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Abstract

Hetelogeneouglusterervironmentsre becominganin-
creasinglypopularplatformfor executingparallel applica-
tions. Efficient hetepgeneousparallel applicationsmust
accountfor the differencesinherent in sud an erviron-
ment. Specifically faster madines should possessnore
data itemsthan their slower counterpartsand communi-
cation shouldbe minimizedover slow networklinks. We
proposethe k-HeteiogeneousBulk Syntronous Parallel
(HBSF*) model,which is basedon the BSPmodelof com-
putation, as a framework for developingapplicationsfor
hetepgeneoussystems.The BSPmodelis appropriate for
1-level (one communicationnetwork) hetepgeneoussys-
tems.HBSP® extendsBSPhierarchically to addressk-level
heteogeneousnadines.Theutility of themodelis demon-
strated throughthe designand analysisof the gatherand
one-to-allbroadcastoperations. Our resultsindicate that
the HBSP* modelguidesthe efficient designof heteoge-
neousparallel applicationsin an architecture-independent
manner

1. Intr oduction

Parallel computersof yesteryearchangedthe way in
which we tackledcomplec problems. However, suchma-
chineswereexpensve andonly availableto afew fortunate
scientists. Trendsin parallel computingindicatethat dis-
tributed, heterogeneousrvironmentswill be the platform
of choicefor computationallyintensive applications.Such
ervironmentswill allow moreresercherso solvetheirprob-
lemsby tappinginto computationatesource$rom all over
theworld. Furthermore heterogeneousrvironmentspro-
vide userswith the opportunityto reuseexisting computer
hardware,exploit the performancef certainarchitectures,
andsharetheir computationatesourcesDespitethesead-
vantagesapplicationdevelopersmustcontendwith myriad
differencegsuchasvaryingcomputerspeedsdifferentnet-

work protocols,and incompatibledataformats)in a het-
erogeneousrvironment.Currentparallelprogramsarenot
written to handlesuch non-uniformity Thus, a newv ap-
proachis necessaryo promotethe developmenbf efficient
applicationdor heterogeneousystems.

We proposethe k-HeterogeneouBulk Synchronous
Parallel (HBSP*) model, which is an extension of the
BSP model of parallel computation[19], as a framework
for the developmentof heterogeneouapplications. The
BSPmodelprovidesguidanceondesigningapplicationgor
goodperformancenhomogeneouparallelmachinesFur-
thermore experimentalresultshave demonstratedhe util-
ity of the model—intermsof portability, efficiency, and
predictability—ondiverseparallelplatformsfor a wide va-
riety of non-trivial applicationg[8]. Sincethe BSP model
assumesghat all processorshave equal computationand
communicatiorabilities, it is not appropriateor heteroge-
neoussystemslinsteadit is only suitablefor 1-level homo-
geneousarchitectureswhich consistof a numberof iden-
tical processorgonnectedy a singlecommunicatiomet-
work.

TheHBSP* modelextendsBSPhierarchicallyto address
k-level heterogeneouslustersystems.Here, k represents
the numberof network levels presentin the heterogeneous
ervironment. The modeldescribesheterogeneouslusters
thatarehierarchicallyconnectedy internalbusesor local-,
campus-or wide-areanetworks. HBSFP* incorporatega-
rameterghatreflecttherelative computationahndcommu-
nicationspeedsat eachof the & levels. In multi-level het-
erogeneousrvironmentscommunicatiorcostsatdifferent
levels of the hierarchycandiffer by an orderof magnitude
ormore[12]. As aresult,heterogeneoysarallelalgorithms
mustbeadaptedo minimizecommunicatioron slower net-
work links. Similarly, computatiorshouldbeminimizedon
slowermachinesUnderHBSF*, improvedperformancee-
sultsfrom effectively exploiting the relative speedsof the
heterogeneousomputingcomponents.

Collectve communication algorithms are used fre-
qguently as building blocks in a variety of parallel algo-



rithms. Properimplementationof theseoperationsis vi-
tal to the efficient executionof the parallelalgorithmsthat
usethem. Collective communicatioralgorithmsdesigned
for traditional parallel machinesare not adequatdor het-
erogeneougervironments. As a result, we presenttwo
collectve communicationalgorithms—gatheand one-to-
all broadcast—fohierarchically-structurecheterogeneous
clusterenvironments.We referthereaderto [20] for ade-
scriptionof additionalHBSF* collective communicatioral-
gorithmsandanexperimentabnalysiof theirperformance.
Ourdesignstratey for thesealgorithmsis two-fold. Faster
machineshouldbe moreinvolvedin the computatiorthan
their slower counterpartsSecondlyfastermachineshould
receve more dataitems than slowver machines. Basedon
theseobsenations,our algorithmsdemonstratéhe advan-
tagesof usingthe HBSP* modelasa basisfor the develop-
mentof heterogeneouapplications.

Therestof this paperis organizedasfollows. Section2
givesa brief overview of relatedwork. The HBSP* model
is describedin Section3. Section4 describeghe design
andanalysisof collective operationgor the HBSP* model.
Experimentakesultsareshavn in Section5. Conclusions
anddirectionsfor futureresearcharegivenin Section6.

2. Relatedwork

The Bulk SynchronoudParallel (BSP)[19] modelpro-
videsthefoundationfor the HBSP* model. TheBSPmodel
providesguidanceon designingapplicationsfor good per
formanceon homogeneouparallelmachines.Supportfor
BSPcanbe foundin [3, 2, 7, 8], which presenttheoreti-
cal results,empirical results,and experimentalparameter
ization of BSP programs. However, BSP only addresses
homogeneousplatformswith a singlecommunicatiomet-
work.

Two modelsthat addressl-level heterogeneougplat-
forms are the Heterogeneoug£oarse-Grainedulticom-
puter(HCGM) model[17], ageneralizatiorof the CGM [5]
modelof parallelcomputationandthe HeterogeneouBulk
SynchronougParallel (HBSP) [21], which is synorymous
with HBSP'. Both of thesemodelstake into accountvary-
ing processospeeddo developparallelalgorithmsfor het-
erogeneousystems.The maindifferencebetweerthe two
modelsis thatHCGM is notintendedto beanaccuratere-
dictorof executiontimeswhereagiBSPattemptdo provide
the developerwith predictablealgorithmicperformance.

Severalresearcleffortsfocusondesigningcollective op-
erationsfor heterogeneousystemq1, 10, 15. Additional
work demonstratethe importanceof collective communi-
cationoperationdor hierarchicainetworks. Husbandsand
Hoe [10] develop MPI-StarT, a systemthat efficiently im-
plementscollective routinesfor a clusterof SMPs. Kiel-
mannetal. [14] presenMagPie,a systemhatalsohandles

a two-level communicatiorhierarchy Karonisetal. [12]
designatopology-avareversionof the broadcasbperation
for goodperformance.The P-log P model[13], an exten-
sionof LogP [4], is usedto optimize performanceof wide-
areacollective operationsby determiningthe optimal tree
shapdor thecommunicationMoreover, largemessageare
splitinto smallerunitsresultingin betterlink utilization.

3. The HBSP* model

The k-HeterogeneousBulk Synchronous Parallel
(HBSP*) modelis a generalizatiorof the BSPmodel[19]
of parallelcomputation. HBSP® provides parametershat
allow theuserto tailor themodelto therequiredsystem As
aresult, HBSP* canguidethe developmeniof applications
for traditional parallelsystemsheterogeneouslusters the
Internet,and computationafgrids [6]. In HBSF*, 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
HBSF* allows the algorithm designerto think aboutthe
collectionof heterogeneousomputersasa singlesystem.

3.1 Machine representation

The HBSP* modelrefersto a classof machineswith at
mostk differentlevelsof communicationThus,HBSP or
singleprocessosystemss the simplestclassof machines.
The next classof machinesis HBSP computers,which
consistof at mostone communicatiometwork. Examples
of HBSP* computersncludesingleprocessosystemgi.e.
HBSP), traditional parallel machines and heterogeneous
workstationclusters. HBSP machinesxtendthe HBSP
classto handleheterogeneousollectionsof multiproces-
sormachinesr clusters.Figurel shovsanHBSF cluster
consistingof threeHBSP* machines. In general HBSF*
systemsnclude HBSP*~! computersaswell asmachines
composedf HBSP* ! computers.Thus, the relationship
of themachineclassess HBSP ¢ HBSP' --- C HBSF'.

An HBSP* machinecanbe representedy atreeT =
(V,E). Eachnodeof T represents heterogeneouma-
chine. The heightof the treeis k. Therootr of T is an
HBSP* machine. Let d be the lengthof the pathfrom the
rootr to anodez. Thelevel of nodez is k — d. Nodesat
level i of T areHBSP machines.Furthermorea machine
canplay differentrolesat differentlevels. Figure 2 shavs
atreerepresentationf the HBSP* machineshown in Fig-
ure 1. The root nodecorrespondso an HBSP* machine.
Thecomponentsf this machinglasymmetricmultiproces-
sor, an SGl workstation,anda LAN) areshavn atlevel 1.
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Figure 1. An HBSF cluster consisting of an
SMP machine, an SGl workstation, and a LAN.

Figure 2. A tree representation of the cluster
shown in Figure 1.

Level 0 depictsthe individual processor®f the symmetric
multiprocessoandthe LAN.

The indexing schemeof an HBSP* machineis as fol-
lows. Machinesat level i, 0 < ¢ < k, arelabeledM; g,
M;a, ..., Mjm,—1, wherem; representshe numberof
HBSP machines. Considermachine; ; of an HBSF"
computeywhere0 < j < m,; ;. Onepossibleinterpreta-
tion of M, ; is thatit is a clusterwith identity j on level
i. The nodesof the clusterare the children of Af; ;. In
Figurel, M, o isan HBSF clustercomposedf thenodes
M()’(], MO,I, MO’Q, andM0’3. MQ’O pro\/idesan exampIeOf
aclusterof clusters. The HBSP* model placesno restric-
tion onthe amountof nestingwithin clusters.Additionally,
we may considerthe machinesat level ; of T the coordi-
nator nodesof the machinesat level s — 1. As shawn in
Figurel, My o, My 1, My 2, and M o areexamplesof co-
ordinatomodes.Coordinatomodedulfill mary roles.They
canactasa representatie for its clusterduringintercluster
communication.Additionally, to increasealgorithmicper
formance,they may representhe fastestmachinein their
subtregor cluster).Underthis assumptiontheroot nodeis
thefastesnodeof theentireHBSP® machine.

3.2 HBSP* computation

An HBSP* machineconsistsof HBSP machinesyhere
0 < i < k. As aresult,anHBSF' computatiorconsistsof
somecombinationof supet-steps. During a supet-step,
eachlevel i coordinator node performs asynchronously
somecombinationof local computationmessagéransmis-
sionsto otherlevel ¢ coordinatornodes,and messager-
rivals from its peers.A messageentin onesupet-stepis
guaranteedo be availableto thedestinatiormachineatthe
beginning of the next supet-step. Eachsupet-stepis fol-
lowedby a globalsynchronizatiorof all thelevel i nodes.

Considerthe classof HBSP machines. For thesesin-
gle processosystemsgcomputationproceedghrougha se-
ries of supef-steps(or steps). Communicationand syn-
chronizationwith otherprocessors notapplicable Unlike
the previous class,HBSP' machinesperformcommunica-
tion. HBSP' computersproceeahrougha seriesof supet-
steps(or supersteps)During a superstepeachHBSP ma-
chine performsasynchronouslgomecombinationof local
computationmessagaerrivals,andmessagdransmissions.
Thus,an HBSP computationresemblesa BSP computa-
tion. Themaindifferencebetweerthetwo is thatanHBSP
algorithmdeleggatesmorework to thefasterprocessors.

For HBSF* machinescomputationconsistsof supet-
andsupet-steps.Supet -stepsproceedasdescribecprevi-
ously. During a supet-step,the coordinatomodesfor each
HBSFP clusterperformslocal computatiorand/orcommu-
nicatesdatawith otherlevel 1 coordinatomodes.A barrier
synchronizatiorf thesecoordinatorseparate@achsupet-
step.

It is interestingo notethatasupet-stepcouldbedefined
recursvely. For expositional purposeswe chosethe the
approactlof definingit iteratively.

3.3 Model parameters

An HBSF* computeris characterizedy the following
parametersyhich aresummarizedn Table1:

e m;, the number of HBSP machines labeled
Mo, M1, --- M; m;—1 onleveli, where0 < i < k;

e m; ;, thenumberof childrenof M, ;;

e g, a bandwidthindicator that reflectsthe speedwith
which the fastestmachinecaninject paclketsinto the
network;

* 7; ;, thespeedelative to the fastestmachinefor M; ;
to injecta pacletinto the network;

e L; ;, overheado performa barriersynchronizatiorof
themachinesn thesubtreeof M; ;;



Symbol Meaning

M; ; amachinesidentity, where0 < < k,0<j < m;

m; numberof HBSP machineon level i

m;,j numberof childrenof M; ;

g speedhefastesimachinecaninject pacletsinto the
network

Tij speedelative to thefastestmachinefor M; ; to
injectpacletsinto the network

L;; overheado performabarriersynchronizatiorof the
machinesn the jth clusterof level §

Cij fractionof the problemsizethat M; ; receves

h sizeof a heterogeneous-relation

hi; largestnumberof pacletssentor recevedby M; ;
in asupef-step

T5(N) executiontime of supef-stepA

Table 1. Definitions of Notations

e ¢; ;, thefractionof theproblemsizethat M; ; receves.

We assumehatther; ; valueof thefastesimachineis nor-

malizedto 1. If r; ; = ¢, thenM; ; communicates times
slowerthanthefastesnode.Thec; ; parameteaddsaload-
balancingfeatureinto the model. Specifically it attempts
to provide M; ; with a problemsizethatis proportionalto

its computationahindcommunicatiorabilities. The HBSP*

modelsaysnothingabouthow the parametewaluesshould
becalculatedInsteadjt assumeshatsuchcostshave been
determinedhppropriately

3.4. Costmodel

The parameterslescribedabove allow for costanalysis
of HBSF® programs. First, considerthe costof a supef-
step.w; representshelargestamountof local computation
performedby alevel i node.Let h; ; bethelargestnumber
of messagesentor receved by M; ;, where0 < j < m;.
Thesizeof the hetepgeneoush-relationis A = max{r; ; -
h; ; } with arouting costof gh. Thusthe executiontime of
supef-step) is

Ti(A) = w; + gh + L; ;. 1)

Theoverall costis the sumof the supet-steptimes.
Similarly to BSR the above cost model demonstrates
what factorsare importantwhen designingHBSP* appli-
cations.To minimize executiontime, the programmemust
attemptto (i) balancethelocal computatiorin eachsupef-
step, (i) balancecommunicationbetweenthe machines,
and (iii) minimize the numberof supet-steps. Balancing
theseobjectivescanbe quite difficult. Part of the difficulty
arisesfrom the fact that there are multiple layersof het-
erogeneity However, HBSP* providesguidanceon how to
designefficientheterogeneousrograms.

Besidesanalyzingexecutiontime, theHBSP* modelcan
be usedto determinethe penalty associatedvith using a
particularheterogeneousrvironment. In particular there
are additionaloverheadsncurredby algorithmsexecuting
on HBSF' platformsbecauseof the synchronizationand
communicatiorcostsincurredat eachlevel. HBSF® gives
the programmeitinformationregardingthesecosts. Not all
problemswill be ableto exploit the capabilitiesofferedby
thesesystemssincethe applicationmusttoleratethe laten-
ciesinherentin usinghierarchicalplatforms. The HBSF*
modelprovidestheusermwith waysto manipulatehesecosts
andgivesthema costrelatedto executingtheapplicationin
this ervironment.

4. Collective communication algorithms

Collective communicatiorplaysanimportantrolein the
developmentof parallel programs. It simplifies the pro-
grammingtask, facilitatesthe implementationof efficient
communicatiorschemesand promotesportability. In this
section,we usethe HBSP* modelasa platformto develop
andanalyzetwo collective communicatioralgorithms.The
gatheroperationusesasinglenodeto collectauniqguemes-
sagefrom eachof the othernodes.In the one-to-allbroad-
cast only the sourceprocesshasthe datathat needsto be
broadcast.At the terminationof the proceduregachnode
hasacopy of thedata.

4.1 Algorithm design

The HBSP* model provides parameterghat allow al-
gorithm designerdo exploit the heterogeneityof the un-
derlying system.The modelpromotesour two-fold design
stratgyy for HBSP* collective operations.First, fasterma-
chinesshouldbe involved in the computationmore often
than their slower counterparts. Collective operationsuse
specificnodedo collector distributedatato theothernodes
in the system. For fasteralgorithmic performancethese
nodesshouldbe the fastestmachinesn the system. Sec-
ondly, fastermachineshouldreceve moredataitemsthan
slower machinesThis principle encouragethe useof bal-
ancedworkloads, where machinesreceve problemsizes
relative to theircommunicatiorandcomputationaabilities.
Partitioning the workload so that nodesreceve an equal
numberof elementsvorks quite well for homogeneouen-
vironments.However, this stratgy encouragesinbalanced
workloadsin heterogeneousrvironmentssincefasterma-
chinestypically sit idle waiting for slower nodesto finish a
computation.

Our HBSP algorithmsare basedon BSP communica-
tion operationg11]. In anHBSP" ervironment,the num-
berof workstationdgs my o (or mg). Thesinglecoordinator
node, M o, representshe fastestworkstationamongthe



HBSP machines. Hence,ri1o = 1. Ly, is the costof
synchronizingthe processors.The HBSP collective rou-
tinesusethe HBSP algorithmsasa basis. Unlike HBSP*
platforms,HBSP* machinescontaina two-level communi-
cation network. Level O consistsof mgq individual work-
stations. Level 1 representshe m, (or my,) coordinator
nodesfor the machinesat level 0. Eachcoordinatoy M ;,
requiresacostof L, ; to synchronizeéhenodesn its clustey
where0 < j < my. Therootof the entireclusteris M> g,
whichis thefastestachine.Thereforey; ¢ = 1. Commu-
nicationbetweerHBSP* andHBSF machinesanbequite
expensie. As aresult,our HBSP algorithmsminimally
communicaten theselinks. We do not specifyalgorithms
for higherlevel machinegi.e., & > 3). However, onecan
generalizeéhe approactygivenherefor thesesystems.

In the following subsectiondgt z; ; representhe num-
ber of itemsin M; ;'s possessionwhere0 < i < 2,0 <
j < m;. Balancedworkloadsassumez; ; = c;;n. The
total numberof itemsof interestis n. For notationalcorve-
niencetheindexes f ands identify the fastesandslowvest
nodesyespectiely. Lastly, to simplify notation,we write n
whenthe correctquantityis somevaluelessthann.

4.2 HBSF gather

In theHBSP algorithm,eachlevel-0 node,Mp ;, sends
its dataelementdo its coordinatoy M o, whereQ < j <
mg. Here, My ; sendseo ; (Or ¢o ; - n) itemsto M . At
theendof thealgorithm, M o possesseall n elements.

Analysis. The algorithm above consistsof only one
supet-step.Thereforethesizeof thesingle,heterogeneous
h-relationis max{ro ; - co,; - 71,0 - n}. EachHBSP pro-
cessoisry ; valueis relative to thefastesprocessarHence,
r,0 = landrg; > ri 0. Recallthatcy ; is inverselypro-
portionalto the speedof My ;. Consequentlyrg jco ; < 1.
Thus,the HBSP* gathercostis gn + L o.

The above costof the gatheroperationis efficient since
the fastestprocessoiis performingmost of the work. If
ro,5C0,; > 1, My ; hasa problemsizethatis too large. Its
communicationtime will dominatethe costof the gather
operation.Wheneer possible the fastesiprocessoshould
handlethe mostdataitems. Our analysisdemonstratethe
importanceof balancedvorkloadsthe numberof elements
permachings compatiblewith its computationandcom-
municationabilities. Theincreasen performances aresult
of M, o receving the itemsfaster The HBSP* model,as
doesBSP rewardsprogramswith balancedlesign.

4.3, HBSF gather
TheHBSF gatheralgorithmproceedsasfollows. First,

eachHBSP machineperformsan HBSP gather After-
wards,eachof thelevel 1 nodessendtheir dataitemsto the

root, M o.

Analysis. TheHBSF gatheralgorithmproceedssfol-
lows. First, eachHBSP' machineperformsan HBSP
gather Afterwards, eachof the level 1 nodessendtheir
dataitems to the root, M. Sincethe problemsizeis
n, Ts,0 = n. The costof an HBSP gatheroperationis
the sumof the supet- and supe?-steptimes. Sinceeach
HBSP machineperformsa gatheroperation,the supet-
stepcostis the largesttime neededor anHBSF clusterto
finish the operation.Oncethelevel 1 coordinatordhave the
n dataitems, they sendthe datato the root. This supe?-
steprequiresg - max{ry ; - €1,5,72,0 - n} + La,0. ASsuming
balancedwvorkloads,the supetf-stepreducedo gn + La .
Efficient algorithm executionin this environmentimplies
thatthe sizeof the problemsize mustoutweighthe costof
performingthe extra level of communicatiorandsynchro-
nization.

4.4. HBSP broadcast

In anHBSP broadcastthecomputatiorstartsattheroot
node, where eachof its children executesimilarly to the
two-phaseBSP algorithm. A o distributesequally the n
elementdo eachof its children. The secondphaseconsists
of eachprocessoreceving n elements.

Analysis. As a result, My ; recei/es#)0 items from
Mi,0. This phaserequiresa heterogeneous-relation of
sizemax{ri,o - n,70,; - 7=} In atypical environment,
it is reasonabléo assumethatml,o rangesfrom the tens
to the hundreds.lt is quite unlikely thata machinewould
communicaten; o timesslower thanthe fastestmachine.
If thisis thecasejt maybemoreappropriatenotto include
thatmachinein the computation.As a result,the commu-
nicationtime of the first phasereducesto gn. Sinceeach
processomustreceive the samenumberof items,theslow-
estprocessowill causea bottleneck.Let r; ; representhe
communicationtime of the slovestnodeat level i. This
resultsin acommunicatiortime of grg sn. Thus,thecom-
plexity of a two-phasebroadcasbn an HBSP machineis
gn(l + 7'073) + 2L1,0.

As apointof comparisontheone-phaséroadcas(i o
sendsy itemsto eachprocessarl ;) costsgnma o+ Ly o.
For reasonablevaluesof rg ,, the two-phaseapproachis
thebetteroverall performer An interestingconclusioncon-
cerningthe broadcasbperationis thatit effectively cannot
exploit heterogeneitySincethe slowestprocessomustre-
ceive n items, its costwill dictatethe compleity of the
algorithm. Partitioning the problemsize basedon the ¢; ;
parameteis ineffective. Althoughwall clock performance
may improve, theoretically the resultingspeedups negli-
gible.




4.5 HBSP broadcast

The two-phaseapproachs the algorithmof choicefor
HBSP machines. Next, we considerbroadcastingn an
HBSP computer Given that communicationis likely to
be moreexpensve (i.e., higherlateng links andincreased
synchronizatiorcosts)in suchan environment,we investi-
gatewhetherthe two-phaseapproachs alsoapplicablefor
HBSF* machinesThealgorithmbeginswith therootnode
distributing n itemsto thelevel 1 coordinatomodes.M»
may broadcasthe datato its childrenusingeithera single-
phaseor two-phaseapproach Afterwards,eachlevel 1 co-
ordinatorsendghen itemsto its childrenusingthe HBSP
broadcasalgorithm.

Analysis. Thetotal costof the algorithmis the sum of
the supet - andsupet-steps.Sinceboth approachestilize
the HBSP broadcastwe focus our discussioron the be-
havior of thesupe?-steps.

In the one-phaseapproachthe root nodesendsn ele-
mentsto the level 1 machines. The cost of the supet-
stepis g - max{ry sn,ra0nmae} + Log. Supposethat
1,5 > Mao. Thesupef-stepcostis gry sn + Lo o. Other
wise,its gra gnma o+ La 9. Unliketheaborvealgorithm,the
two-phaseapproactrequireswo supef-steps.Initially, the
root nodesends;#0 elementdo thelevel 1 coordinators.
Eachcoordinator then, broadcastits e elementdo the

,0

othercoordinators.Thefirst supe?-steprequiresa hetero-
geneous-relationof sizemax{r;,, —"—, 72 0n}. Theother

m2,0’
supe?—stepcosthrl,sn + Ly 0. Supposehatry s > ma .
The costof the supef-stepsis gri,sn(— + 1) + 2La 0.
Otherwisethecostis gn(ry,s + r2,0) + 2’L270.

Basedon the above costs,the HBSP broadcastlgo-
rithm cannoteffectively exploit heterogeneitgither Again,
the problemarisesfrom the slowestmachinehaving to re-
ceive eachof then items. Furthermorethe analysisshavs
that broadcastingon an HBSP* machinecan be expensve
becausef the extra levels of synchronizatiorandcommu-
nication. However, if the problemsize is large enough,
theseadditionalcostscanbe overcome.

5. Experimental results

In thissectionwe focuson experimentallyvalidatingthe
performancef theHBSP* collective communicatioralgo-
rithms presentedn the previous section. The completede-
tails of ourexperimentabpproactcanbefoundin [20]. We
find it usefulto simplify the notationof the HBSP* model
for this ervironment. The numberof workstationss mgq or
p. Thesinglecoordinatomode, M o or Py, representshe
fastesprocessoamongtheHBSP processorsP, refersto
the slowestnode. To identify the individual processorsn
level 0, we usethe notation P; to referto processoiMy ;.

Lastly, the problemsizeof interestis n.
5.1 Experimental setup

The HBSP' collective communicationalgorithms are
implemented using the HBSP Programming Library
(HBSH:b), which incoratesmary of the functions (i.e.,
messagepassing,synchronization,enquiry) containedin
BSHib [9]. HBSH:b is written ontop of PVM [18], a soft-
ware packagethat allows a heterogeneousetwork of par
allel an serialcomputerdo appearasa single,concurrent,
computationakresource.HBSH:b alsoincorporateprim-
itivesthat allow the programmetto take advantageof the
heterogeneitpf the underlyingsystem.Suchfunctionsre-
turntherankof aprocessoaswell asguidetheprogrammer
towardbalancedvorkloads.

Our experimentaltestbedconsistedof a non-dedicated
heterogeneouslusterof ten SUN and SGI workstationsat
the University of CentralFlorida. Eachnodeis connected
by a 100Mbit/sEthernetconnection Our experimentseval-
uatethe impactof processospeedandworkload distribu-
tion onthe overall performanceof analgorithm. Therank-
ing of processorss determinedby the BY TEmark bench-
mark[16], which consistof testssuchassorting,floating-
point manipulation,and numericalanalysisto evaluatethe
performancef a machine.

The input data for each experiment consists of
100 KBytes to 1000 KBytes of uniformly distributedinte-
gers.Theproblemsizerefersto thelargestnumberof inte-
gerspossessely the root. Experimentakesultsaregiven
in termsof animprovementactor Let T4 andT's represent
theexecutiontime of algorithm A andalgorithmB, respec-
tively. Theimprovementfactorof usingalgorithm B over
algorithm A is 74

TheHBSF* modelencouragethe useof fastprocessors
and balancedworkloads. Accordingto the model, appli-
cationsthat embodyboth of theseprincipleswill resultin
goodperformance We designedwo typesof experiments
to validatethe predictionsof the model. The first experi-
menttestswhetherprocessospeedhasanimpacton algo-
rithmic performance.Let T, representhe executiontime
of acollective routineassumingheroot nodeis the slovest
processarP;. Ty denoteghealgorithmiccostof using Py
astheroot. For theseexperiments eachprocessohasan
equalnumberof dataitemssinceour objective is to moni-
tor the performanceof slow versusfastroot nodes.Hence,
¢; = L. Oursecondexperimentstudiesthe benefitof bal-
ancedpworkloads. For theseexperimentsthe root nodeis
alwaysthe fastestprocessarLet T,, be the executiontime
whenthe workloadis unbalancedNotethatT,, = T¢. T}
denoteghe executiontime whenthe workloadis balanced.
Here,c; is computedusingthe BY TEmarkresults.
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5.2 Gather

Figure 3 (a) shaws the improvementthat resultsif the
root nodeis P;. As the numberof processorsncreaseso
doesperformanceTheimprovementfactoris steadyacross
all problemsizes.Unfortunatelythereis virtually no bene-
fit to distributing theworkloadbasedon a processos com-
putationalabilities, exceptat p = 2. Figure3 (b) displays
the results. The problemlies with the estimationof ¢; for
the secondrastesiprocessgrwho sendgoo mary elements
to the root node, P;. Sincethe secondfastesiprocessos
workload doesnot matchits abilities, everyonemustwait
for it to finishing sendingts itemsto theroot node.

For bothexperimentstheresultsatp = 2 areinteresting.
First, Figure3 (a) shavsthatit is betterfor therootnodeto
bethe slowestworkstation.This seemsounterintuitize. In
ourimplementatiorof gather(aswell astheothercollective
operations)a processodoesnot senddatato itself. When
Py istheroot, Py sends? itemstoit. Similarly, if thefastest
processoiis the root, Pf sends? elementsto P;. T; <

Ty impliesthatit is morebeneficialto have Py waiting on
datafrom P;. It is clearthatthe root nodeshouldbe Py
asthe numberof processorincrease.Unlike the situation
atp = 2, Py doesnot sit idle waiting on dataitemsfrom
P;. Insteadjt handleghe messagesf the otherprocessors
while waiting on the slowestprocessos data.

5.3. One-to-all broadcast

Figure 4 (a) compareghe executiontime of the algo-
rithm assuminghe root nodeis either P; or P;. The plot
demonstrateghat their is neglible improvementin perfor
mance. The HBSP® model predictedthis behaior. In
fact,theimprovementin performances aresultof Py dis-
tributing 2 integersto eachprocessoduringthefirst phase
of the algorithm. Our analysisalso holdsif P; receves
¢;jn elementsduring the first phaseof the algorithm. Fig-
ure4 (b) clearlydemonstratethatthereis no benefitto bal-
ancedworkloadssince eachprocessomustreceie all of
theitems.
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Figure 4. One-to-all broadcast performance .
The improvement factor is determined by
(@) % and (b) 2.



6. Conclusionsand Futur e Work

The HBSP* modelprovidesa framework for the devel-
opmentof parallel applicationsfor k-level heterogeneous
platforms.HBSP* extendstheBSPmodelby incorporating
parametershat reflectthe relative speed=f the heteroge-
neouscomputingcomponentsAlthoughthe HBSP® model
is somavhat more complex thanBSR it captureshe most
importantaspect®f heterogeneousystems.The utility of
the modelis demonstratethroughthe designandanalysis
of the gatherand one-to-allbroadcasalgorithms. Our re-
sultsindicatethat HBSP* encouragedalancedworkloads
amongmachinesjf applicable. For example,a close ex-
aminationof the broadcasbperationdemonstratethatit is
impossibleto avoid unbalancedvorkloadssincethe slow-
estmachinemustreceien items.Overall,theperformance
of our collective operationss quite impressve (complete
resultsareshowvn in [20]). Fundamentathangego the al-
gorithmsare not necessaryo attainanincreasean perfor
mance.Instead,modificationsconsistof selectionthe root
nodeanddistributing the workload.

In conclusion,HBSF offers a single-systenimage of
a heterogeneouglatformto the applicationdeveloper By
hiding the non-uniformity of the underlying systemfrom
theapplicationdeveloper the HBSP* modeloffersanervi-
ronmenthatencouragethe designof heterogeneouysaral-
lel softwarein anarchitecture-independentanner Exten-
sionsto this work include designingHBSF’c applications
thatcantake advantageof our efficient heterogeneousom-
municationalgorithms. Moreover, we plan to investigate
extendingthe r; ; parameteto accommodateommunica-
tion costsincurredby M; ; asa resultof sendingdatato
variousdestinations.
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