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Abstract

Heterogeneousclusterenvironmentsarebecominganin-
creasinglypopularplatformfor executingparallel applica-
tions. Efficient heterogeneousparallel applicationsmust
account for the differencesinherent in such an environ-
ment. Specifically, faster machinesshould possessmore
data items than their slower counterpartsand communi-
cation shouldbe minimizedover slow networklinks. We
proposethe � -HeterogeneousBulk SynchronousParallel
(HBSP� ) model,which is basedon theBSPmodelof com-
putation, as a framework for developingapplicationsfor
heterogeneoussystems.TheBSPmodelis appropriate for�
-level (one communicationnetwork) heterogeneoussys-

tems.HBSP� extendsBSPhierarchically to address� -level
heterogeneousmachines.Theutility of themodelis demon-
strated throughthe designand analysisof the gatherand
one-to-allbroadcastoperations. Our resultsindicate that
the HBSP� modelguidesthe efficient designof heteroge-
neousparallel applicationsin an architecture-independent
manner.

1. Intr oduction

Parallel computersof yesteryearchangedthe way in
which we tackledcomplex problems. However, suchma-
chineswereexpensiveandonly availableto a few fortunate
scientists. Trendsin parallel computingindicatethat dis-
tributed,heterogeneousenvironmentswill be the platform
of choicefor computationallyintensive applications.Such
environmentswill allow morereserchersto solvetheirprob-
lemsby tappinginto computationalresourcesfrom all over
the world. Furthermore,heterogeneousenvironmentspro-
vide userswith the opportunityto reuseexisting computer
hardware,exploit the performanceof certainarchitectures,
andsharetheir computationalresources.Despitethesead-
vantages,applicationdevelopersmustcontendwith myriad
differences(suchasvaryingcomputerspeeds,differentnet-

work protocols,and incompatibledataformats) in a het-
erogeneousenvironment.Currentparallelprogramsarenot
written to handlesuchnon-uniformity. Thus, a new ap-
proachis necessaryto promotethedevelopmentof efficient
applicationsfor heterogeneoussystems.

We proposethe � -HeterogeneousBulk Synchronous
Parallel (HBSP� ) model, which is an extension of the
BSP model of parallel computation[19], as a framework
for the developmentof heterogeneousapplications. The
BSPmodelprovidesguidanceondesigningapplicationsfor
goodperformanceonhomogeneousparallelmachines.Fur-
thermore,experimentalresultshave demonstratedthe util-
ity of the model—in termsof portability, efficiency, and
predictability—ondiverseparallelplatformsfor a wide va-
riety of non-trivial applications[8]. Sincethe BSPmodel
assumesthat all processorshave equal computationand
communicationabilities, it is not appropriatefor heteroge-
neoussystems.Instead,it is only suitablefor

�
-level homo-

geneousarchitectures,which consistof a numberof iden-
tical processorsconnectedby a singlecommunicationnet-
work.

TheHBSP� modelextendsBSPhierarchicallyto address� -level heterogeneousclustersystems.Here, � represents
thenumberof network levelspresentin theheterogeneous
environment. The modeldescribesheterogeneousclusters
thatarehierarchicallyconnectedby internalbusesor local-,
campus-,or wide-areanetworks. HBSP� incorporatespa-
rametersthatreflecttherelativecomputationalandcommu-
nicationspeedsat eachof the � levels. In multi-level het-
erogeneousenvironments,communicationcostsatdifferent
levelsof thehierarchycandiffer by anorderof magnitude
or more[12]. As aresult,heterogeneousparallelalgorithms
mustbeadaptedto minimizecommunicationonslowernet-
work links. Similarly, computationshouldbeminimizedon
slowermachines.UnderHBSP� , improvedperformancere-
sults from effectively exploiting the relative speedsof the
heterogeneouscomputingcomponents.

Collective communication algorithms are used fre-
quently as building blocks in a variety of parallel algo-



rithms. Properimplementationof theseoperationsis vi-
tal to the efficient executionof the parallelalgorithmsthat
usethem. Collective communicationalgorithmsdesigned
for traditional parallelmachinesarenot adequatefor het-
erogeneousenvironments. As a result, we presenttwo
collective communicationalgorithms—gatherand one-to-
all broadcast—forhierarchically-structured,heterogeneous
clusterenvironments.We refer the readerto [20] for a de-
scriptionof additionalHBSP� collectivecommunicational-
gorithmsandanexperimentalanalysisof theirperformance.
Our designstrategy for thesealgorithmsis two-fold. Faster
machinesshouldbemoreinvolvedin thecomputationthan
theirslowercounterparts.Secondly, fastermachinesshould
receive moredataitems thanslower machines.Basedon
theseobservations,our algorithmsdemonstratethe advan-
tagesof usingtheHBSP� modelasa basisfor thedevelop-
mentof heterogeneousapplications.

Therestof this paperis organizedasfollows. Section2
givesa brief overview of relatedwork. TheHBSP� model
is describedin Section3. Section4 describesthe design
andanalysisof collectiveoperationsfor theHBSP� model.
Experimentalresultsareshown in Section5. Conclusions
anddirectionsfor futureresearcharegivenin Section6.

2. Relatedwork

The Bulk SynchronousParallel (BSP) [19] modelpro-
videsthefoundationfor theHBSP� model.TheBSPmodel
providesguidanceon designingapplicationsfor goodper-
formanceon homogeneousparallelmachines.Supportfor
BSP can be found in [3, 2, 7, 8], which presenttheoreti-
cal results,empirical results,andexperimentalparameter-
ization of BSP programs. However, BSP only addresses
homogeneousplatformswith a singlecommunicationnet-
work.

Two models that address
�
-level heterogeneousplat-

forms are the HeterogeneousCoarse-GrainedMulticom-
puter(HCGM) model[17], ageneralizationof theCGM [5]
modelof parallelcomputation,andtheHeterogeneousBulk
SynchronousParallel (HBSP) [21], which is synonymous
with HBSP� . Both of thesemodelstake into accountvary-
ing processorspeedsto developparallelalgorithmsfor het-
erogeneoussystems.Themaindifferencebetweenthetwo
modelsis thatHCGM is not intendedto beanaccuratepre-
dictorof executiontimeswhereasHBSPattemptsto provide
thedeveloperwith predictablealgorithmicperformance.

Severalresearcheffortsfocusondesigningcollectiveop-
erationsfor heterogeneoussystems[1, 10, 15]. Additional
work demonstratesthe importanceof collective communi-
cationoperationsfor hierarchicalnetworks. Husbandsand
Hoe [10] develop MPI-StarT, a systemthat efficiently im-
plementscollective routinesfor a clusterof SMPs. Kiel-
mannetal. [14] presentMagPie,asystemthatalsohandles

a two-level communicationhierarchy. Karoniset al. [12]
designa topology-awareversionof thebroadcastoperation
for goodperformance.The � - �	��
�� model[13], anexten-
sionof LogP[4], is usedto optimizeperformanceof wide-
areacollective operationsby determiningthe optimal tree
shapefor thecommunication.Moreover, largemessagesare
split into smallerunitsresultingin betterlink utilization.

3. The HBSP
 model

The � -HeterogeneousBulk Synchronous Parallel
(HBSP� ) modelis a generalizationof the BSPmodel[19]
of parallelcomputation.HBSP� providesparametersthat
allow theuserto tailor themodelto therequiredsystem.As
a result,HBSP� canguidethedevelopmentof applications
for traditionalparallelsystems,heterogeneousclusters,the
Internet,andcomputationalgrids [6]. In HBSP� , eachof
thesesystemscan be groupedinto subtrees(or clusters)
basedon their ability to communicatewith each other
relative to a particularlevel. Although the modelaccom-
modatesa wide-rangeof architecturetypes,the algorithm
designerdoes not have to worry with manipulatingan
overwhelmingnumberof parameters.More importantly,
HBSP� allows the algorithm designerto think about the
collectionof heterogeneouscomputersasasinglesystem.

3.1. Machine representation

TheHBSP� modelrefersto a classof machineswith at
most � differentlevelsof communication.Thus,HBSP� or
singleprocessorsystemsis thesimplestclassof machines.
The next classof machinesis HBSP� computers,which
consistof at mostonecommunicationnetwork. Examples
of HBSP� computersincludesingleprocessorsystems(i.e.
HBSP� ), traditionalparallelmachines,andheterogeneous
workstationclusters.HBSP� machinesextendthe HBSP�
classto handleheterogeneouscollectionsof multiproces-
sormachinesor clusters.Figure1 showsanHBSP� cluster
consistingof threeHBSP� machines. In general,HBSP�
systemsincludeHBSP��� � computersaswell asmachines
composedof HBSP��� � computers.Thus,the relationship
of themachineclassesis HBSP��� HBSP������� � HBSP� .

An HBSP� machinecanbe representedby a tree ��������! #"
. Eachnodeof � representsa heterogeneousma-

chine. The heightof the tree is � . The root $ of � is an
HBSP� machine.Let % be the lengthof the pathfrom the
root $ to a node & . The level of node & is �(')% . Nodesat
level * of � areHBSP+ machines.Furthermore,a machine
canplay differentrolesat differentlevels. Figure2 shows
a treerepresentationof theHBSP� machineshown in Fig-
ure 1. The root nodecorrespondsto an HBSP� machine.
Thecomponentsof thismachine(asymmetricmultiproces-
sor, anSGI workstation,anda LAN) areshown at level

�
.
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Figure 1. An HBSP� cluster consisting of an
SMP machine , an SGI workstation, and a LAN.
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Figure 2. A tree representation of the cluster
sho wn in Figure 1.

Level 1 depictsthe individual processorsof thesymmetric
multiprocessorandtheLAN.

The indexing schemeof an HBSP� machineis as fol-
lows. Machinesat level * , 1324*526� , are labeled 7 +	8 � ,7 +98 � , :�:�: , 7 +98 ;=<>� � , where ? + representsthe numberof
HBSP+ machines. Considermachine 7 +98 @ of an HBSP�
computer, where 1A2CBEDF? +98 @ . Onepossibleinterpreta-
tion of 7 +	8 @ is that it is a clusterwith identity B on level* . The nodesof the clusterare the children of 7 +98 @ . In
Figure1, 7 � 8 � is anHBSP� clustercomposedof thenodes7 � 8 � � 7 � 8 � � 7 � 8 � , and 7 � 8 G . 7 �H8 � providesanexampleof
a clusterof clusters.The HBSP� modelplacesno restric-
tion on theamountof nestingwithin clusters.Additionally,
we may considerthe machinesat level * of � the coordi-
nator nodesof the machinesat level *=' � . As shown in
Figure1, 7 � 8 � , 7 � 8 � � 7 � 8 � , and 7 ��8 � areexamplesof co-
ordinatornodes.Coordinatornodesfulfill many roles.They
canactasa representative for its clusterduringintercluster
communication.Additionally, to increasealgorithmicper-
formance,they may representthe fastestmachinein their
subtree(or cluster).Underthisassumption,therootnodeis
thefastestnodeof theentireHBSP� machine.

3.2. HBSP� computation

An HBSP� machineconsistsof HBSP+ machines,where1I2F*�2F� . As a result,anHBSP� computationconsistsof
somecombinationof super+ -steps. During a super+ -step,
each level * coordinator node performs asynchronously
somecombinationof local computation,messagetransmis-
sionsto other level * coordinatornodes,and messagear-
rivals from its peers.A messagesentin onesuper+ -stepis
guaranteedto beavailableto thedestinationmachineat the
beginningof the next super+ -step. Eachsuper+ -stepis fol-
lowedby a globalsynchronizationof all thelevel * nodes.

Considerthe classof HBSP� machines.For thesesin-
gle processorsystems,computationproceedsthrougha se-
ries of super� -steps(or steps). Communicationand syn-
chronizationwith otherprocessorsis notapplicable.Unlike
the previousclass,HBSP� machinesperformcommunica-
tion. HBSP� computersproceedthroughaseriesof super� -
steps(or supersteps).During a superstep,eachHBSP� ma-
chineperformsasynchronouslysomecombinationof local
computation,messagearrivals,andmessagetransmissions.
Thus,an HBSP� computationresemblesa BSP computa-
tion. Themaindifferencebetweenthetwo is thatanHBSP�
algorithmdelegatesmorework to thefasterprocessors.

For HBSP� machines,computationconsistsof super� -
andsuper� -steps.Super� -stepsproceedasdescribedprevi-
ously. During a super� -step,thecoordinatornodesfor each
HBSP� clusterperformslocal computationand/orcommu-
nicatesdatawith otherlevel 1 coordinatornodes.A barrier
synchronizationof thesecoordinatorsseparateeachsuper� -
step.

It is interestingto notethatasuper+ -stepcouldbedefined
recursively. For expositionalpurposes,we chosethe the
approachof definingit iteratively.

3.3. Model parameters

An HBSP� computeris characterizedby the following
parameters,whicharesummarizedin Table1:

J ? + , the number of HBSP+ machines labeled7 +	8 � � 7 +98 � , ����� 7 +	8 ;=<>� � on level * , where1K2L*�2M� ;
J ? +98 @ , thenumberof childrenof 7 +98 @ ;J 
 , a bandwidthindicator that reflectsthe speedwith

which the fastestmachinecaninject packets into the
network;

J $ +	8 @ , thespeedrelative to the fastestmachinefor 7 +	8 @
to injecta packet into thenetwork;

JAN +	8 @ , overheadto performa barriersynchronizationof
themachinesin thesubtreeof 7 +	8 @ ;
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largestnumberof packetssentor receivedby
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executiontimeof super
P
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j
Table 1. Definitions of Notations

JAl +	8 @ , thefractionof theproblemsizethat 7 +	8 @ receives.

We assumethat the $ +	8 @ valueof thefastestmachineis nor-
malizedto 1. If $ +98 @ �nm , then 7 +98 @ communicatesm times
slowerthanthefastestnode.The l +98 @ parameteraddsaload-
balancingfeatureinto the model. Specifically, it attempts
to provide 7 +	8 @ with a problemsizethat is proportionalto
its computationalandcommunicationabilities.TheHBSP�
modelsaysnothingabouthow theparametervaluesshould
becalculated.Instead,it assumesthatsuchcostshavebeen
determinedappropriately.

3.4. Cost model

The parametersdescribedabove allow for costanalysis
of HBSP� programs.First, considerthe costof a super+ -
step. o + representsthelargestamountof local computation
performedby a level * node.Let p +98 @ bethelargestnumber
of messagessentor receivedby 7 +	8 @ , where 1(2MB[Dq? + .
Thesizeof theheterogeneoush-relation is pr�tsvuxwzy�$ +	8 @ �p +	8 @x{ with a routingcostof 
�p . Thustheexecutiontime of
super+ -step | is

� + � | " �}o +�~ 
�p ~ N +	8 @ : (1)

Theoverall costis thesumof thesuper+ -steptimes.
Similarly to BSP, the above cost model demonstrates

what factorsare importantwhendesigningHBSP� appli-
cations.To minimizeexecutiontime, theprogrammermust
attemptto (i) balancethelocal computationin eachsuper+ -
step, (ii) balancecommunicationbetweenthe machines,
and(iii) minimize the numberof super+ -steps. Balancing
theseobjectivescanbequitedifficult. Part of thedifficulty
arisesfrom the fact that thereare multiple layersof het-
erogeneity. However, HBSP� providesguidanceon how to
designefficientheterogeneousprograms.

Besidesanalyzingexecutiontime,theHBSP� modelcan
be usedto determinethe penaltyassociatedwith using a
particularheterogeneousenvironment. In particular, there
areadditionaloverheadsincurredby algorithmsexecuting
on HBSP� platformsbecauseof the synchronizationand
communicationcostsincurredat eachlevel. HBSP� gives
theprogrammerinformationregardingthesecosts.Not all
problemswill beableto exploit thecapabilitiesofferedby
thesesystems,sincetheapplicationmusttoleratethelaten-
cies inherentin usinghierarchicalplatforms. The HBSP�
modelprovidestheuserwith waysto manipulatethesecosts
andgivesthemacostrelatedto executingtheapplicationin
this environment.

4. Collectivecommunicationalgorithms

Collectivecommunicationplaysanimportantrole in the
developmentof parallel programs. It simplifies the pro-
grammingtask, facilitatesthe implementationof efficient
communicationschemes,andpromotesportability. In this
section,we usetheHBSP� modelasa platformto develop
andanalyzetwo collectivecommunicationalgorithms.The
gatheroperationusesasinglenodeto collectauniquemes-
sagefrom eachof theothernodes.In theone-to-allbroad-
cast, only the sourceprocesshasthe datathat needsto be
broadcast.At the terminationof the procedure,eachnode
hasa copy of thedata.

4.1. Algorithm design

The HBSP� model provides parametersthat allow al-
gorithm designersto exploit the heterogeneityof the un-
derlyingsystem.Themodelpromotesour two-fold design
strategy for HBSP� collective operations.First, fasterma-
chinesshouldbe involved in the computationmore often
than their slower counterparts.Collective operationsuse
specificnodesto collector distributedatato theothernodes
in the system. For fasteralgorithmic performance,these
nodesshouldbe the fastestmachinesin the system. Sec-
ondly, fastermachinesshouldreceivemoredataitemsthan
slower machines.This principleencouragestheuseof bal-
ancedworkloads,wheremachinesreceive problem sizes
relativeto theircommunicationandcomputationalabilities.
Partitioning the workload so that nodesreceive an equal
numberof elementsworksquitewell for homogeneousen-
vironments.However, this strategy encouragesunbalanced
workloadsin heterogeneousenvironmentssincefasterma-
chinestypically sit idle waiting for slower nodesto finish a
computation.

Our HBSP� algorithmsarebasedon BSPcommunica-
tion operations[11]. In an HBSP� environment,the num-
berof workstationsis ? � 8 � (or ? � ). Thesinglecoordinator
node, 7 � 8 � , representsthe fastestworkstationamongthe



HBSP� machines. Hence, $ � 8 � � �
. N � 8 � is the cost of

synchronizingthe processors.The HBSP� collective rou-
tinesusetheHBSP� algorithmsasa basis.Unlike HBSP�
platforms,HBSP� machinescontaina two-level communi-
cationnetwork. Level 0 consistsof ? � individual work-
stations. Level

�
representsthe ? � (or ? ��8 � ) coordinator

nodesfor themachinesat level 0. Eachcoordinator, 7 � 8 @ ,
requiresacostof N � 8 @ to synchronizethenodesin its cluster,
where 1�2EB�D�? � . Theroot of theentireclusteris 7 ��8 � ,
which is thefastestmachine.Therefore,$ ��8 � � � . Commu-
nicationbetweenHBSP� andHBSP� machinescanbequite
expensive. As a result, our HBSP� algorithmsminimally
communicateon theselinks. We do not specifyalgorithms
for higher-level machines(i.e., �)��� ). However, onecan
generalizetheapproachgivenherefor thesesystems.

In thefollowing subsections,let & +98 @ representthenum-
ber of itemsin 7 +98 @ ’s possession,where 1)2�*K2�� � 1)2BMD4? + . Balancedworkloadsassume& +	8 @ � l +98 @�� . The
totalnumberof itemsof interestis � . For notationalconve-
nience,theindexes � and � identify thefastestandslowest
nodes,respectively. Lastly, to simplify notation,wewrite �
whenthecorrectquantityis somevaluelessthan � .

4.2. HBSP� gather

In theHBSP� algorithm,eachlevel-1 node,7 � 8 @ , sends
its dataelementsto its coordinator, 7 � 8 � , where 1[2�B�D? � . Here, 7 � 8 @ sends& � 8 @ (or l � 8 @ � � ) itemsto 7 � 8 � . At
theendof thealgorithm, 7 � 8 � possessesall � elements.

Analysis. The algorithm above consistsof only one
super� -step.Therefore,thesizeof thesingle,heterogeneousp -relationis svuxwzy�$ � 8 @ � l � 8 @ � � � $ � 8 � � � { . EachHBSP� pro-
cessor’s $ � 8 @ valueis relativeto thefastestprocessor. Hence,$ � 8 � � �

and $ � 8 @ �t$ � 8 � . Recallthat l � 8 @ is inverselypro-
portionalto thespeedof 7 � 8 @ . Consequently, $ � 8 @ l � 8 @ D � .
Thus,theHBSP� gathercostis 
 � ~ N � 8 � .

Theabove costof the gatheroperationis efficient since
the fastestprocessoris performingmost of the work. If$ � 8 @ l � 8 @Q� � � 7 � 8 @ hasa problemsizethat is too large. Its
communicationtime will dominatethe cost of the gather
operation.Whenever possible,thefastestprocessorshould
handlethemostdataitems. Our analysisdemonstratesthe
importanceof balancedworkloads,thenumberof elements
permachineis compatiblewith its computationalandcom-
municationabilities.Theincreasein performanceis aresult
of 7 � 8 � receiving the itemsfaster. The HBSP� model,as
doesBSP, rewardsprogramswith balanceddesign.

4.3. HBSP� gather

TheHBSP� gatheralgorithmproceedsasfollows. First,
eachHBSP� machineperformsan HBSP� gather. After-
wards,eachof thelevel

�
nodessendtheir dataitemsto the

root, 7 ��8 � .
Analysis. TheHBSP� gatheralgorithmproceedsasfol-

lows. First, eachHBSP� machineperformsan HBSP�
gather. Afterwards,eachof the level

�
nodessendtheir

data items to the root, 7 �H8 � . Since the problem size is

� , & ��8 � � � . The cost of an HBSP� gatheroperationis
the sumof the super� - andsuper� -steptimes. Sinceeach
HBSP� machineperformsa gatheroperation,the super� -
stepcostis thelargesttime neededfor anHBSP� clusterto
finish theoperation.Oncethelevel

�
coordinatorshave the

� dataitems,they sendthe datato the root. This super� -
steprequires
 � svuxw�y�$ � 8 @ � & � 8 @ � $ �H8 � � � {�~ N ��8 � . Assuming
balancedworkloads,thesuper� -stepreducesto 
 � ~ N ��8 � .
Efficient algorithm executionin this environment implies
that thesizeof theproblemsizemustoutweighthecostof
performingthe extra level of communicationandsynchro-
nization.

4.4. HBSP� broadcast

In anHBSP� broadcast,thecomputationstartsattheroot
node,whereeachof its children executesimilarly to the
two-phaseBSPalgorithm. 7 � 8 � distributesequally the �
elementsto eachof its children.Thesecondphaseconsists
of eachprocessorreceiving � elements.

Analysis. As a result, 7 � 8 @ receives �;��>� � items from7 � 8 � . This phaserequiresa heterogeneousp -relation of
size svuxw�y�$ � 8 � � � � $ � 8 @ � �;���� � { . In a typical environment,
it is reasonableto assumethat ? � 8 � rangesfrom the tens
to the hundreds.It is quite unlikely that a machinewould
communicate? � 8 � timesslower than the fastestmachine.
If this is thecase,it maybemoreappropriatenot to include
thatmachinein the computation.As a result,the commu-
nicationtime of the first phasereducesto 
 � . Sinceeach
processormustreceivethesamenumberof items,theslow-
estprocessorwill causea bottleneck.Let $ +98 � representthe
communicationtime of the slowest nodeat level * . This
resultsin a communicationtime of 
�$ � 8 ��� . Thus,thecom-
plexity of a two-phasebroadcaston an HBSP� machineis
 � � � ~ $ � 8 � " ~ � N � 8 � .

As apointof comparison,theone-phasebroadcast( 7 � 8 �
sends� itemsto eachprocessor, 7 � 8 @ ) costs
 � ? �H8 � ~ N � 8 � .
For reasonablevaluesof $ � 8 � , the two-phaseapproachis
thebetteroverallperformer. An interestingconclusioncon-
cerningthebroadcastoperationis that it effectively cannot
exploit heterogeneity. Sincetheslowestprocessormustre-
ceive � items, its cost will dictate the complexity of the
algorithm. Partitioning the problemsizebasedon the l +98 @
parameteris ineffective. Althoughwall clock performance
may improve, theoretically, the resultingspeedupis negli-
gible.



4.5. HBSP� broadcast

The two-phaseapproachis the algorithmof choicefor
HBSP� machines. Next, we considerbroadcastingin an
HBSP� computer. Given that communicationis likely to
bemoreexpensive (i.e., higherlatency links andincreased
synchronizationcosts)in suchanenvironment,we investi-
gatewhetherthe two-phaseapproachis alsoapplicablefor
HBSP� machines.Thealgorithmbeginswith theroot node
distributing � itemsto the level

�
coordinatornodes. 7 ��8 �

maybroadcastthedatato its childrenusingeithera single-
phaseor two-phaseapproach.Afterwards,eachlevel

�
co-

ordinatorsendsthe � itemsto its childrenusingtheHBSP�
broadcastalgorithm.

Analysis. The total costof the algorithmis the sumof
thesuper� - andsuper� -steps.Sincebothapproachesutilize
the HBSP� broadcast,we focusour discussionon the be-
havior of thesuper� -steps.

In the one-phaseapproach,the root nodesends� ele-
mentsto the level

�
machines. The cost of the super� -

step is 
 � svu�w�y�$ � 8 ��� � $ ��8 � � ? �H8 � {�~ N �H8 � . Supposethat$ � 8 �V� ? ��8 � . Thesuper� -stepcostis 
�$ � 8 � � ~ N ��8 � . Other-
wise,its 
�$ �H8 � � ? ��8 � ~ N ��8 � . Unliketheabovealgorithm,the
two-phaseapproachrequirestwo super� -steps.Initially, the
root nodesends �;=��� � elementsto the level

�
coordinators.

Eachcoordinator, then,broadcastsits �;=�i� � elementsto the

othercoordinators.Thefirst super� -steprequiresa hetero-
geneousp -relationof size sKuxwzy�$ � 8 � �;=��� �

� $ ��8 � � { . Theother

super� -stepcosts
�$ � 8 ��� ~ N ��8 � . Supposethat $ � 8 � � ? ��8 � .
The costof the super� -stepsis 
�$ � 8 ��� � �;=�i� � ~ �

" ~ � N ��8 � .
Otherwise,thecostis 
 � � $ � 8 � ~ $ ��8 � " ~ � N ��8 � .

Basedon the above costs,the HBSP� broadcastalgo-
rithmcannoteffectivelyexploit heterogeneityeither. Again,
the problemarisesfrom the slowestmachinehaving to re-
ceive eachof the � items. Furthermore,theanalysisshows
that broadcastingon an HBSP� machinecanbe expensive
becauseof theextra levelsof synchronizationandcommu-
nication. However, if the problem size is large enough,
theseadditionalcostscanbeovercome.

5. Experimental results

In thissection,wefocusonexperimentallyvalidatingthe
performanceof theHBSP� collectivecommunicationalgo-
rithmspresentedin theprevioussection.Thecompletede-
tailsof ourexperimentalapproachcanbefoundin [20]. We
find it usefulto simplify thenotationof theHBSP� model
for this environment.Thenumberof workstationsis ? � or  . Thesinglecoordinatornode, 7 � 8 � or �/¡ , representsthe
fastestprocessoramongtheHBSP� processors.� � refersto
the slowestnode. To identify the individual processorson
level 1 , we usethe notation � @ to refer to processor7 � 8 @ .

Lastly, theproblemsizeof interestis � .

5.1. Experimental setup

The HBSP� collective communicationalgorithms are
implemented using the HBSP Programming Library
(HBSP�9*�¢ ), which incoratesmany of the functions (i.e.,
messagepassing,synchronization,enquiry) containedin
BSP�	*�¢ [9]. HBSP�9*�¢ is written on top of PVM [18], a soft-
warepackagethat allows a heterogeneousnetwork of par-
allel an serialcomputersto appearasa single,concurrent,
computationalresource.HBSP�	*�¢ also incorporatesprim-
itives that allow the programmerto take advantageof the
heterogeneityof theunderlyingsystem.Suchfunctionsre-
turntherankof aprocessoraswell asguidetheprogrammer
towardbalancedworkloads.

Our experimentaltestbedconsistedof a non-dedicated
heterogeneousclusterof tenSUN andSGI workstationsat
the Universityof CentralFlorida. Eachnodeis connected
by a100Mbit/sEthernetconnection.Ourexperimentseval-
uatethe impactof processorspeedandworkloaddistribu-
tion on theoverall performanceof analgorithm.Therank-
ing of processorsis determinedby the BYTEmark bench-
mark[16], which consistsof testssuchassorting,floating-
point manipulation,andnumericalanalysisto evaluatethe
performanceof a machine.

The input data for each experiment consists of
100KBytes to 1000KBytes of uniformly distributedinte-
gers.Theproblemsizerefersto thelargestnumberof inte-
gerspossessedby the root. Experimentalresultsaregiven
in termsof animprovementfactor. Let �¤£ and �¦¥ represent
theexecutiontimeof algorithm § andalgorithm ¨ , respec-
tively. The improvementfactorof usingalgorithm ¨ over
algorithm § is ©�ª©�« .

TheHBSP� modelencouragestheuseof fastprocessors
and balancedworkloads. According to the model, appli-
cationsthat embodyboth of theseprincipleswill result in
goodperformance.We designedtwo typesof experiments
to validatethe predictionsof the model. The first experi-
menttestswhetherprocessorspeedhasan impacton algo-
rithmic performance.Let � � representthe executiontime
of acollectiveroutineassumingtherootnodeis theslowest
processor, � � . � ¡ denotesthealgorithmiccostof using � ¡
asthe root. For theseexperiments,eachprocessorhasan
equalnumberof dataitemssinceour objective is to moni-
tor theperformanceof slow versusfastroot nodes.Hence,l @ � �¬ . Our secondexperimentstudiesthebenefitof bal-
ancedworkloads. For theseexperiments,the root nodeis
alwaysthe fastestprocessor. Let �¦­ be theexecutiontime
whenthe workloadis unbalanced.Note that �¦­��n�®¡ . �®¯
denotestheexecutiontime whentheworkloadis balanced.
Here, l @ is computedusingtheBYTEmarkresults.
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Figure 3. Gather perf ormance . The impr ove-
ment factor is determined by (a) ©�»©x¼ and (b)

©�½©�¾ .

5.2. Gather

Figure 3 (a) shows the improvementthat resultsif the
root nodeis � ¡ . As thenumberof processorsincrease,so
doesperformance.Theimprovementfactoris steadyacross
all problemsizes.Unfortunately, thereis virtually no bene-
fit to distributing theworkloadbasedon a processor’scom-
putationalabilities,exceptat   ��� . Figure3 (b) displays
the results.The problemlies with the estimationof l @ for
thesecondfastestprocessor, who sendstoo many elements
to the root node, � ¡ . Sincethe secondfastestprocessor’s
workloaddoesnot matchits abilities, everyonemustwait
for it to finishingsendingits itemsto theroot node.

For bothexperiments,theresultsat   ��� areinteresting.
First,Figure3 (a) shows thatit is betterfor therootnodeto
betheslowestworkstation.This seemscounterintuitive. In
ourimplementationof gather(aswell astheothercollective
operations),a processordoesnot senddatato itself. When� � is theroot, � ¡ sends� ¬ itemsto it. Similarly, if thefastest
processoris the root, � ¡ sends � ¬ elementsto � � . � � D

� ¡ implies that it is morebeneficialto have � ¡ waiting on
datafrom � � . It is clear that the root nodeshouldbe � ¡
asthe numberof processorsincrease.Unlike the situation
at   �6� , �/¡ doesnot sit idle waiting on dataitemsfrom� � . Instead,it handlesthemessagesof theotherprocessors
while waitingon theslowestprocessor’sdata.

5.3. One-to-all broadcast

Figure 4 (a) comparesthe executiontime of the algo-
rithm assumingthe root nodeis either � � or � ¡ . The plot
demonstratesthat their is neglible improvementin perfor-
mance. The HBSP� model predictedthis behavior. In
fact,the improvementin performanceis a resultof �/¡ dis-
tributing �¬ integersto eachprocessorduringthefirst phase
of the algorithm. Our analysisalso holds if � @ receivesl @ � elementsduring the first phaseof the algorithm. Fig-
ure4 (b) clearlydemonstratesthatthereis nobenefitto bal-
ancedworkloadssinceeachprocessormust receive all of
theitems.
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Figure 4. One-to-all broadcast perf ormance .
The impr ovement factor is determined by
(a) ©�»©�¼ and (b) © ½©�¾ .



6. Conclusionsand Future Work

TheHBSP� modelprovidesa framework for thedevel-
opmentof parallel applicationsfor � -level heterogeneous
platforms.HBSP� extendstheBSPmodelby incorporating
parametersthat reflect the relative speedsof the heteroge-
neouscomputingcomponents.AlthoughtheHBSP� model
is somewhat morecomplex thanBSP, it capturesthe most
importantaspectsof heterogeneoussystems.Theutility of
themodelis demonstratedthroughthedesignandanalysis
of the gatherandone-to-allbroadcastalgorithms. Our re-
sults indicatethat HBSP� encouragesbalancedworkloads
amongmachines,if applicable. For example,a closeex-
aminationof thebroadcastoperationdemonstratesthatit is
impossibleto avoid unbalancedworkloadssincethe slow-
estmachinemustreceive � items.Overall, theperformance
of our collective operationsis quite impressive (complete
resultsareshown in [20]). Fundamentalchangesto theal-
gorithmsarenot necessaryto attainan increasein perfor-
mance.Instead,modificationsconsistof selectionthe root
nodeanddistributing theworkload.

In conclusion,HBSP� offers a single-systemimageof
a heterogeneousplatform to the applicationdeveloper. By
hiding the non-uniformity of the underlyingsystemfrom
theapplicationdeveloper, theHBSP� modeloffersanenvi-
ronmentthatencouragesthedesignof heterogeneousparal-
lel softwarein anarchitecture-independentmanner. Exten-
sionsto this work include designingHBSP� applications
thatcantakeadvantageof ourefficientheterogeneouscom-
municationalgorithms. Moreover, we plan to investigate
extendingthe $ +98 @ parameterto accommodatecommunica-
tion costsincurredby 7 +	8 @ as a result of sendingdatato
variousdestinations.
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