrids may have widely different
sizesandshapes.

var MB : domain =[1..n_gridg;
classGrid f
var D : domain(1) distrib ute(blockK);
var low, high: integer
var data: array D of oat;
function do_distributef
distrib ute(D) on(Localeglow..high))
allocate(datg;

g
function solwe;

g
var grids: array MB of Grid;
foriin MB f
var s: domain(1) = readshapég);
grids(i) = Grid(D=s);

g

setup(gridy

partition(grids);

forall gin grids
g.dadistribute();

determindow;high

while (...)f notterminated
pre_procesgrids); updateboundaries.
forall gin gridson(Localegg.low))
g.solhe()
g
function Grid.sohe f
forall i in D
solve(i)... implicitly on someocale
g

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

Fig. 2illustratesa simpli ed Chapelapproacho aparal-
lel solutionof the multiblock problem.We distribute com-
ponentgridsto contiguoudisjoint subset®f localesbased
on their size.This ensureghat grids canbe processedon-
currentlyandthat eachindividual solver canbe processed
efciently in parallel. Themultiblock grid collectionis rep-
resentedy aone-dimensionarray grids, with n_grid ele-
mentsof type Grid for theindividual componengrids.

After determiningthe shapeof all componengrids, the
grid collectionis preparedfor processingoy a call to the
function setup This de nes the boundaryof eachgrid and
initializesits data.Thesubsequentlgalledpartition routine
determineghe parameterdp andhi, for the distribution of
all componengrids. The whiledoop is inherentlysequen-
tial. After pre-processinthegrid collection,theforall-loop
activatesthesolverfor eachcomponengrid in parallel. The
on-clauseestablisheaf nity: eachsolveris executedbnthe
locale subsetof its associatedyrid. The individual solvers
areparallelprogramsin their own right, which exploit the
processingapabilitiesn theirrespectie localesets.  }



classTreef
var k : integer;
var D : domain(opaque distrib ute();
var CD: domain(1) = 1.k;
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
childrer(id,i) = c.id;

k arytrees

child domain

g

function child(i: index(CD)) : Nodef
return nodegchildrer(id,i))

g

g
function newnode: Nodef

var n: index(D) = D.nen();
nodegn) = Nodgid=n);
return nodegn);

g

g
var tree: Tregk=num.childrer);

var root: Tree.Node= tree.n&vnod€);
distrib ute(tree.D)on(Locales;

var data: array tree.Dof datatype

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

Opague Domains Opaguedomainssupportthe allocation
and distribution of dynamicand irregular datastructures.
Theirelements—opaquadices—aresystengenerateab-
jects,which identify instancesof dataassociatedvith the
domainandstoreinformationaboutthe locale assignment
andpossiblytherelative “weight” of thedataelemenin the
overall structure.This providesthe systemwith sufcient
informationfor automaticallydistributing (andpossiblyre-
distributing) sucha domain.

Figure 3 shavs a simple use of an opaquedomainto
managethe nodesof a k-ary tree. The multiblock exam-
ple discussed@bove couldalsobeformulatedusingopaque
domainspasedon a dynamicallocationof individual grids
andautomaticsupportfor partitioning (ratherthanthe ex-
plicit controlexpressedy thefunctionpartition).

3.2. Abstract Chapel

The de nition of “abstract”thatapplieshereis disasso-
ciatedfrom any speci c instance In particularwe wantto
enableandencouragerogramso be written with explicit
algorithmsbut with abstractatastructures.

function searciv) f
dfnumbe(v) = count
lowlink(v) = count
count+=1;
stack.pustv);
on.stackv) =true;
for win neighborgv)
if (notis_old(w)) f
searclw);
lowlink (v) = min(lowlink(v), lowlink(w));
g elseif (dfnumbefw) < dfnumbefv) and on_stacKv))
lowlink (v) = min(lowlink(v), dfnumbe(w));
g
if (lowlink(v) == dfnumbe(v)) f
var r = nev_componen();
var Xx;
dof
x = stackpop();
on.stackx) = false
addnoddr,x);
g while (dfnumbe(x) > dfnumbe(v));
g

Figure 4. A search function for
strongly connected components.

nding

Chapelwill focuson providing supportfor abstracting
three fundamentalaspectsof data structures:component
types, iteration, and mappingfrom setsto variables.For
example, considerTarjan's algorithm for nding strongly
connecteccomponentshownn in Figure4. The context for
this algorithm is that the value of v identi es a nodein
somegraphandneighbos de nes anedgerelationfor that
graph.Thereare a numberof mapsfrom the graphnodes
to variousvariablesthathold statefor the algorithm.These
aredfnumber lowlink, is_old, andon_stadk. Within thelan-
guage,the array: : :of type constructoris usedto identify
maps.Thereis alsoaloop thatiteratesover a setof nodes
identi ed asneighbos of v. In addition,two unboundunc-
tions, new_componentand add node abstractthe actions
we shouldtake whena new stronglyconnecteccomponent
is identi ed anda new elementis addedto a component.
Finally, the algorithm usesthe unboundobjectscountand
stadk which carry statebetweeractivationsof thefunction.

The above algorithmis quite abstract.To make it con-
cretewewould needo provideimplementations$or thevar
iousmaps,theiterator andbindingsfor the unboundoper
ations.Theobject-orientegparadignprovidesa frameawork
for someof theseissueslin particular we canencapsulate
this function in a classthat binds free symbols.However,
existing strongly-typedbject-orientedanguagegive poor
supportfor adaptingthe mappingand iteration functions



to client contets. Furthermorewhile hereit is enoughto
specifythatthe setof nodesformsa graphandhasa neigh-
borrelation,ary furtherde nition of the graphwould limit
theapplicability of this functionandcurtail its potentialfor
reuse Chapelextendsthe commonobject-orientedeatures
in threewaysto encourageabstraction:

1) Abstraction of typesSimilar to the conceptof templates
in C++ and genericpackagesn Ada, we permit typesto
be omittedfrom programfragmentsTypeswill beinferred
from usageanddifferentcontexts may requireseparatén-
stantiation®f variousfunctionsandclassegachtailoredto
callsitespeci cs. In the exampleabove, variablesv, w, and
r might be simpleintegers,pointersto objects,or elements
in somedomain.Eachis a valid choicedependingon con-
text. We permittype variablesto be declaredwhich canbe
usedto expressconstraintamongstomple types[7].

2) Abstractionof iteration Iterationover setsof objectsand
valuesis anotheifundamentabperatiorbut mostlanguages
providelittle in theway of abstractiorfor thisoperationWe
borrav from CLU [12] theconcepiof aniterator whichre-
turnsasequencef valuesor objectreferencesTheseitera-
torsarenamedhave parameterandcanbeboundto objects
like otherfunctions.The primary differenceis thatthey re-
turn a sequencef valuesratherthana singlevalue.In this
example theiteratorneighbosinsulateshis codefrom the
detailsof thegraphabstractionlteratorsareintegratedwith
the concurreng mechanismaswell.

3) Abstraction of mapsWe usethe term mapto referto a
function from somedomainto a collectionof variables.lt

generalizeshe conceptof “array” whichis basedn Carte-
sianproductdomains.The domainof a mapmaybeanin-

tegertuple,anopaquealomain thevaluesof sometype (im-

plementedvith ahashtable),or thevaluesreturnedoy some
iterator A goalof Chapelis to provide defaultimplementa-
tionsfor varioussortsof mapsto facilitaterapidprototyping
yet alsoto provide aninterfacethatallows constructionof

context-ef cient implementationsvithoutdisturbingtheal-

gorithm.

Anotherproductvity goal of Chapelis to expandfrom
type inferenceto data structuie inference This meanswe
would like to have the programmeidentify a generalcate-
gory for an objectandhave the systemselecta reasonable
implementatiorbasedon use.For example,the useriden-
ti es dfnumberasa map,simply asan arrayindexed by a
type, andthe systemselectsa suitableimplementatiorde-
pendingonits knowledgeof thedomain.Similarly, we have
a cateyory seqthat consistsof objectsthat have iterators.
Therewill bealibrary of segimplementationsgenericwith
respecto elementtype, but with differentsetsof methods
suchaspushandpop. The systemwill automaticallyselect
aninstantiationbasedon usagebut the programmeis free
to overridethis decisionor to directly implementthe ab-

classStrongComponents
type nodetype
iterator neighborgnode:nodetypé :nodetypef
return nodeneighbors
g
type nodeset seqof nodetype
var components seqof nodeset
function new_component nodesef

var X = nodesd); createnew nodeset
componentinsert(y;
return x;

g

function addnoddr :nodesetn :nodetypé f
r.insert(n);

var dfnumber lowlink : array nodetypeof integer;
var on_stack: array nodetypeof boolean
function is_old(n:nodetypg : booleanf
return lowlink(n) < O;
g
var count: integer;
var stack: seqof nodetype
function nd _component®ode$ : seqof nodesef
forall nin nodesf
on.stackn) = false
lowlink(n) = 1;
g
stackinit();
count=0;
for nin nodes
if (notis_old(n))
searciin);
return components

g
function searclin :nodetypgf ...g

Figure 5. An abstract class for nding
strongly connected components in adirected
graph.

stractionshasedon applicationspeci ¢ knowledgethatad-
mits amoreefcient solution.

We illustratetheseconceptsn a possibleencapsulation
of the seach function shavn in Figure 5. This classis
genericwith respecto the type parametenodetypewhich
mustbe speci ed whenan instanceof this classis instan-
tiated. The type of the formal parametenodesto method
nd _componentss also left generic.It could be an array
or other domainor an objectwith a default iterator The
local type variable nodesetconstrainsthe return type of
nev_componento matchthe rst parameteof add node

Defaultimplementationgor the varioussetsandarrays
boundto this classwill beprovided.Thedefaultimplemen-
tationfor stadk includesthe pushandpopmethodsA client



classMyStrongComponentwith StrongComponents
where classnodetypd var dfnumber lowlink : integer;
var on.stack: boolean
var stacknext : nodetypeg
function dfnumbe(n : nodetypef return n.dfnumberg
function lowlink(n : nodetypef return n.lowlink; g
function on.stackn : nodetypéf return n.onstack g
var stack: classf
var top : node
function pushn : nodetypé 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

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
nateimplementation®f ary or all of thesede nitions. The
catgyory of asymbolis allowedto changeaswell sothatar
ray dfnumbercould be alteredto be a functionreturninga
variable.

An exampleof sucha clientis shavn in Figure6 where
the systemimplementation®f variousarraysarereplaced
with direct accesgo variableson graphnodes.We adda
type constrainton nodetypethatidenti es these elds and
provide anew de nition of stad.

The primaryimplementatiorchallenges to managehe
costof recompilationand optimize the selectionof imple-
mentationsto avoid unnecessarypverheadsUnlike other
high-level languageshowever, runtime performanceds not
completelyat the merg/ of a smartcompiler: whereopti-
mizationfails, thelanguageallows programmerso provide
concrete hand-craftedmplementationsof datastructures
thatwill be competitive with today's solutions.Theseim-
plementationsan be provided without disturbingthe ba-
sicalgorithmsin particularthey couldbetarget-dependent,
providing alevel of portability for thebulk of anapplication
notcurrentlyavailable.

While the researchfocus of the concretelanguageis
to explorelocality-avaremultithreadingasa programming
model,for the genericaspectave areinterestedn achiev/-
ing muchof the easeof useandexpressivenesof dynami-
cally typedlanguage$ut with the performancedwantages

of compile-timetypecheckingWe arealsohopingto bridge
high-level languagesike SETL [19] andmoreproduction-
orientedanguagesy specializingreusablalgorithmsbuilt
on abstractdatastructuresA synegy betweenhesegoals
is providedby the commonnotionof adomainasa mecha-
nismbothto de ne mapsanditerationandto distributedata
for locality.

3.3. Implementation Strategy

The initial implementation of Chapel will take a
source-to-source&compilation approachin order to pro-
vide a portableimplementatiorthat avoids asmary archi-
tecturalassumptionsis possible. This implementatiorwill
mostlikely generateC codewith callsto 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 orderto en-
courageevaluationof the language experimentationwith
its featuresandrapidfeedbackrom potentialusercommu-
nities. As the implementatiormatureswe hopeto engage
the broadercommunityto help with its optimization,up-
keep,andevolution.

One of the primary challengeswith this initial imple-
mentationwill be to achiese performancdevelsthat make
Chapelattractive not only for its productiity featuresput
alsofor performance-orientedins.Thiswill beastiff chal-
lenge given the lack of supportfor lateng toleranceand
multithreadingon currentarchitectureshut our hopeis that
Chapelslanguage-leel supporfor abstractionsuchasdo-
mainsandlocaleviewswill givetheimplementatiortheop-
portunity to cachepiecesof performance-cruciahforma-
tion with theruntimeobjectsrepresentingheseconcepts.

Meanwhile,as the Cascadearchitecturemoves toward
production,a secondmplementatioreffort will take place
to generateodethattakesmaximaladvantageof its unique
features.This implementationwill target either the ma-
chine's assemblylanguageor the front-endof Cascades
corventionalC andFortrancompilers.

Chapels abstractfeatureswill be implementedvia a
globaltype inferenceenginethat strivesto determinevari-
able typesand valueswithin a users program.The com-
piler will then specializeroutinesto generateoptimized
codebaseddntheresultsof thatanalysisThisimplementa-
tion effort is alreadyunderway andis basecbn compilation
techniquesdevelopedin the contet of the ConcertCom-

piler [17].

4. Architecture Implications

Key conceptsof high-productvity programming on
which the design of Chapelis founded include multi-



threaded ne-grain parallelism and locality-avare pro-
gramming.Theseare areaswherethe lack of adequatear
chitectural support in corventional architectures has
led to severe performanceproblems.Here we will dis-
cuss how the Cascadearchitectureaddresseghese is-
sues.

1) Implementationof ne-grain parallelismwith an un-
boundednumberof threadsimplies a runtime systemca-
pableof virtualizing processorsThis requiresmultiplexing
threadontoavailableprocessordiardwaresupportor syn-
chronization,and mechanismdo reducethe overheadof
threadscheduling.

Modern processorarchitecturehas focusedalmost ex-
clusively on the performanceof singlethreadsof control.
Large register sets,data cachesmemory disambiguation
and branchpredictionare all focusedon a single thread,
resultingin a large executionstateand expensve context
switches.Suchprocessorsire mosteffective whenexecut-
ing programswith a high ratio of numberof operationgo
memory bandwidthrequirementsCascadeprovides such
“heavyweight” processordut alsoincludesa secondclass
of “lightweight” processors.

Lightweight processorareoptimizedfor programsich
in shortthreadsand synchronizationpr which aredatain-
tensve. Theseprocessorare implementedn the memory
subsystermandwhile they are not very powerful individu-
ally, therearemary of them.Lightweightprocessorsisea
form of hardwaremultithreadingto toleratelateng for re-
moteaccesseandsynchronization.

2) Chapelsupportghedistribution of datastructuredo ex-

ploit spatiallocality. At the sametime, high bandwidthis

neededor datastructuredor which thereis no naturaldis-
tribution. This is particularlyimportantfor expandingpar

allel programmingto areasbeyond simulationof physical
systemavheredecompositionareoftenimplied by system
structure.

The Cascadarchitecturas a sharedaddresspacesys-
tem that supportsmultiple views of physical memory
In one view, which supportsnon-uniform spatial local-
ity, the systemconsistsof anarrangemenof locales,each
of which containsa hearyweight processorand a collec-
tion of lightweight processorsn the memory Neighbok
hoodsin the virtual addressspaceare presered by the
hardwaremappingto physicaladdresses.

To supportdatastructuresthat are sharedbut have no
naturalalgorithm-inducedlistribution, Cascadesupportsa
uniform-accessiew of memory In this view, smallconsec-
utive blocksof memaoryaredistributedby applyinga hash-
ing function to the virtual addressesThis techniquewas
usedin the IBM RP3andthe Cray MTA to ensurehigh
bandwidthto dataaggreyatesfrom a setof processorse-
gardlesof accesgattern.For example,a 3-D datasetcan

be partitionedinto parallel1-D “pencils” and be accessed
concurrentlyin ary dimensiorwith no lossof bandwidth.

Thesetwo modelsallow spatiallocality to eitherbeig-
noredor exploited. It canbe ignoredat small scalesthat
have adequatdandwidthor that have no viable decompo-
sition. It canbe exploited at large scalewherea reasonable
distribution for the datacanbe achieved.

3) The nal aspectof Chapelis the the needfor remote
threadcreationor, equivalently message-dven computa-
tion to allow threadgo executein thelocaleof thedatathey
are accessingThis concepthasmary antecedenticlud-
ing Actor programmind1], the ChareKernel[20], andAc-
tive Messagef21].

All processorin the Cascadeystemareableto execute
aspawnprimitive thatwill createa new threadrunningin a
lightweight processoanywherein the system.This mech-
anismdirectly supportghe programmingdiom of creating
a new threadrunningon a particularlocaleto exploit spa-
tial locality or reducethelateng of transactionsigainstre-
motedata.

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

Theseareareasvherethe Cascadarchitecturewill pro-
vide non-commoditysupportfor the Chapelprogramming
model. They arenot the only issuesneededor a success-
ful Peta ops-scalesystenmnor arethey the only waysto ex-
ploit Cascades architecturebut theseare key areaswhere
currentsystemsareinsuf cient.

5. Summary

This paperdescribedhe designof Chapelthe Cascade
High Productvity Language.Chapelpushesthe state-of-
the-artin languagegor high-endcomputingby combining
the goal of highestpossibleobjectcodeperformancewith
a high-level userinterfacefor programmability While the
concretdanguageallows explicit controlof parallelismand
locality without the needto resortto a fragmentedmem-
ory model,the abstractanguagdreesthe userfrom mary
detailsof type anddatastructurespeci cation. Chapelcan
be implementedon ary parallel system,however the full
rangeof thelanguagewill requirearchitecturakupportfor
achieving its performanceoalsbeyondthatofferedin con-
ventionalmachines.Such supportcan be realistically ex-
pectedfrom mary future Peta ops-scalerchitecturesand
it will be providedspeci cally by the Cascaderchitecture



in theareaf ne-grain multithreadingjocality-avarepro-
grammingandmessage-dvencomputation.

Higherlevel programmingmodelslik e that provided by
Chapelare one of severalinnovationsthat may be needed
to moreeffectively programhighly parallelsystemsOthers
include new approacheso compiler, runtime system,and
tool design,aswell asenhancedutomaticsupportfor al-
gorithm development fault toleranceand correctnessnd
performancedehigging. The corventional separationbe-
tweencompiler, runtimesystemandtoolsis breakingdown
asaresultof emeping conceptsuchasfeedback-oriented
andjust-in-timecompilation,dynamicinstrumentationand
Al-basedapproacheto hotspotdetectionandperformance
tuning. Autonomousagentsmay monitor the executionof
a parallel programat runtime, providing feedbackabout
memoryleaks,excessve threadgenerationjneffective ac-
cesspatterngo distributeddatastructuresor potentialpar
allel hazardsLik ewise,a softwareinfrastructurenaytrans-
parentlydealwith suchsituationstriggeringrecompilation
of critical programloops, redistrituting datastructurespr
preventingdeadlocksby imposingconstraintson resource
accesses.
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