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Abstract NestStep is a parallel programming language
for the BSP (bulk-synchronous parallel) programming
model. In this paper we describe the concept of distributed
shared arrays in NestStep and its implementation on top
of MPI. In particular, we describe a novel method for run-
time scheduling of irregular, direct remote accesses to sec-
tions of distributed shared arrays. Our method, which
is fully parallelized, uses conventional two-sided message
passing and thus avoids the overhead of a standard imple-
mentation of direct remote memory access based on one-
sided communication. The main prerequisite is that the
given program is structured in a BSP-compliant way.

1 Introduction

A sharedmemoryview of aparallelcomputerwith dis-
tributedmemorycaneaseparallelprogrammingconsider-
ably. Software techniquesfor emulatinga virtual shared
memoryon top of a distributedmemoryarchitecture,im-
plementedby the compilerand the runtimesystem,sup-
portsuchasharedmemoryview, but someremainingprob-
lemssuchascontrollingmemoryconsistency or processor
synchronizationarestill underthe programmer’s respon-
sibility. Sequentialmemoryconsistency is usually what
theprogrammerwants,but maintainingthisstrongconsis-
tency propertyautomaticallythroughoutprogramexecu-
tion causesusuallya high amountof interprocessorcom-
munication. Furthermore,synchronizationof processor
setsis alsoexpensive whereit mustbesimulatedby mes-
sagepassing. Hence,consistency and synchronicityas-
pectsshouldbeconsideredandspecifiedtogether. Prefer-
ably, alreadytheprogramminglanguageitself shouldoffer
a simple but flexible constructthat allows to control the
degreeof synchronousexecutionandmemoryconsistency.
Thisis theapproachtakenin theparallelprogramminglan-
guageNestStep, which is basedontheBSPmodel.

In this paperwe describethe conceptof distributed
sharedarraysin NestStep and its implementation. In
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particularwe introduceanew inspector-executorapproach
thatis suitablefor irregularBSP-stylecomputationsondis-
tributedsharedarrays.

Section2 briefly introducesthe BSPmodelandNest-
Step. Replicatedanddistributedsharedarraysare intro-
ducedin Section3. The implementationof NestStep is
describedin Section4, with a focuson distributedshared
arraysin Section4.3. Section5 givesfirst results,Section
6 discussesrelatedwork, andSection7 concludes.

2 Background

TheBSP (bulk-synchronous parallel) model [13] struc-
turesaparallelcomputationof � processorsinto asequence
of supersteps thatareseparatedby globalbarriersynchro-
nizationpoints.A superstepconsistsof (1) aphaseof local
computationof eachprocessor, whereonly local variables
(and locally held copiesof remotevariables)can be ac-
cessed,and (2) a communicationphasethat sendssome
datato theprocessorsthat mayneedthemin the next su-
perstep(s),andthenwaitsfor incomingmessagesandpro-
cessesthem.Theseparatingbarrieraftera superstepis not
necessaryif it is implicitly covered(e.g.,by blocking re-
ceives)in thecommunicationphase.

The BSP model, as originally defined,doesnot sup-
port a sharedmemory; rather, the processorscommuni-
catevia explicit messagepassing.Also, thereis no sup-
port for processorsubsetsynchronization.In orderto ex-
ploit nestedparallelismin programs,it mustbe explicitly
flattened,which is generallydifficult for MIMD computa-
tions.NestStep eliminatestheseweaknessesby providing
explicit languageconstructsfor sharingof variablesand
for processorsubsetsynchronizationby staticanddynamic
nestingof supersteps.

NestStep [8] is definedby asetof languageextensions
that may be added,with minor modifications,to any im-
perativeprogramminglanguage,beit proceduralor object
oriented.Thefirst versionof NestStep [7] wasbasedon
Java,andtheruntimesystemof NestStep-Java waswrit-
tenin Java aswell. However, we weresodisappointedby



the poor performanceof Java, in particularthe slow ob-
ject serializationrequiredfor communication,thatwe de-
cided for a redesignbasedon C, calledNestStep-C. In
thecourseof theredesignprocess,wechangedtheconcept
of distributed arraysand abolishedthe so-calledvolatile
sharedvariables.This simplifiedthe languagedesignand
improvedits compatibilitywith theBSPmodel.

Thesequentialaspectof computationis inheritedfrom
the basislanguage. NestStep addssomenew language
constructsthatprovide sharedvariablesandprocesscoor-
dination. Somerestrictionson the usageof constructsof
thebasislanguagemustbemadefor eachNestStep vari-
ant. For instance,in NestStep-C, pointersarerestricted;
in NestStep-Java, the usageof Java threadsis strongly
discouraged.The NestStep extensionscould aswell be
addedto C++ or Fortranor similar imperative languages.
Thebasislanguageneedsnot beobjectoriented,asparal-
lelismis not implicit by distributedobjectscommunicating
via remotemethodinvocation,but expressedby separate
languageconstructs.

NestStep processesrun, in general,on differentma-
chinesthat arecoupledby theNestStep languageexten-
sionsand runtime systemto a virtual parallel computer.
Thisis whyweprefertocall themprocessors in thefollow-
ing. Eachprocessorexecutesoneprocesswith the same
program(SPMD), and the numberof processesremains
constantthroughoutprogramexecution.

TheNestStep processorsareorganizedin groups. The
processorsin agroupareautomaticallyranked(denotedby
$) from 0 to thegroupsize(denotedby#) minusone.The
main methodof a NestStep programis executedby the
root group containingall availableprocessorsof the par-
tition of theparallelcomputertheprogramis runningon.
Groupscanbedynamicallysubdividedduringprogramex-
ecution,following thestaticnestingstructureof thesuper-
steps.TheNestStep featureof nestabilityof supersteps,
denotedby theneststep statement,hasbeenintroduced
in previouswork [7, 8] but is not in thefocusof thispaper.
Rather, it is sufficientto know thatordinary, flat supersteps
aredenotedin NestStep by thestep statement

step statement

and executedby the processorsof a group in a bulk-
synchronousway. All processorsof the samegroup are
guaranteedto work within the samestepstatement(su-
perstep synchronicity), which implies an implicit group-
wide barriersynchronizationat thebeginningandtheend
of statement. Consequently, a stepstatementexpectsall
processorsof a group to reachthe entry and exit points
of thatsuperstep,which imposessomerestrictionsoncon-
trol flow, althoughfor all structuredcontrolflow statements
suchas loopsor conditionalstatements,the programmer
can easily narrow the currentgroup to the relevant sub-
groupof processorsusingtheneststep statement[7, 8].

3 Sharing by replication or distribution

Beyond superstepsynchronicity, the step statements
alsocontrolsharedmemoryconsistency within thecurrent
group.

Variables,arrays,andobjectsareeitherprivate (local to
a processor)or shared (local to a group).Sharingis spec-
ified by a typequalifiersh at declarationand(for objects)
atallocation.

Sharedbase-typevariablesarereplicated acrossthepro-
cessorsof thedeclaring(andallocating)group;eachpro-
cessorexecutingthedeclarationholdsonecopy. Sharedar-
raysmaybereplicatedor distributed;replicationis thede-
fault. Pointers,if supportedby thebaselanguage,canonly
beusedasaliasesfor privatevariablesandcopiesof shared
variablesin theprocessor’sown localmemory;thus,deref-
erencinga pointernevercausescommunication.

Sharedarraysarestoreddifferentlyfrom privatearrays
and offer additional features. A sharedarray is called
replicated if eachprocessorof the declaringgroupholds
a copy of all elements,anddistributed if thearrayis par-
titioned and eachprocessorowns a partition exclusively.
Liketheirprivatecounterparts,sharedarraysarenotpassed
by valuebut by reference.For eachsharedarray(alsofor
thedistributedones),eachprocessorkeepsits elementsize,
lengthanddimensionalityat runtimein a local arrayde-
scriptor. Hence,bound-checking(if requiredby thebasis
language)or length inspectioncanalwaysbe executed
locally.

On entry to a stepstatementholds that on all proces-
sorsof thesameactive grouptheprivatecopiesof a repli-
catedsharedvariable(or array or heapobject) have the
samevalue(superstep consistency). The local copiesare
updatedonly at the endof the stepstatement.Note that
this is adeterministichybridmemoryconsistency scheme:
a processorcanbe sureto work on its local copy exclu-
sively within thestepstatement.

Computationsthatmayaccessnonlocalelementsof dis-
tributed sharedarrays (see later) or write to replicated
sharedvariables,arrays,or objects,mustbe insidea step
statementor its dynamicextent. An exceptionis madefor
constantinitializers.

At theendof astepstatement,togetherwith theimplicit
groupwidebarrier, there is a groupwidecombine phase.
The(potentially)modifiedcopiesof replicatedsharedvari-
ablesarecombinedandbroadcastwithin thecurrentgroup.
Hence, when exiting the superstep,all processorsof a
groupagainsharethesamevaluesof thesharedvariables.
The combinefunction can be individually specifiedfor
eachsharedvariableat its declaration,by an extenderof
thesh keyword[8]. Thisalsoincludesthecomputationof
globalreductions(sum,maximum,bitwiseoperationsetc.)
of themodifiedlocalcopies,andevenprefixcomputations,
suchasprefix sums.Thecombinefunctioncanbealsobe
redefinedlocally for eachsuperstep.Sincecombiningis



implementedin a treelikeway, parallelreductionsandpar-
allel prefixsumscanbecomputedon-the-flyat practically
no additionalexpensejust asa byproductof establishing
superstepconsistency andgroupsynchronization.

3.1 Replicated shared arrays

For a replicatedsharedarray, eachprocessorof the
declaringgroup holds copiesof all elements. The com-
bining strategy declaredfor theelementtypeis appliedel-
ementwise.The declarationsyntaxis similar to standard
Java or C arrays:

sh<+> int[] a;

declaresa replicatedsharedarrayof integerswherecom-
bining is by summingthecorrespondingelementcopies.

A sharedarraycanbeallocated(andinitialized) either
staticallyalreadyat thedeclaration,asin

sh int a[4] = {1, 3, 5, 7};

or later(dynamically)by callinga constructorlike

a = new_Array ( N, Type_int );

3.2 Distributed shared arrays

In thefirst NestStep design[7], distributedarrayswere
volatile by default, suchthat eacharrayelementwas se-
quentially consistent. However, this was not compliant
with theBSPmodel,andmadetheimplementationlessef-
ficient. In contrast,thecurrentlanguagedefinitionapplies
to distributedarraysthe samesuperstepconsistency asto
replicatedsharedvariables,arrays,andobjects:the mod-
ificationsto thearrayelementsbecomeglobally visible at
andonly at the endof a superstep.Hence,the processor
canbe sureto work on its local copy exclusively until it
reachesthe endof the superstep.For concurrentupdates
to thesamearrayelement,thecorrespondingdeclared(or
default)combinepolicy is applied,asin thescalarcase.

The variouspossibilitiesfor the distribution of arrays
in NestStep are inspiredby otherparallelprogramming
languagesfor distributedmemorysystems,in particularby
Split-C [3].

Distributedsharedarraysaredeclaredasfollows. The
distribution may be eitherin contiguousblocksor cyclic.
For instance,

sh int[N]</> b;

denotesa block-wisedistribution with block size �������
	 ,
where� is thesizeof thedeclaringgroup,and

sh int[N]<%> a;
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Figure1: Cyclic andblockdistributionof arrayelementsacross
theprocessorsof thedeclaringgroup.

denotesa cyclic distribution, wheretheownerof anarray
elementis determinedby its index modulothegroupsize.
Suchdistributionsfor a 7-elementarrayacrossa 4 proces-
sorgroupareshown in Figure1.

Multidimensionalarrays can be distributed in up to
three“leftmost” dimensions. As in Split-C [3], there is
for eachmultidimensionalarrayA of dimensionality� a
staticallydefineddimension� , 
�������� , ����� , such
thatall dimensions
������������ aredistributed(all in thesame
manner, linearizedrow-major)anddimensions����
������������
arenot, i.e.  "! #%$&���������'#)(+* is local to the processorowning
 ,! # $ ���������-#/.�* . Thedistribution specifier(in anglebrackets)
is insertedbetweenthe declarationbracketsof dimension
� and �0�1
 . For instance,

sh int A[4][5]<%>[7]

declaresa distributedarrayof 2,354�687�9 pointersto local
7-elementarraysthat arecyclically distributedacrossthe
processorsof thedeclaringgroup.

The distribution becomespart of the array’s type and
mustmatche.g.at parameterpassing.For instance,it is
a type error to passa block-distributedsharedarray to a
methodexpectinga cyclically distributedsharedarrayas
parameter. As NestStep-Java offers polymorphismin
methodspecifications,the samemethodnamecould be
usedfor several variantsexpectingdifferently distributed
sharedarrayparameters.In NestStep-C, differentfunc-
tion namesarerequiredfor differentparameterarraydis-
tributions.

3.2.1 Scanning local index spaces

NestStep providesparallel loopsfor scanninglocal iter-
ationspacesin one,two andthreedistributeddimensions.
For instance,theforall loop

forall ( i, a )
stmt(i, a[i]);

scansover theentirearraya andassignsto theprivateit-
erationcounteri of eachprocessorexactly thoseindices
of a that are locally storedon this processor. For each
processor, theloopenumeratesthelocalelementsupward-
counting. The local iterationspacesmaybe limited addi-
tionally by the specificationof a lower andupperbound
anda stride:



void parprefix( sh int a[]</> )
{
int *pre; // private prefix array
int Ndp=N/p; // let p divide N for simplicity
int myoffset; // prefix offset for this proc.
sh int sum=0; // constant initializer
int i, j = 0;
step {
pre = new_Array( Ndp, Type_int );
sum = 0;
forall ( i, a ) { // locally counts upward

pre[j++] = sum;
sum += a[i];

}
} combine( sum<+:myoffset> );
j = 0;
step
forall ( i, a )
a[i] = pre[j++] + myoffset;

}

Figure2: Computingparallelprefixsumsin NestStep-C.

forall ( i, a, lb, ub, st )
stmt(i, a[i]);

executesonly every stth local iteration i betweenlb
andub. Downward-countinglocal loopsareobtainedby
settinglb : ub andst ;<9 . Generalizationsforall2,
forall3 for 2 and3 distributeddimensionsusea row-
majorlinearizationof themultidimensionaliterationspace
following thearraylayoutscheme.

Array syntax,as in Fortran90and HPF, hasbeenre-
cently addedto NestStep to denotefully parallelopera-
tionsonentirearrays.For example,a[6:18:2] accesses
theelementsa[6], a[8], ����� , a[18].

For eachelementa[i] of a distributed sharedarray,
thefunctionowner(a[i]) returnstheID of theowning
processor. Ownershipcanbe computedeitheralreadyby
the compileror at run-time,by inspectingthe local array
descriptor. Thebooleanpredicateowned(a[i]) returns
trueiff theevaluatingprocessorownsa[i].

Figure 2 shows the NestStep-C implementationof a
parallel prefix sums computationfor a block-wise dis-
tributedsharedarraya.

3.2.2 Accessing distributed shared array elements

Processorscanaccessonly thoseelementsthat they have
locally available.

A nonlocalelementto be read is prefetchedfrom its
ownerby a readrequestat the beginningof thesuperstep
thatcontainsthereadaccess(morespecifically, at theend
of the previoussuperstep).Potentialconcurrentwrite ac-
cessesto thatelementduring thecurrentsuperstep,either
by its owneror by any otherremoteprocessor, arenot vis-
ible to this readingprocessor;it usesthe value that was
globally valid at the beginning of the currentsuperstep.
The necessaryprefetchinstructionscanbe generatedau-
tomaticallyby thecompilerwheretheindicesof requested

elementscanbe staticallydetermined.Alternatively, the
programmercanhelpthecompilerwith theprefetchingdi-
rectivemirror.

A write accessto a nonlocalelementof a distributed
sharedarray is immediatelyappliedto the local copy of
that element. Hence,the new valuecould be reusedlo-
cally by a writing processor, regardlessof thevalueswrit-
ten simultaneouslyto local copiesof the samearrayele-
mentheld by otherprocessors.At the endof the super-
stepcontainingthe write access,the remoteelementwill
beupdatedin thegroupwidecombinephaseaccordingto
thecombiningmethoddefinedfor theelementsof thatar-
ray. Hence,the updatedvaluewill becomeglobally visi-
ble only at thebeginningof thenext superstep.Wherethe
compilercannotdeterminestaticallywhichelementsareto
beupdatedat theendof a superstep,this will bedonedy-
namicallyby the runtimesystem.Thepoststoredirective
update couldalsobeapplied.

Prefixcombiningis notpermittedfor distributedshared
arrayelements.

3.2.3 Bulk mirroring and updating of distributed
shared array sections

Bulk mirroringandupdatingof distributedsharedarrayel-
ementsavoids theperformancepenaltyincurredby many
small accessmessagesif entire remoteregionsof arrays
areaccessed.This is technicallysupported(a) by theuse
of arraysyntaxin assignments,which allows to sendjust
oneaccessrequestmessageto theownerof eachsectionof
interest,and(b) by prefetchingandpoststoringdirectives
(mirror andupdate), as the compiler cannotalways
determinestaticallywhichremoteelementsshouldbemir-
roredfor thenext superstep,althoughtheprogrammermay
know thatin somecases.

3.2.4 Example: BSP � -way randomized Quicksort

Figure3 shows a NestStep-C implementationof a sim-
plified version(no oversampling)of a � -way randomized
Combine-CRCWBSPQuicksortalgorithmby Gerbessio-
tis andValiant [4]. Thealgorithmmakesextensive useof
bulk movementof arrayelements,formulatedin NestStep
asreadandwrite accessesto distributedsharedarrays.

We aregivena distributedsharedarrayA thatholds �
numbersto besorted.The � processorssampletheir data
andagreeon �>=?
 pivots that arestoredin a replicated
sharedarraypivs. Now processor# , 
��@#>;��A=B
 ,
becomesresponsiblefor sortingall arrayelementswhose
valueis betweenpivs[ #C=D
 ] andpivs[ # ]; processor
9 , for all elementssmallerthanpivs[0], andprocessor
�E=1
 , for all elementslargerthanpivs[�E=F7 ], respec-
tively. A bad load distribution canbe avoidedwith high
probabilityif oversamplingis applied,sothatthepivotsde-
finesubarraysof approximatelyequalsize.Thepartitioned
versionof arrayA is temporarilystoredin the distributed



#include <stdio.h>
#include <stdlib.h>
#include <math.h>
#include "NestStep.h"

/** p-way randomized Combine-CRCW BSP-Quicksort
* variant by Gerbessiotis/Valiant JPDC 22(1994)
* implemented in NestStep-C.
*/

int N=10; // default value

/** findloc(): find largest index j in [0..n-1] with
* a[j]<=key<a[j+1] (where a[n] = +infty). C’s
* bsearch() can’t be used, it requires a[j]==key.
*/

int findloc( void *key, void *a, int n, int size,
int (*cmp)(const void *, const void *) )

{
int j; // for the first, use naive linear search:
for (j=0; j<n; j++)

if ( cmp( key, a+j*size ) <= 0) return j;
return n-1;

}

int flcmp( const void *a, const void *b ) // compare
{ // 2 floats
if (*(float *)a < *(float *)b) return -1;
if (*(float *)a > *(float *)b) return 1;
return 0;

}

int main( int argc, char *argv[] )
{

// shared variables:
sh float *A</>, *B</>; // block-wise distr. arrays
sh float *size, *pivs; // replicated shared arrays
// private variables such as T used as destination of
// remote read are automatically treated in a special
// way (wrapper objects) by the compiler:
float *T, **myslice;
int *mysize, *Ssize, *prefsize;
// local variables:
int i, j, p, ndp, nmp, myndp, pivi, psumsize;
double startwtime, endwtime;

NestStep_init( &argc, &argv ); // sets # and $
// N may be passed as a parameter:
if (argc > 1) sscanf( argv[1], "%d", &N );
p = #;
ndp = N / p;
nmp = N % p;
if ($ < nmp) myndp = ndp+1;
else myndp = ndp;
A = new_DArray( N, Type_float ); // dyn.alloc. A[0:N-1]
B = new_DArray( N, Type_float ); // dyn.alloc. B[0:N-1]
mysize = new_Array( p, Type_int );
Ssize = new_Array( p, Type_int );
size = new_Array( p, Type_int );
prefsize = new_Array( p, Type_int );
pivs = new_Array( p, Type_int );

forall (i, A) // useful macro supplied by NestStep
A[i]=(double)(rand()%1000000); // create some values

// to be sorted
myndp = DArray_Length(A); // size of my local partition

startwtime=NestStep_time(); //here starts the algorithm

// STAGE 1: each processor randomly selects a pivot el.
// and writes (EREW) it to pivs[$].
// Pivot intervals are defined as follows:
// I(P_0) = ] -\infty, pivs[0] ]
// I(P_i) = ] pivs[i-1], pivs[i] ], 0<i<p-2
// I(P_{p-1}) = ] pivs[p-2], \infty [

step { /*1*/
int pivi = DArray_index( rand()%myndp );
pivs[$] = A[pivi]; // random index in my partition

}
// now the pivots are in pivs[0..p-1]

// STAGES 2, 3, 4 form a single superstep:

step { /*2*/
// STAGE 2: locally sort pivots. This computation is
// replicated, thus not work-optimal, but faster than
// sorting on one processor only and communicating
// the result to the others.

qsort( pivs, p, sizeof(float), flcmp );

// STAGE 3: local p-way partitioning in local arrays
// A->array. I have no in-place algorithm, so I over-
// allocate O(p*ndp) space, only npd elements of
// which will be actually filled by the partitioning:

myslice = (float **)malloc( p * sizeof(float *));
myslice[0] = (float *)malloc( p * ndp *sizeof(float));
for (i=1; i<p; i++) myslice[i] = myslice[0] + i*ndp;
for (i=0; i<p; i++) size[i] = 0;
forall (i, A) { // insert my own elements in slices:
j=findloc( &(A[i]), pivs, p, sizeof(float),flcmp);
myslice[j][size[j]++] = A[i];

}
// keep the local sizes for later:
for (i=0; i<p; i++) mysize[i] = size[i];

// STAGE 4: Globally compute the array size of global
// slice sizes and the prefixes of the individual
// processor contributions. This is just done as a
// side-effect of combining:

} combine ( size[:]<+:prefsize[:]> ); //end superstep 2

// This array ^^^^ notation in the optional combine
// annotation is a hint for the compiler that the
// shared array "size" needs not be packed elementwise,
// thus avoiding smaller combine items. Here, the
// effect is marginal, as "size" is usually small.

// After combining, size[i] holds the global size
// of pivot interval I(i), and prefsize[i] holds the
// accumulated length of contributions of the
// processors P0..P{$-1} from pivot interval I(i),
// that is, the prefix sum of all size[i] contribu-
// tions made by processors 0...$-1.

// STAGE 5: Write the local slices to the
// corresponding parts in array B.

step { /*3*/
psumsize = 0;
for (i=0; i<p; i++) {
// remote write to distributed shared array B:
B[ psumsize + prefsize[i] :

psumsize + prefsize[i] + mysize[i] - 1 ]
= myslice[i][ 0: mysize[i]-1 ];

Ssize[i] = psumsize; //prefixsum size[0]+...+size[i-1]
psumsize += size[i]; // by replicated computation

}
#pragma mirror( B [ Ssize[$] : Ssize[$]+size[$]-1 ] )
} // combining includes the updates to B and prefetches

// STAGE 6: Allocate space for all elements in my pivot
// interval I($), and bulk-read the myslice slices
// from the partitioned array.

step { /*4*/
T = new_Array( size[$], Type_float );
// remote read from distributed array B:
T[ 0 : size[$]-1 ]

= B [ Ssize[$] : Ssize[$]+size[$]-1 ];
}

// Stages 7 + 8 can be combined into a single superstep,
// because Stage 7 contains only local computation.

step { /*5*/
// STAGE 7: Now each processor sorts its array T.

qsort( T, /* this is recognized as a NestStep
* array by the compiler */

size[$], sizeof(float), flcmp );

// STAGE 8: Now write T back to B.
// bulk remote write to B:
B [ Ssize[$] : Ssize[$]+size[$]-1 ]
= T [ 0 : size[$] - 1 ]

}

endwtime = NestStep_Wtime();

... // print distributed result array and time.
NestStep_finalize();

} // main

Figure3: NestStep implementationof BSPG -wayQuicksort
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Figure 4: Illustration of the BSP randomizedquicksortalgo-
rithm for G"HFI and JKHLI�M .

targetarrayB, by a remotewrite operation.For thisopera-
tion, theprocessorsdeterminethesizesandprefixsumsof
globalsizesof thesubarraysthey will becomeresponsible
for. Then,they performa remotereadfrom B to localsub-
arraysT. Thesearesortedin parallel,andthenthesorted
sectionsarecopiedbackto B by a remotewrite operation.
Figure4 illustratesthealgorithmfor �E617 .

The examplerevealsthat the last two communication
roundscould be eliminatedif the languagesupportedir-
regulardatadistributions(here: for B), wherethesizesof
thelocalpartitionsdependon runtimedata.

3.2.5 Array redistribution

Array redistribution, in particularredistribution with dif-
ferentdistribution types,is only possibleif a new arrayis
introduced,becausethe distribution type is a staticprop-
erty of an array. Redistribution is then just a parallelas-
signment.

Redistribution of a distributed sharedarray is usually
necessaryat subgroupcreation,where that array is ac-
cessedby a subgroupof the processorsand a consistent
view shouldbemaintainedduringsuperstepsfor thatsub-
group.This is describedin detailin earlierwork [7, 8].

4 Implementation with message passing

In this section, we describean implementationof
NestStep(-C) on top of a messagepassinglayer suchas
MPI. Wefocusonthosepartsthathandledistributedshared
arrays;otherdetailscanbefoundin previouswork [7, 8].

NestStep programsare translatedby a pre-compiler
to ordinary sourceprogramsin the basislanguagewith
callsto theNestStep runtimesystem.Thesefiles, in turn,
arecompiledasusualby thebasislanguagecompilerand
linkedwith theNestStep runtimelibrary.

4.1 Data structures of the runtime system

Group objects and group splitting The runtime sys-
tem keepson eachprocessora pointerthisgroup to a
Group objectthatdescribesthecurrentgroupof thatpro-
cessor. TheGroup objectcontainsthesizeof thegroup,
its initial size at groupcreation,the rank of that proces-
sorwithin thegroup,its initial rankat groupcreation,the
group index, the depthin the grouphierarchytree,a su-
perstepcounter, anda pointerto theGroup objectfor the
parentgroup. Furthermore,therearefields that areused
internallyby theruntimesystemwhensplitting thegroup,
suchas counterarrays. Thereare also pointersto a list
of sharedvariablesdeclaredby thatgroup,to a list of ref-
erencesto variablesthat are to be combinedin the next
combinephase,andto a list of referencesto variablesthat
areto becombinedin thefinal combinephaseat termina-
tion of thatgroup.Finally, thereis a list of hiddenorgani-
zationalsharedvariablesthatareusedfor communicating
distributedsharedarraysections(seeSection4.3).

The detailsof the translationof group splitting is de-
scribedelsewhere[9].

Naming schemes for addressing shared variables
Generally, thesamesharedvariablewill havedifferentrel-
ative addresseson different processors.For this reason,
a system-wideunique,symbolicreferencemustbepassed
with theupdatevaluein thecombineor accessmessages.
We codenamesasaName structureconsistingof four in-
tegercomponents:
N the procedure name code, a globally uniqueinteger

hashcodeidentifying the declaringprocedure(0 for
globalvariables).Negativeprocedurenamesareused
for internalsharedvariablesof theruntimesystem.N the group name code, which must be dynamically
uniquewith respecttoall predecessorsandall siblings
of thedeclaringgroupin thegrouphierarchytree.N a relative name. This is a positive integer which is
givenby thefrontendto distinguishbetweendifferent
sharedvariablesin the sameactivity region. Nega-
tive relative namesareusedinternallyby theruntime
system.N an offset value, which is usedto addressindividual
arrayelementsandstructurefields. It is =O
 for scalar
variablesandpositivefor arrayelementsandstructure
fields. For multidimensionalarrays,the index space
is flattenedaccordingto the relevant basislanguage
policy.

Hence,equality of variablescan be checked fast and
easilyby threeor atmostfour integercomparisons.



Values and array objects Valuesare internally repre-
sentedby Value objects.A Value canbean integeror
floatingpointvalue,or a pointerto anArray or DArray
object.
Array objectsrepresentreplicatedsharedarrays. An

Array object containsthe numberof elements,the ele-
mentType, anda pointerto thefirst arrayelementin the
processor’s localcopy.

DArray objects representdistributed arrays. A
DArray objectcontainsthe numberof elements,the el-
ementType, the distribution type, the sizeof the owned
arraysection,theglobal index of thefirst ownedarrayel-
ement,andanArray objectcontainingthe ownedarray
elements.

Shared variables Shared variables are accessedvia
ShVar objects,which arewrapperdatastructuresfor the
local copiesof programvariablesdeclaredas shared. A
ShVar object containsthe Name entry identifying the
variable, its Type, and its Value. The Group object
associatedwith eachgroupholdsa list of ShVar objects
containingthe sharedvariablesit has declared. Global
sharedvariablesarestoredin a separategloballist.

Lists of sharedvariablesare representedby ShVars
objects. Therearemethodsfor inserting,retrieving, and
deletingShVar objectsfrom suchlists. Searchingfor a
sharedvariablestartsin the ShVars list of sharedvari-
ableslocal to the currentgroup. If the groupnamecode
in theName beingsearchedfor doesnotmatchthecurrent
group,thesearchmethodrecursesto theparentgroup,fol-
lowing the pathupward in the grouphierarchytreeuntil
the staticscopeof visibility of local variablesis left (this
scopeis computedby thefrontend).Finally, theShVars
list of globalsharedvariablesis searched.

Combine items A CombineItem object is a wrapper
datastructurethatrepresentseitheracombinerequestwith
a valuecontributedto thegroupwidecombinephaseat the
endof a superstepor a commit requestfrom anotherpro-
cessorreturninga combinedvalue;additionally, combine
itemsmayalsocontainrequestsfor remotedistributedar-
ray sectionsand repliesto suchrequests.Thesewill be
discussedin Section4.3.

Combineitems are designedfor traveling acrosspro-
cessorboundaries.Hence,a combineitem mustnot con-
tainprocessor-localpointersto valuesbut thevaluesthem-
selves.A CombineItem objectthusconsistsof theName
identifying thesharedvariableto becombined,theType,
a Value (which may includeentireArray objects),the
nameof the contributing processor, and an integer char-
acterizingthebinarycombinefunctionthatdeterminesthe
combinepolicy. Combineitemshave an optionalsecond
Name entrythatrefersto theidentifierof aprivatevariable
� , which is, for technicalreasons,neverthelessregistered
asa ShVar objectaswell. This entry indicatesthe pri-
vatetargetvariableof aprefixcomputationfor prefixcom-

bineitems,andtheprivatetargetarraysectionfor combine
itemsthatrepresentreadrequeststo remotedistributedar-
raysections.

Combine items participating in the combine phase
for the same superstepare collected in a combine
list that is pointed to from the current Group object.
A CombineList object has a similar structureas a
ShVars variablelist, thatis, it supportsdynamicinsertion,
retrieval,anddeletionof CombineItems,with theexcep-
tion thatthecombineitemsin a combinelist aresortedby
Name in lexicographicorder.

Serialization of combine lists Combine lists can be
shippedto other processorsin the groupwidecombine
phase. For this purpose, all relevant objects (i.e.,
Value, Array, DArray, Name, CombineItem and
CombineList objects)have serializationroutinesthat
allow to packtheminto a dynamicallyallocatedbyte ar-
ray. They also offer size routinesthat allow to esti-
mate the prospective spacerequirementfor the byte ar-
ray. In Java, suchroutinescomeautomaticallywith each
Serializable object; in C they have beenwritten by
handandareconsiderablyfaster.

A messageis representedby a Msg object, which is
justa dynamicallyallocatedbuffer typedvoid *. It con-
tainsthe abovementionedbytearray, prefixedby thebyte
array length, the messagetag (i.e., whetherit is a com-
bine/commitmessageor adistributedarrayread/updatere-
questor reply)andthenumberof serializedcombineitems.
Msg objectscanbeeasilyshippedacrossprocessorbound-
aries, for instanceby using MPI routinesor Java socket
communication,andaredeserializedto CombineLists
on the receiver side. For this purpose,all serializableob-
jectsprovideadeserializationroutineaswell.

Combine trees For eachgroup P , a staticcombine tree
is embeddedinto thegivenprocessornetwork. Theneces-
saryentriesarecollectedin a Tree objectthat is pointed
to by theGroup objectfor thecurrentgroupon eachpro-
cessor. The combinetree may be any kind of spanning
tree,suchasa � -ary treeor a binomial tree. The proces-
sorsarelinkedsuchthattheinitial group-relativeprocessor
ranks P .rankinit correspondto a preordertraversalof
thetree.In theTree object,eachprocessorstoresthepro-
cessorIDs of its parentnodeandof its child nodesin the
combinetree.

Hardwaresupportfor treelikecommunicationstructures
is clearlypreferableto oursoftwarecombinetrees,at least
for the root group. However, in the presenceof runtime-
data-dependentgroup splitting, a static preallocationof
hardwarelinks for thesubgroupcombinetreesis nolonger
possible.

4.2 Combining

The combinephaseat the end of a step consistsof
anupwardswave of combine messages (i.e., Msg objects



taggedCOMBINE) goingfrom theleavestowardstheroot
of thetree,followedby adownwardswaveof commit mes-
sages (i.e.,Msg objectstaggedCOMMIT) from theroot to-
wardstheleaves. It is guaranteedthateachprocessorpar-
ticipates(if necessary, by an emptycontribution) in each
combinephaseof a group.Hence,groupwidebarriersyn-
chronizationis coveredby the messagesof the combine
phaseandneedsnotbecarriedoutseparately.

The commit items, that are combineitems communi-
catedin thecommitmessages,containthesharedvariable’s
nameandits new value. Prefixcommit itemscontainad-
ditionally anaccumulatedprefix valueandthenameof an
artificialwrappervariablefor thecorrespondingprivatetar-
getvariableq thatis to beassignedtheprefixvalue.

Theterminationof a groupis computedasa side-effect
of combining. A specialinter-subgroupcombinephase
is requiredat terminationof a group, whereconsistency
within theparentgroupis to bereestablished.

A detailed descriptionof the combine and commit
phasescanbefoundin previouswork [7, 8].

Note that the tree-basedcombining mechanismis a
generalstrategy that supportsprogrammable,determinis-
tic concurrentwriteconflictresolution,programmablecon-
currentreductions,andprogrammableparallelprefixcom-
putationsonsharedvariables.Nevertheless,for supersteps
wherethecombinephaserequiresnoprefixcomputations,
the commit phasemay be replacedby a simple native
broadcastoperation,which also includesthe desiredbar-
rier synchronizationeffect. Whereit is staticallyknown
for a superstepthatcombiningis only neededfor a single
sharedvariablewhich is written by just oneprocessor, the
combinephasecouldbereplacedby a(blocking)broadcast
from thatprocessorto thegroup,thusbypassingthecom-
bine treestructure.Whereonly a singlevariableis to be
combinedby reductionandit canbestaticallydetermined
that all processorsof the groupcontributea new value,a
collective routine for all-to-all-reductioncan be usedin-
steadof generalcombining. Generally, staticanalysisof
cross-processordependencesmay help to replacea com-
bine phasewith point-to-pointcommunication,which in-
cludesreplacinggroupwidebarrier synchronizationwith
bilateral synchronization,without compromisingthe su-
perstepconsistency from theprogrammer’spointof view.

4.3 Accessing remote sections of distributed
shared arrays

An updateto a remotearrayelementbecomeseffective
at theendof thecurrentsuperstep,while readinga remote
arrayelementyieldsthevalueit hadatthebeginningof the
superstep.This impliescommunicationof valuesof array
elementsat the boundariesof supersteps.For efficiency
reasons,updatesandreadsto entiresectionsof remotear-
ray elementsshouldbe communicatedtogetherin a bulk
way; theruntimesystemprovidesfor thispurposetherou-
tinesmirror for explicit registeringof a bulk arrayread

handle
remote
array access
requests

superstep S+1

phase

combine

commit

superstep  S

phase

0 1 2 3 4 5 6 7P P P P P P PP

Figure5: The numbersof remotearray accessrequeststo be
expectedand servicedby eachprocessorare computedduring
the group-widecombinephaseat the end of a superstep(here
we assumea binarycombinetree).Theaccessrequestmessages
overlapin timewith thecombineandcommitmessages.

andupdate for explicit registeringof a bulk array up-
date.Theprogrammercanhelpthecompilerwith exploit-
ing theseroutinesvia compilerdirectives.

Weproposeanew methodthatoverlapstherequestsfor
readingandupdatingremotesectionsof distributedarrays
with thestandardcombiningmechanismfor thereplicated
sharedvariables(asdescribedabove)andthesynchroniza-
tion at theendof asuperstep.Weshow how thecombining
mechanismcanbe utilized to avoid the needof a thread-
basedsystemfor one-sidedcommunicationthatwouldoth-
erwiseberequiredfor servingtheserequests.

Thebasicidea(seealsoFigure5) is to computeat run-
time, by standardcombining,the numberof requeststhat
eachprocessorwill receive. Then, eachprocessorper-
formsthatmany blockingreceive operationsasnecessary
to receive andserve therequests.This partially decouples
thecommunicationof distributedarraysectionsandof the
standardcombinecommunication,suchthat requestsfor
distributedarraysectionscanbealreadysilently sentdur-
ing thecomputationpartof thesuperstep.Theruntimesys-
temdistinguishesbetweenthesetwo typesof messagesby
inspectingthe messagetag in theMPI_Recv calls, such
thatalwaystheright typeof messagecanbereceived.

Each processorkeeps in its Group object a hid-
den,replicatedsharedintegerarray, calledN_DAmsgs[],
whose(dynamicallyallocated)lengthis equalto thegroup
size� . EntryN_DAmsgs[ # ] is intendedto hold thenum-
berof messageswith requestsfor readingor updatingdis-
tributedarraysectionsownedby processor# , 9Q�8#R;D� ,
thatareto besentat theendof thecurrentsuperstep.Ini-
tially, all entriesin this arrayareset to zero. Whenever
a processorS sends,during a superstepcomputation,a
messagetaggedDA_REQ with a distributedarrayrequest



to a remoteprocessor# , it incrementsthe corresponding
counterN_DAmsgs[ # ] in its local copy. For eachpro-
cessorS itself, its entryN_DAmsgs[S ] in its localcopy of
thatarrayremainsalwayszero.If any entryhasbeenincre-
mentedin a superstep,the arrayN_DAmsgs is appended
to the list of combineitems for the next combinephase,
with combinemethodCombine_IADD (integeraddition).
Hence,after the combinephase,arrayN_DAmsgs holds
theglobalnumbersof messagessentto eachprocessor.

Now, eachprocessor# executesN_DAmsgs[ # ] times
MPI_Recv()with messagetagDA_REQ. In thecaseof a
readrequest,theprocessorsendstherequestedvalueback
to the senderwith messagetag DA_REP. In the caseof
a write request,it performsthe desiredupdatecomputa-
tion with its ownedarraysection,following theprecedence
rulesimpliedby thecombinemethod1.

Finally, each processorexecutes that many times
MPI_Recv asit hadpreviously issuedreadrequests,and
storesthe receivedarrayelementsin the destinationvari-
able indicatedin the combineitem holding their values.
Although this variableis, in principle, a privatearray, it
is neverthelessregisteredusinga ShVar wrapperobject,
such that it can be retrieved at this point. Finally, the
counterarrayN_DAmsgs is zeroedagainto be readyfor
thefollowing superstep.

An advantageof this methodis that the (parallel)his-
togramcalculationof the numbersof outstandingrequest
messagesto be servicedby eachprocessoris integrated
into the combinephasewhich is to be executedanyway
at the end of a superstep,hencethe additionaloverhead
causedby the runtimeschedulingof the updatemessages
is marginal.

This should be seen in contrast to the classical
inspector-executor technique [10] thatis appliedto therun-
time parallelizationof loopswith irregulararrayaccesses
in dataparallelprogrammingenvironments.Theinspector-
executor techniqueappliestwo subsequentstepsat run-
time: first, the inspector(usuallya sequentialversionof
thelooprestrictedto addresscomputations)determinesthe
actualdatadependencies,which imply a schedulefor the
actualexecutionof theloopandthenecessarycommunica-
tion. Then,theexecutoractuallyexecutestheloopin paral-
lel, includingmessagepassing,by following thatschedule.
Our methoddiffers from this classicalapproachin three
importantaspects:First, we have a MIMD environment
that is not limited to dataparallelloops. Second,our “in-
spector”, i.e. the histogramcalculationof the numberof
outstandingmessages,fully overlapsin timewith our “ex-
ecutor”,i.e.,theactualsendingof accessrequests,by using
differentmessagetags.Finally, our“inspector”is fully par-
allel andworkspick-a-backvia thecombiningmechanism
atvirtually noextracost.

1Notethatprefix combiningfor elementsof distributedsharedarrays
is notsupported.Hence,potentialcombiningfor concurrentwriteupdates
to thesameelementof a distributedsharedarraycanbedonejust in the
orderof arriving messages.

5 First results

We usedthefreeMPICH implementation[1] of MPI as
thecommunicationlayerfor ourprototypeimplementation
of theNestStep-C runtimesystem.

For theNestStep-C versionof theparprefix exam-
ple(Fig. 2) weobtainedthefollowing measurements(wall
clock time in seconds:

parprefix seq G"HLITGRHLUTG"HWVLG"HLX
N=1000000 0.790 0.397 0.268 0.205 0.165
N=10000000 7.90 4.00 2.70 1.98 1.59

For therandomizedBSPquicksortprogramof Figure3
the parallel speedupis less impressive becauselarge ar-
ray sectionsmust be shippedaroundin the bulk remote
readandwrite operations,andall this communicationis
sequentializedon thebusnetwork. We obtainthe follow-
ing figures(wall clock time in seconds):

quicksort seq G"HLIAG"HWULG"HTVLGRHLXTG"HWY
N=80000 0.641 0.393 0.428 0.437 0.391 0.375
N=120000 0.991 0.622 0.582 0.564 0.502 0.485

All measurementsweretakenonanetwork of PCsrun-
ning Linux, connectedby Ethernet.TheNestStep appli-
cationhadnoexclusiveuseof thenetwork.

A substantialamountof performanceis lostin programs
with frequentsynchronizationbecausetheruntimesystem
working on top of MPI processes,which arescheduledby
thelocal systemscheduleron their machines,hasno con-
trol aboutthe schedulingmechanism.Hence,delaysin-
curredby a processorwhenworking on a critical pathin
the communicationtree accumulateduring the computa-
tion. We expect that this effect will be lessdramaticon
homogenousmultiprocessorswhereNestStep canusethe
processorsandthenetwork exclusively. We alsoexpecta
considerableimprovementif ascalablenetwork canbeex-
ploited,in contrastto thebusnetwork usedabove.For this
reason,we are currently porting the NestStep run time
systemto theCrayT3EatNSCLinköping.2

6 Related work

In this section,we elaboratecommonfeaturesanddif-
ferencesof NestStep to widely usedparallel program-
mingenvironments.

The collective communicationroutinesof MPI appear
to offer an alternative to the explicit treelike combining
of contributions. However, this is only applicableto very
tightly coupledMIMD computationswhere all proces-
sorsof a group participatein the updatingof a specific

2However, a completeimplementationand thoroughevaluation of
NestStep is still on my stackof unassignedmasterthesisprojects. In-
terestedstudentsarecordially invited to contactme.– Theauthor.



sharedvariable. In contrast,NestStep allows moregen-
eral MIMD computationswherenot every processorof a
groupneedsto deliver a contribution to every sharedvari-
ablebeingwritten, for instanceif a differentcontrol flow
pathwithin thesuperstepis takenthatdoesnot containan
assignmentto thatvariable.

Theone-sidedcommunicationprovidedby MPI-2, also
referred to as direct remote memory access(DRMA),
couldbeusedasa simpleway to implementa distributed
sharedmemory. On the other hand, this requiresthat
theprogrammermustexplicitly careaboutsynchronization
andconsistency issues,suchthataBSP-stylestructuringof
thecomputationis notautomaticallyenforced.

Thereexist several library packageswith a C interface
for theBSPmodel.Processorsinteractby two-sidedmes-
sagepassingor by one-sidedcommunication[direct re-
motememoryaccess(DRMA)]; collectivecommunication
is supported.The two mostwidely known BSPlibraries
areOxford BSPlib [6] andPaderbornPUB [2], wherethe
latteralsosupportsdynamicsplitting of processorgroups.
Accordingto our knowledge,NestStep is thefirst proper
programminglanguagefor theBSPmodel.

HPF[5] is aSIMD languageandprovides,at leastfrom
the programmer’s point of view, a sequentiallyconsistent
sharedmemory. A single threadof control throughthe
programallows to exploit collective communicationrou-
tines where appropriateand supportsthe static and dy-
namicanalyzabilityof the program. For instance,where
the sourceand destinationprocessorof cross-processor
datadependencescan be statically determined,point-to-
point communicationwith blockingreceive is usuallysuf-
ficient to ensurerelative synchronizationanddataconsis-
tency. Wheresendersandreceiverscannotbedetermined
statically, runtime techniquessuchas inspector-executor
[10] may be applied. In both casesthe single threadof
controlis animportantprerequisite.HPF-2[12] offerslim-
itedtaskparallelism,whichis basedongroupsplitting,but
within eachgroupthereis still a singlethreadof control.
As NestStep is amoregeneralMIMD language,compiler
techniquesfor HPFcanbeappliedonly in specialcases.

OpenMP[11] allows generalMIMD computationsand
providesconstructsthatcontrolprocessorsubsetsynchro-
nizationandconsistency for individual variables.Group-
wide sequentialconsistency is automaticallyenforcedat
explicit andimplicit group-widebarriers,for example. A
BSP style of programmingis thus possiblebut not en-
forcedor especiallysupportedby OpenMP. Anothersimi-
larity of NestStep to OpenMPis thatsharedvariableac-
cessesor constructsaffectingparallelismandconsistency,
suchasstepstatements,mayoccurwithin thedynamicbut
outsidethe staticextent of the most relevant surrounding
construct(e.g., a neststep statement). On the other
hand,OpenMPis usuallyimplementedon top of anexist-
ing (hardwareor system-softwareemulated)sharedmem-
ory platform, while the languagedefinition of NestStep
allows for the completeemulationof distributed shared
memoryby its compilerandrun timesystemonly.

7 Summary

We have discussedtheconceptsandimplementationof
distributedsharedarraysin NestStep. In particular, we
have proposeda techniquethat determinesat runtimethe
structureof two-sidedcommunicationfor irregularaccess
requeststo remotesectionsof distributed sharedarrays.
Thenecessaryglobalparallelhistogramcalculationis inte-
gratedinto thecombinephaseat theendof asuperstepthat
is executedin any case,andhencecomesatvirtually noad-
ditional cost.This techniqueexploits theBSPstructureof
theparallelcomputation.It is an interestingalternative to
one-sidedcommunication,astheoverheadof having asep-
aratethreadfor servicingremoteaccessrequestson each
processorcanbe avoided,andasmultiple remoteaccess
messagesto thesameprocessorcouldbecollected.

Acknowledgment Thanksgoto MichaelGerndtfor aninspiring
discussionof distributedsharedarraysat CPC’2000.
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