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Abstract

Several parallel programming languages, libraries and

environmenthavebeendevelopedo easethe task of
writing programsfor multiprocessors. Proponentsof
eachapproachoften point out various languagefea-
tures that are designedto provide the programmer
with a simple programminginterface. However,vir-
tually no data existsthat quantitativelyevaluatesthe
relative easeof useof differentparallel programming
languages. The following paper borrows techniques
from the software engineeringfield to quantify the
complexity of threpredominategprogrammingmodels:
shared memory, message passing and High-
PerformanceFortran. It is concludedthat traditional
softwarecomplexitymetricsare effectiveindicators of
the relative complexityof parallel programminglan-
guages.The impact of complexityon run-time per-
formanceis also discussedn the contextof message-
passing versus HPF on an IBM SP2.

1. Introduction

When large computationalproblemsoutgrow sin-
gle processocomputerarchitecturesysersoften must
considerthe use of multiprocessoisystems. This de-
cision is often madewith hesitation,as multiproces-

sors have a well-earned reputation for being difficult to

program. For largecodesthe costof parallelsoftware
developmentcan easily surpassthat of the hardware
on which the code is intended to riss a result,users
will often choosea particularmultiprocessomplatform
basednot only on absoluteperformancebut also the
ease with which the multiprocessormay be pro-
grammedParallelcomputerdesignerdiaveresponded
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by providing supportfor the more popular progran-
ming models. For example much of the impetusbe-
hind the design of distributed-sharedmemory (or
NUMA) [11,15] architecturesstemsfrom a desireto
provide programmerswith a shared-memorypro-
gramming model for a distributed memory architec-
ture. Sharedmemory programmingmodelsare gen-
erally consideredo be simplerthan other alternatives
such as message-passing.

Given the importance placed on designing lan-
guageswvhich simplify the taskof programmingmulti-
processorssuprisinglylittle empirical dataexiststhat
guantifiesthe relative complexity of different parallel
programming models. Programmersoften have an
intuitive senseof the complexity of a languageand,
after extensiveuse, frequently come to sharesimilar
opinionsregardinga particularlanguageor paradigm.
However,becausgrogrammergypically haveexper-
encewith only a subsetof the parallellanguagesand
aresubjectto personabias,a comprehensiveompar-
son cannotbe basedon an opinion poll. Rather,the
following analysisborrowssometechniquesrom the
branch of software engineeringknown as software
metrics Cyclomatic program complexity and the
number of sourcecodestatementsireusedto quantify
the relative complexity of several parallehguagedy
measuringhe complexity of a suite of parallel appli-
cationsencodedin eachof the languagesThe rela-
tionship betweencomplexity and performances also
discussedin the context of message-passingersus
High-Performance Fortran on an IBM SP2.

2. Complexity Metrics

Softwaremetricsare often usedto give a quant-
tativeindicationof a program’scomplexity. Not to be



confusedwith algorithmic complexity, or O( ) nota-
tion, softwaremetricshavebeenfoundto be usefulin
reducing software maintenancecosts by assigninga
numeric value to reflect the easeor difficulty with
which a programmodule may be understoodFor ex-
ample,it hasbeenfound that programmoduleswith
high complexity indices have a higher frequency of
failures[1Q]. As aresult,softwareengineersare able
to easily isolate error-pronesource code modulesas
thosewith high complexityvalues.Thesemodulesare
then subjected teecodingor further modularizatiorto
reduce module complexity and therebgreaseoverall
program reliability.

Complexity metrics are used in this study to
guantitativelycomparethe relative effort of using dif-
ferent parallel programminglanguagesto encodea
given algorithm. The effectsof programmodularity
are thereforeignoredand all programsare treatedas
thoughthey are containedin a single module. It is
also important to note that only user-level code is
considered when determining complexity values.
Languagelibrary function bodies are not included
since their underlying code is not specified by the
applicationprogrammerand thereforedoesnot addto
the effort of coding an application.

Several complexity metriasxist[7], eachdesigned
to measuredifferent factors affecting program com-
plexity. Two popular metrics that are usedin this
study are non-commentedsource code statements
(NCSS)andMcCabe’scyclomaticcomplexity (MCC).
These metrics were chosenfor their reliability as
complexity indicators and their appropriatenessor
this study. The Maintainability AssessmeniSystem
(MAS) [3] tool wasusedto calculateNCSSandMCC
valuesfor all programsexceptthosewritten in High-
PerformanceFortran. BecauseMAS is designedto
work with C sourcecodefiles, complexity metricsfor
High-Performance-ortran programswere calculated
using custom tools.

2.1. Non-Commented Source Code Statnents

NCSS [6] is usedto track the size of program
modules in large software projects. Since lengthy
modulescanbecomedifficult to comprehendsoftware
developerswill often placean upperlimit on a mod-
ule’s NCSS value. Note that this metric is not the
sameas countinglines of sourcecode. Here, NCSS
includesall executablesourcecodestatementsvithout
regardto the placementof carriagereturnsor other
stylistic elements.In addition, variable declarations,

preprocessor directives and comments belexcluded
from the calculationof NCSSsothatwe mayfocuson
the more salient features of a language.

Non-commentedsourcecode statementsan also
be thought of as a measuremenbf the quantity of
source code required to accomplish a given task. Given
two versionof a program the onewith alower NCSS
value suggests a cleaner solution. For exanaptess-
sage-passindanguagesupportinga one-to-all broad-
castlibrary function would havea muchlower NCSS
valuethana languagdacking this feature. The latter
languagevould requirethe applicationprogrammeto
encodehis own broadcasfunction, therebyincreasing
the total number of source code statements.

2.2. Cyclomatic Complexity

McCabe[14] introducedcyclomaticcomplexity as
an indication of a program module’s control flow
complexity. Derived from a module’s control graph
representationMCC hasbeenfound to be a reliable
indicatorof complexityin large softwareprojects[17].
This metric is basedon the assumptionthat a pro-
gram’scomplexityis relatedto the numberof control
pathsthroughthe program. For example,a 20 line
program consisting of 20 assignmentstatementsis
clearly moreeasilyunderstoodhana 20 line program
consistingof 10 i f -t hen statements. The former
programwould containa single control path whereas
the latter would have over a thousand possible paths.

Unfortunately,it is generallynot possibleto count
the total numberof pathsthrough a given program
sincebackwardbranchedeadto a potentially infinite
number of control paths. Instead,cyclomatic com-
plexity is definedin termsof basic pathswhich, when
takenin combination,can be usedto generateevery
possiblecontrol paththrougha program. From basic
graphtheory[1], the numberof basic pathswithin a
graph,G, is boundedby the graph’scyclomaticnum-
ber which is defined as

V(G)=e-n+2p

wheree is the numberof edgesin G, n is the number
of graphnodesandp is the numberof connecteccom-
ponentsFor our presentpurposesp will alwaysequal
1 andtheinterestedeaderis referredto [14] for a full
discussion of this parameter’s role in calculat{).

As an exampleof how cyclomatic complexity is
applied,a sampleprogramsourcecode segmentand
its related control graph are givenkigurel(a). This
programsegment’scomplexity would then be calau-



/* reverse the string s */

len = strlen(s);

for( i =0; i <len; i++)
tenp[i] = s[i];
for( j _O; j <len; j++){

-
stii = templil:

a) Program segment and related control-flow grapt

/* reverse s in place */

j = strlen(s);
for (i =0; i <j; i+H){
l==0
c =5s[i];
s[i] = s[j];
sli] =¢;

b) Simplified version of the above program segmer

Figure 1. Two versions of a string reversal program and their related control-flow graphs.

lated as V(G)=e-n+2=7-6+2=3. A
simplified versionof the programsegmentis givenin
Figure1(b). Herewe condenseghe two f or loopsinto
one, thereby reducing the size of the control flow
graph. Notethatalthoughthe two versionsof the pro-
gram havethe samevalue for NCSS (6), the second

version has a lower cyclomatic complexity of
V(G)=e-n+2=4-4+2=2.

In the contextof parallel programs,control flow
graphs can become extreméygeif the control paths
of all possible parallel threads of execution are
charted. However, basing MCC measurement®n
such dynamic control graphs would be misleading
since the separatepaths followed by each parallel
threadoriginatefrom a single sourcecodefile. Note
alsothatmostparallelprogramsarewritten to execute
on a variable numberof processorsand defining the
control flow graphin this way would produceMCC
valuesthatincreasedvith the numberprocessorsised
at run-time. As our intere$iesin programcomplexity

ratherthan executioncomplexity, our MCC measue-
mentsare derivedfrom the parallelsourcecodefile in
the same manner as sequential programs.

AlthoughNCSSandMCC generallytendto bein-
sensitiveto programmingstyle, the examplegiven in
Figure 1 demonstrateshow algorithmic preferences
canaffect complexity measurementsTo mitigate the
effect of individual programmer style, algorithmic
changesn differentversionsof a given programwere
allowedonly whenthe changesveredueto featuresof
the programming language.

3. Experimental Environment

A suite of representativeprogramswas used to
comparethe variouslanguagepresentedn this study.
Each test program was ported to several different
parallel systemsusing languagesavailable on each
system. Although not an exhaustivecollection, these
testprogramsarefelt to be representativef the types



Program

Description

sobel

Calculatesmagnitudeanddirectiongradientsof aninput image. Imagematricesare distrib-
utedin block-checkerboarthshionandcommunicationsesultfrom the needto sharebourd-
ary data among processors holding data from adjacent input image submatrices.

filter

Averaging(low-pass)imagefiltering programwhich calculateghe value of an outputimage
element as the weighted sum of up to 36 neighboring pixel elemeéhtsiputimage. Data
partitioning and communications are similar to thossatiel

hough

As an instance of the more general Hough transfdinitjis program detects straight linies
the input image by finding points of intersectionsbetweenlines. This algorithm therefore
relies on both nearest neighbor and global communications.

warp

Spatialdomainimage restorationalgorithm that aligns an input image along a given axis
[18]. This programexhibits very irregular communicationsbecausepicture elementsmay
need to be shifted substantially depending on their proximity to the axis in question.

gauss

Gaussian elimination with back substitution. The rows of the input matrix are distributq
cyclic pattern. This algorithmis very communicationintensive,requiring severalpoint-to-
point, broadcast and reduction operations.

TRFD

A memberof the PerfectClub benchmarksuite which simulatesa two-electronintegral
transformatiorusinga fourth-ordertensorequation[13]. The algorithmis a seriesof matrix
multiplications and transpositions requiring several point-to-point communicgigvatmns.

Figure 2. Test program descriptions.

of parallel programkernelsone might expectto find
running on typical parallel processing systems.

3.1. Test Programs

The test programscan be roughly divided into
threecategoriesgachcontainingtwo programs. The
sobel and filter image processingprograms where
chosento representregular, easily parallelizedcode.
Houghandwarp requirelarger datatransfersand use
less regular communicationspatternsthan those of
sobelandfilter buttheydo not senda large numberof
messaged-inally, gaussand TRFD representa class

of communication-intensivgroblemsthat require a
large number of various-sizedessagesviore detailed
descriptions of the test programs are giveRigure 2

3.2. Programming Languages

The aboveapplicationswerewritten usingthe five
different parallel programming languageslisted in
Figure 3 Note that the word “language” is usedher
loosely here.Often, parallel programsuse ordinary C
or Fortran compilerswhich then link with libraries
that facilitate parallel operations,such as message-
passing, synchronization or establishing shared-

Language Description

PVM A popularmessage-passirignguagedevelopedat Oak Ridge National Labs[5]. Except
where noted, PVM version 3.3 was used for all measurements.

MPI A proposedstandardfor message-passingith many implementationd8]. Resultsare
based on version 1.1 of the MPI standard.

SMP Symmetric shared-memorymultiprocessorsexplicitly fork parallel threadsand allocate
shared-memory arenas through which these threads may communicate data.
The Cray T3D’s Shmemlibrary [2] allows the programmerto directly accessa remote

Shmem processor’snemorythroughsimple memory-to-memoryopying(i.e. get () andput () ).
The library also includes simple group communications operations.
High-Performancd-ortran[9] extendsthe semanticof ordinary serial programminglan-

HPF guageso include vector and array operations. The programmerexplicitly specifiesdata
partitioning but allows the compiler to generate any necessary data coratomsic

Figure 3. Programming languages used in this study.



16
15
14
13
12
11
10

Normalized NCSS

w h~ 00O N 00 ©

2 4

0 A i i
sobel filter hough warp gauss trfd

[JpvMm  []MPI

Normalized MCC

Bshmem IsmpP

PR RRRRRRERENNDNN
OFRPNWAUION®OMOORNW®
J
1

(o]

ORrNWAUONO®
1
J

sobel filter hough warp gauss trfd

| [Rlads

Figure 4. NCSS and MCC values for the test programs normalized to the equivalent sequential program.

memory arenas. The lone exception is High-
PerformanceFortran (HPF) which contains special
parallel constructswithin the language definition.
However,for the sakeof conveniencewe will hered
ter refer to all of theseparallel programmingpara-
digms as “languages.”

The languagesusedin this study can be grouped
into three categories:messagepassing (PVM and
MPI), sharedmemory(SMP and Shmem)andimplicit
parallellanguageqHPF). With the exceptionof the
Shmemlibraries,eachof theselanguagesun on mul-
tiple hardwareplatforms. The Shmemlibrary runs
exclusivelyon the Cray Research3D and T3E butis
includedhereto represenpossiblealternativego true
shared memory programming models that may be
found in sharedvirtual memory systems[12] or dis-
tributed shared memory migtocessors.

4. Complexity Results

The normalized NCSS and MCC values éachof
the languagesusedin this study are summarizedin
Figured. In thesefigures,all parallelcomplexityval-

ues have beennormalizedto their equivalentserial
programvalues. In all casescomplexitymetricswere
appliedonly to the applicationkernelswithout regard
for 1/0O or data initialization code.

4.1. Message-passing Languages

FromFigure4, it is clearthat programswritten in
a message-passinignguagetend to be substantially
more complex than the equivalent sequential pro-
grams, although complexity values varied widely
acrossdifferent test programs.The message-passing
versionsof filter andwarp showthe mostpronounced
increasein complexity. The serial versionsof these
programshave relatively small computationakernels
that iterate over the input image. Tdwdditionof mes-
sage-passingodethereforeaddsa significantamount
of complexity since simple memoryreferencesn the
serial code must be replacedwith several message
sends andr ecei ves with neighboringprocessors.
Warp addsthe additionalcomplicationof an irregular
communicationpatternthat must be resolvedat run
time. Sobelhas communicationrequirementssimilar



to filter but its computationakernelis largerrelative
to its communicationrequirements. Sincethis large
kernelis essentiallythe samein both the serial and
message-passingersions, the complexity added by
message-passing is less pronounced.

Thehoughbenchmark doesot showassignificant
an increasein complexity as sobe] filter and warp.
Hough'’s predominatecommunicationoperationsare
arrayreductionsfor which message-passirignguages
provide integratedsupport. That is, given an array
distributed acrossseveralprocessorsPVM and MPI
are ableto reducethesearraysto a single maximum,
minimum, sum, etc. with a single function call. Simi-
lar reduction operationsare required in gauss, but
gauss also requires several broadcastand point-to-
point messages thegndto offsetthis advantag®f the
message-passing languages.

The messageassingversionsof TRFD showsa
comparativelysmall increasein complexity compared
to the other programsdespitebeing one of the more
communication-intensiveprograms. There are two
explanationdor this apparentdiscrepancy.First, like
sobe] the computationakernelof TRFD is compaa-
tively large. Secondly, although TRFD generates
many messagest run time, thesemessagesriginate
from only a few message-passinfginction calls that
are called repeatedly within looping constructs.

Note that PVM programs consistently produce
slightly higher complexity valuesthan those of MPI
programsThis increasecomplexityis a resultof sev-
eral subtledifferencesn the languages.For example,
the PVM programs required more data padk-
ing/unpacking operations af}/M provideslesspow-
erful reductionoperationghan MPI. Also, MPI han-
dles task spawningand the assignmentof task IDs
somewhat more elegantly than PVM.

4.2. Shared-memory Languages

The shared-memoryprogramsgenerally produce
noticeablylower complexity valuescomparedo their
message-passirgfuivalents. Much of this difference
can be attributedto the absenceof datapacking,un-
packingandsendandreceiveoperationsvhich arean
intrinsic featureof message-passirignguagedut are
not neededn the shared-memoryanguagesinstead,
sharedobjectsarereferencedlirectly without the need
to explicitly pass them between processes.

Note that the programswritten using the Cray
Shmem library typically showed higher complexity

values than the respecti®IP programs. This differ-

enceis a consequencef the Shmemlibrary’s distrib-

uted view of memory. Although objectson different
processoranay sharethe samename, remote refer-

encesto theseobjectsmust be madethrough Shmem
library calls prefacedby a PE numberin a fashion
similar to message-passingFor example,if a one
hundredelementarray,A, is distributedacrossproces-
sorsPOandP1,and PO wishesto write into P1’s por-

tion of this array, PO’s programwould be similar the
following code segment:

int A50];
int B[10]:

mai n( ) {

if ( nyid == 0)
Shnmem put ( B, A, 10, 1);

In fact, this codesharesmuchin commonwith a
send message-passimgperationalthoughno matd-
ing r ecei ve is required. The Shmemlibrary’s hy-
brid designis reflectedin its complexity valueswhich
typically fall betweenthose of the message-passing
languages and true shared-memory code.

The exceptionto this observationoccursin hough
which actually producedslightly higher complexity
ratingsfor the SMP versionthanthe Shmemand the
message-passingersions. This anomalyis a resultof
the manyreductionoperationsn houghfor which the
Shmemlibrary hasbuilt-in supportbut which mustto
be hand-codedwhen using an SMP programming
model.

4.3. High-Performance Fortran

HPF programsdo not explicitly specify process
spawning,communicationor synchronization. Con-
sequently, they tend to require fewer source code
statementdo encodea given programthan the other
parallel languagesin fact, hough gauss and TRFD
written in HPFactuallyrequiredfewer statementshan
the original serial versions.HPF producedow NCSS
values for theseprogramsbecausehey are easily de-
scribedas sequence®f matrix operations. A major
strengthof HPF is its supportof high-levelvectorand
matrix operationswhich are not found in ordinary
serial programs. For example,a sequentialelement-
wise addition of two matriceswould be written in
standard Fortran as



do 20 i =1, x
do 10j =1y o
i, ) = A(L) + B, )
10 conti nue

20 continue

However,the equivalentoperationin HPF would re-
quire only a single assignment statement :

C=A+8B

Turning to the MCC complexity results, we see
thatHPFdoesnot fare aswell aswith the NCSScom-
parisons.The MCC valuesfor HPF tend to be high
comparedto the NCSSvaluesfor the sameprogram
becauseof HPF's “shorthand” f or al | notation for
array operations. A single f oral | statementtypi-
cally containsseveralpredicates. For example,the
following codefragmentwastakenfrom the HPF ver-
sion of warp:

k = 1:4)

forall (i = 1:16, j 16, | )
: aCk,j)*a(1,i)

1:
war p_coef f (k, j =

3

Note that this code fragmentwould produce an
NCSSvalueof 2 ( oneforal | statementplus one
assignmenstatement). An equivalentsequentialpro-
gram would require three nesteddo loops and one
assignment statement resultimgan NCSSvalueof 4.
However, both versions produce MCC values of 3.

Despite the simplicity of the HPF programming
model, overheads introducedby explicit datadistri-
bution directivesand additional code usedto reduce
interprocessorcommunication. For example, HPF

programsoften make severallocal copiesof remote
dataand additional user codeis requiredto manage
these copies. Thiadditionalprogrammingeffort tends
to increase HPF programs’ complexity ratings.

5. Performance Results

In an earlier study [16], we found that language
complexity and program performangenerallycannot
be correlated. Ratherthan stemmingfrom features
inherentto a particularlanguage performancewas
often found to dependon application characteristics
and languageimplementationissues. Some general
observationsconcerning performancecan be made,
however. For the sakeof brevity, we presentperfom-
ancedatafor a single machine,an 8-nodelBM SP2.
Theseresultsarerepresentativef moregeneratrends
althoughthey are constrainedo the messageassing
languagesand HPF sincethe sharedmemory style of
programmingis not supportedon the SP2.The inter-
estedreaderis referredto [16] for more completeper-
formance data.

The performance results for ti&M SP2aregiven
in Figure 5. In this figure, performancehas been
normalized to the longest runningrsionof a partiau-
lar application. That is, eachtest programwas en-
codedin all five language@ndthe languagehat pro-
ducedthe longestexecutiontime wasusedto normd-
ize the remainingfour versionsof the program. Pro-
gramtimings were takenduring periodsof dedicated
machineuseto avoid multitasking and network con-
gestioneffects. Severalruns of eachversion of the
applicationprogramswere measuredand averagedo
insurethatthe reportedrun timesare not the result of

1
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Figure 5. SP2 performance normalized to the slowest version of each test program.



temporaryfluctuationsin performance. In Figure 5,

MPI-IBM and PVMe representthe vendor-supplied
versions of the respectivemessage-passintibraries
while MPI-ch and PVM representhe public domain
implemenétions.

Concentratindirst on the public domainversions
of the messageassinglanguagesit is clearthat ne-
ther PVM nor MPI offers a clear performanceadvan-
tage. The PVM version of warp, for example,ran
considerablyfaster than the MPI version, but this
situationis reversedfor gauss In general,what is
mostnotableaboutthe relative performanceof public-
domain versionsof PVM and MPI programsis the
unpredictabilityof theresultingrun times. Thisis not
the casefor the commercialimplementationshow-
ever. As Figure5 shows, the relative performance
differencesbetween PVM andMPI are comparatively
slight for thecommerciaimplementations.Moreover,
the performanceof the commercialimplementations
tends to bdetterthanthat of the correspondingpublic
domain impémentations.

HPF program performance varied considerably
acrossthe six application programs. The HPF ver-
sions of sobe] gaussand TRFD yielded run times
comparableto thoseof their message-passingguiva-
lents while filter, houghand warp ran severaltimes
slower than the fastestmessage-passingersion. HPF
tendsto performbestwhenan applicationcanbe eas-
ily decomposethto a seriesof vectorandarrayopema-
tions and gaussand TRFD conform to this style of
programming.Sobe] although lessegularthangauss
and TRFD, is easily parallelizeddue to the compaa-
tively simple operationit appliesto its input matrices.
The remainingprogramsrequire more irregular data
communicationswvhich are not as easily handledby
the HPF compilerandthereforeproduceslowerexea-
tables.

6. Conclusions

Becausecomplexity metricsare designedo reflect

a programmer’s intuitive sense of a program’s relative

clarity, the confirmationof complexity resultscan be
somewhatsubjective. In large softwaredevelopment
efforts where program maintenances tracked,these
metrics have been substantiateddeynonstratingheir
correlationwith bug reports and maintenancecosts.
In the absenceof suchmaintenancedatafor the test
programsusedhere, it has beenassumedhat these
metrics can be extendedto parallel programs.Al-
though the final word regardingthe validity of this

assumptiorwill requirefurther work, the complexity
resultsgiven in Figure 4 matchthe authors’ exper-
enceusing theselanguagesand can be understoodn
terms of the features of each language.

Overall, message-passinignguagestend to pro-
ducethe highestcomplexity values,with PVM show-
ing slightly highervaluesthan MPI.  Shared-memory
programs show lower complexity values thaessage-
passindanguagesndwithin this category,SMP pro-
gramsusually producedower NCSSandMCC values
than those writtemsingthe Shmemlibrary. HPF pro-
gramsareoftenvery conciseasevidencecy their low
NCSS ratings, but showedno clear advantageover
SMP programs basexh MCC ratings. In generalthe
complexityaddedto programsby usinga parallellan-
guage can be largely attributed to five main factors :

1. Separate control paths for different “classes’of
parallel threads. Often, the codeexecutedby a
particular parallel thread dependson what role
that thread is currently playing in the overall
parallel computation. For example,when doing
Gaussianelimination using partial pivoting, the
pivot row (or column)requiresspecialprocessing.
If the input matrix is partitionedamong proces-
sors, the processor holding the pivatv will need
to executealong a different control paththanthe
other processorso handlethe specialprocessing
of the pivot row. This type of codedichotomyis
commonin message-passingnd shared-memory
programs but has no analogue in HPF programs.

2. Explicit exchange of data. Partitioning data
among several processorsusually necessitates
communicatingdata between processors. The
bulk of the message-passingpraries consistsof
functionswhich implementvarioustypesof inter-
processorcommunicationsoperations.The T3D
Shmemlibrary doesnot require both an explicit
sendandreceiveandthereforeaddslesscomplex-
ity in this regard.In additionto the communi@-
tion call itself, several message-passingource
code statementanay be requiredto either pack
datato be sentor to unpackreceiveddata.Using
HPF, interprocessorcommunication operations
are generatedby the compiler and are therefore
hidden from the programmer.

3. Data partitioning. Data partitioning is done
explicitly in HPF when dataobjectsare declared.
With MPI, PVM and Shmem,dataare implicitly
distributed.The global dataobjectsare then pro-
grammer abstractionsconstructedby combining
thesedistributedobjects.In addition, all of these



language®ften needto createlocal copiesof re-

mote data to minimize data communications
overhead. In contrast,true shared-memorypro-

grammingdoesnot require data partitioning nor

doesit require the programmerto differentiate
between local and remote memory.

4. The needto spawn several parallel threads.
Processspawningis normally done explicitly in
PVM and SMP programming, whereas MPI,
ShmemandHPF programsspawnthe appropriate
numberof processeautomaticallybasedon com-
mand line options or the run-time environment.

5. Explicit synchronization library calls. Al-
thoughthe passingof messagedetweenproces-
sorsoften servesas a form of processsynchrorir
zation,it is sometimesecessaryo insertexplicit
synchronizationcalls into message-passingro-
grams. Shared-memornfanguagesdo not have
the inherent synchronization implied by the
sendingand receivingof dataand thereforegen-
erally requiremoresuchoperationghanmessage-
passing languages. HP&quiresno explicit proc-
ess synchronization.

Although programmingcomplexityis a major con-
cern for application developersperformanceis ulti-
mately the reason for employimgmultiprocessor.If a
language compiler does natoduceexecutablesvhich
takeadvantagef theunderlyingarchitecturelittle is
gained by moving to a parallel hardware platform. For
the message-passintanguagesMPIl and PVM, the
resultsof Section5 and earlier studies[16] suggest
that neither languageoffers a clear performancead-
vantageover the other. Of moreimportancethanthe
choicebetweerPVM and MPI is choosingan efficient
implementationof either message-passintanguage
for the givensystem. In generalJanguagamplemen-
tationswhich are basedon a thoroughunderstanding
of the underlying systemare essentialto good per-
formance. Vendor-suppliedmplementationof these
languagessuch as thosefound on the SP2,tend to
performbetterfor this reasonthan public domainim-
plementations.

HPF programson the SP2 varied dramaticallyin
performancecomparedto the message-passintn-
guages. Although the HPF programsneverproduced
faster executablesthan the fastest messagepassing
languagdor a given program,sobe| gaussand TRFD
demonstratedcomparableperformance. The reman-
ing test programsran several times slower when
compiledfrom HPF sources. It is assumedhat some
portion of this performancegap can be attributedto

the relative maturity of the message-passinpraries
when compared to theewerHPF compiler. However,
given adequatémplementationf both typesof lan-
guages,it seemslikely that programmerswilling to
codeat a level closeto the underlying parallel hard-
ware will continue tgroducefasterexecutableshana
compiler translating high-level code.

Whenrestrictedto message-passirgnguagesand
HPF, parallel languagecomplexity and performance
currently seemto sharean inverserelationshipmuch
like thatwhich existsbetweenassemblylanguagepro-
gramming and higher-level sequentialprogramming
languages. However, while the performancediffer-
encebetweerhand-codegssemblyandthat generated
by, for example,a C compileris generallyconsidered
small enoughto warrantthe useof C, this is not yet
the casefor parallellanguages.Although someof the
SP2 resultgive causefor optimism,it is not clearthat
the relative simplicity and hardwareindependencef
HPF programswill justify the correspondindoss in
performance.

Sharedmemorylanguagesand systemsmay offer
an attractivecompromise. Theselanguagesproduce
complexityvaluesthattypically fall betweenmessage-
passingandHPFandyet arenot far removedfrom the
hardwaremodel on which they run. While the use of
this programming paradigm has traditionally been
restrictedto SMPswith a limited numberof proces-
sors, the advent of commercial distributed-shared
multiprocessor$15] allows a sharedmemory style of
programming to be used on larger systems.
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