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Abstract

We proposea massively parallelframework termeda parallel-pipelinemodelof executionthatcanbeemployed
on a homogeneouscomputationalcluster. We show that speedupsnear-linear in the numberof processorsare
achievable for applicationsinvolving reductionoperationsbasedon a novel, parallel-pipelinemodelof execution.
As computationalclustersbecomeviablealternativeplatformsfor solvinglargecomputationalproblems,theresearch
communityacknowledgesthat theclusterenvironmentcanbeusedeffectively whenadaptive resourcemanagement
is employed. This requiresthe ability to estimatethe resourcerequirementsof applicationsbefore scheduling
decisionsare made.We proposea resourceestimationmodel for applicationsexecutedin the parallel-pipeline
model of execution. We develop a performancemodel that predicts the resourceutilization (i.e., computation
and communicationcomplexity) for applicationsexecutingunder the parallel-pipelinemodel on a homogeneous
computationalcluster. This performancepredictionmodelcanprovide informationto a clusterscheduler.

I . INTRODUCTION

In [28] Pottengerdevelopeda framework for understandingparallelismin a programbasedon the

associativity of operationswhich accumulate,aggregateor coalescea rangeof valuesof varioustypes

into asingleconglomerate.Theframework for understandingsuchparallelismis basedonanapproachthat

modelsloop bodiesascoalescingloop operators. Within this framework theauthordistinguishedbetween

associative coalescingloop operatorsand associative and commutative coalescingloop operators.He

identifiedcoalescingloop operatorsthatareassociative in naturein a varietyof differentapplications[29].

A numberof thesecasesinvolve programspreviously considereddifficult or impossibleto parallelize;

however, theframework providesthenecessarytheoreticalfoundationsfor performingtheanalysisneeded

to prove theseloopsparalleland transformtheminto a parallel form.

Due to the wide variety of applicationsthat can be parallelizedwithin this theoreticalframework,

in follow-on work we developeda parallel-pipelinemodel of executionfor computationalclusters.This

parallel-pipelinemodelof executionprovidesanexecutionframework within which applicationsinvolving

associative operationscanachieve near-linear speedupson homogeneouscomputationalclusters.One of

our target applicationsis featureextraction, an important task in mining textual data.We will discuss



featureextractionalongwith two otherapplications,numericalsortingandquerylookup, in detail in this

article. Theseapplicationsareparallelizablebasedon the existenceof associative operators.

In fact,asavailablecomputingpower increasesbecauseof fasterprocessorsandfasternetworking, the

computationalcluster is becominga viable alternative platform for executingdistributed jobs to solve

computationalproblems.It is recognizedthat a clustercanbe effectively sharedwhenadaptive resource

managementis employed.This implies an ability to estimatethe resourcerequirementsof any given run

beforea schedulingdecisionis made.

This article thus addressesthe problem of developing a resourceestimationmodel for applications

executedwithin our parallel-pipelinemodelof executionon a homogeneouscomputationalcluster. In [21],

we report preliminary results that demonstratethat our parallel-pipelinemodel of execution achieves

near-linear speedupson such a platform. The primary goal of this article is to develop a practical

performancemodelthatpredictstheresourceutilization (i.e.,computationandcommunicationcomplexity)

for applicationsexecutingunderour parallel-pipelinemodelon a homogeneouscomputationalcluster.

A relatedpurposeof this article is to determinethe efficiency of the parallel-pipelinemodelcompared

to othermodelsof execution.The parallel-pipelinemodel is intendedto be a generalizedframework that

works well for a wide rangeof applicationsin which the underlyingoperationis associative. Thus, the

third purposeof the article is to evaluatethe scalability of the parallel-pipelinemodel acrossmultiple

applicationsthat involve associative operations.

I I . RELATED WORK

A numberof researchprojects[9], [14], [1], [8], [26], [25], [23], [31] have contributeduseful results

to the performancepredictionof parallel computationin dedicatedhomogeneousenvironments.These

prediction models are categorized as “classical” performanceevaluation. The models treat two main

components:the computationand the communicationtime. The work in [14] and [31], for example,

provides a very simple communicationdelay model. It is, however, insufficient for our purposes.The

modelsLogP [9], LogGP [2], BDM [17], BSP [34], and QSM [16] include someterms for network-

relateddelays;they focus on upperbounds,and assumeupperboundsfor network delay are available

withoutconsideringin detailhow to derive them.Sincewe aim to providedatato schedulersasto expected

job duration,especiallyin the presenceof other jobs (and thus traffic) on the cluster, we must employ

moresophisticatednetwork contentionmodelsthanemployed in theseprevious works.

Thecommunicationdelaymodelpresentedin [18] includesa network contentionfactor. Kleinrock [19]

also introduceda methodfor applying queueingtheory to model network contentionin communication



delays.Thesetwo efforts focusedonly on thecommunicationtime - just oneof the two maincomponents

of parallelcomputationcomplexity. We have developedperformancemodelsfor a parallel-pipelinemodel

of executionthat model both the computationand the communicationcomplexity. We also characterize

network contentionin ourperformancemodels.Webaseourcommunicationdelaymodelson[18] and[19].

To thebestof our knowledge,no performancemodelshave beendevelopedfor a parallel-pipelinemodel

of execution.In this regard,we concludethat our contribution is novel.

I I I . PARALLEL-PIPELINE MODEL OF EXECUTION

We have developeda parallel-pipelinemodelof executionthatperformsa parallelreductionover a large

set of distributed processors[21]. Reductionin this sensemeansa combiningoperation- for example,

mergingtwo sortedarraysin amergesort.Theability to performareductionin parallelreliesonthefactthat

thetargetapplicationinvolvesoneor moreassociative operationsandcan,asa result,beparallelized[28].

Therefore,theoretically, any applicationthat involves an associative operation(e.g.,a reduction)can be

executedunderour model.Computationally, theapplicationcanbemodeledastwo differenttasks:first, a

computationaltask,andsecond,aparallelmergeasdiscussedin [21]. Of thesetwo tasks,theparallelmerge

forms the reductionstageof the computation.In a distributed environment,communicationtakes place

during the reduction.This communicationis representedby the arrows in an examplereductionpictured

in Figure1. The complexity of eachstepis modeledascost= computationtime + communicationtime.

initial step

step 1

step 2

step 3

P1 P3 P4 P5 P6  P7 P8P2

step 4

To server

Time

Fig. 1. Parallel-PipelineReductionModel. The white nodesrepresentthe executionof the applicationtaskand the black nodes

representthemergingoperation.Thisfiguredepictsexecutiononeightprocessors.Thearrow edgesrepresentthecommunication

that takesplace.The dottedlines andthe arrow edgestogetherform a reductiontree.

Figure1 depictsanexampleof our parallel-pipelinemodelof executionon eightprocessors.During the

initial step(step0) every processorexecutestheapplicationtask.Then,startingwith stepone,a reduction

is completedevery ����� steps1. The systemreachesa stateof equilibrium after ����� steps.At eachstep

1We make the simplifying assumptionthat the numberof processors� is a power of 	 . Note that 
��
����
�������� .



afterwards,thereare � � processorsperformingthe applicationtaskand � � processorsperformingmerges.

There are ����� merge stagesfor eachset of � processorsin the parallel-pipelinebecausea complete

binary tree with � leaves has a depth of ����� . Since we model communicationstagesas part of the

pipeline,the numberof stagesbecomes��������� . Adding the initial stagepicturedin Figure1 yields, in

this case,��� �"!$#&%(' stagesfor a parallel-pipelinecreatedfrom eightprocessors.This forms,in essence,

a pipelined,parallel reductionconsistingof �)�&�����*!(# stagesin which new input is continuallybeing

processedin theapplicationtask,andpipelinedto the �+�,���-�.!/# stagesof thereductiontree2. Thelengths

of the �0�����-�1!2# stagesin the pipelineareconstrainedsuchthat all stagesareequal,thusguaranteeing

the optimality of the pipelinedreduction[27].

A. Model Optimality

Due to the nature of the binary reduction tree, messagesize reachesa bound of 354�� �,6 when the

computationreachesstep ����� for many applicationsof interest.As notedpreviously, the systemreaches

a state of equilibrium that optimally usesthe processorsand communicationresourcesgiven certain

constraintson the target application.This optimal useof resourcesdependson the �7�8�����(!9# stages

beingequalin length.Thesestagesconsistof :<;
=?><@ , 4A�����*BC# 6 ��:ED)FAGIHJF , �����K�-:<;
=?>L> and :<;
=?>">�MNFOGIPJFOG
asdepictedin Figure2, where :<;
=?><@ is the time to performthe applicationtaskand :ED)FAGIHJF is the merge

time for addingthe result from a new taskto the existing result.

As noted, the parallel-pipelineis optimal when all stagesin the pipeline are equal in length and

boundedabove by :E;
=O><@ . To achieve this, for example, the numberof processorsparticipatingin the

merge operationin the parallel-pipelinecan be usedto control :<D)FOGIHJF . Similarly, :E;
=O>"> is dependent

on messagesize,and for many applications:<D)FOGIHJF drives the size of messages(becausegreaterfan-in

duringmergeoperationsresultsin a larger output),andtherefore:<D)FOGIHJF drives :E;
=?>L> . Consequently, the

numberof processorsparticipatingin a mergecanbeusedto control :E;
=?>L> aswell. Since :E;
=?>Q@ , :ED)FAGIHJF
and :E;
=?>L> dependon the particularapplication,userscan vary the numberof processorsparticipating

in the parallel-pipelinein orderto keepthe pipelinestagesbalanced.A practicalexampleof determining

the numberof processorsneededto balancethe pipelinestagesis discussedin detail in SectionVI-B.

2Note that unlike a hardwarepipeline,the communicationbetweenstagesin the reductiontreeis significantandasa result is modeledas
��R� of the 	TSU
��
�WV7X stages.
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Fig. 2. ParallelPipeline.Theparallelreductionpipelineof sevenstagesusedin executionon eightprocessors.T is theapplication

task executedon four processors.S is a send,M is a merge. Processorsare numberedin parenthesesin eachstageof the

pipeline.

B. TheSpeedupModel

In this sub-sectionwe presentthe central theoremfor the theoreticalmaximum performanceof the

parallel-pipelinemodelof execution.

Theorem1: Theparallel-pipelinemodelof executionachievesa near-linear speedup.

Proof: Let Y be the numberof tasksand � be the numberof processors.Let :<;
=?>Q@ be the execution

time for one task, :ED)FAGIHJF be an upperboundon the merge time, and :E;
=O>"> be an upperboundon the

communicationtime for oneor moretasks.We assumethat :<;
=?>Q@[Z\:<D)FOGIHJF during sequentialexecution

and that :<;
=?>Q@]Z^:ED)FAGIHJF8Z_:<;
=?>L> during parallel execution(i.e., all pipeline stagesare approximately

equal3).

The speedupmodel incorporatesspeedupsdue to both parallelandpipelinedexecutionasdepictedin

Figure2 for an eight processorexample.The sequentialexecutiontime is

:<MNF?`�%\Ybac:<;
=?><@d!(4AYbB2# 6 ac:<D)FOGIHJF (1)

The parallelexecutiontime for onesetof Y tasksis

: �fe G�% Y�8gh� ai:E;
=?>Q@�! Y�0gj� ak4l:<D)FOGIHJF !m:E;
=O>"> 6 an����� (2)

The first term, o p � aq:E;
=O><@ , representsthe execution time to produceresults from Y tasksusing � �
processors.The secondterm, o p � aq4l:<D)FOG?H�F+!r:E;
=O>"> 6 aN����� , representsthe reduction(combination)of the

resultsfrom the o p � setsof tasks.Eachreductionof � � resultsin a set takes �����^Bs# mergesand �����
3Note that the constraintof equalpipelinestagesis requiredfor optimality of the pipelineoperationasdiscussedpreviously.



communicationson a singlesetof � � processors,plus an additionalmerge or send-to-server, so the total

reductiontime for eachsetof � � tasksis 4l:<D)FOG?H�FL!t:E;
=?>L> 6 aN����� . Note that herewe representthe final

merge or send-to-server asa merge.

Generalizingfrom Figure2 we have

�vu�wfxnyluOzEx]{kx|w
}�~�%\�[an�����2!�# (3)

This derivesdirectly from the model.However, the actualmaximumtheoreticalspeedupis �da������ due

to a functionalhazardin the first two stagesof the pipeline.For examplein Figure2 processors# , � , � , '
perform the applicationtask in pipeline stageone, then # , � sendresultsto � , ' , so none of thesefour

processorsarefreeuntil theendof stagetwo andno otherprocessorsareavailablebecausethey arebeing

usedin other(e.g.,reduction)operationswhenthe pipeline is full.

The speedupdueto parallelexecutionof onesetof taskson a singlesetof � � processorsis

� �fe Gd% :EMNF?`: �fe G% ��)ac�����K!*#
(4)

The overall speedupis thus

� =?PJFOG eJ��� % � @ e G-a � �
� @�F ����� F
% :EMNF?`: �fe G aN�vu�w,xny�u?z<x]{qx|wR}�~% ��)an���-�K!*# a��)ac�����

(5)

Note that the �0a������ in the numeratoris approximatelyequalto �&a������t!C# in the denominator. Thus,� =OP�FAG eJ��� Z���� , a near-linear speedup.This completesour proof.

IV. A PERFORMANCE PREDICTION MODEL FOR THE PARALLEL-PIPELINE MODEL OF EXECUTION

Althoughour original complexity modelsketchedin [21] is ableto predictthebehavior of our parallel-

pipeline model of execution, it introducesunnecessarycomplexity. As a result, herein we develop a

simplified complexity model,therebymakingit easierto usethe model for scheduling.

Our new model is composedof the two componentsthat play an importantrole in parallel program

execution time, communicationand computation.Figure 1 in Section III depicts the parallel-pipeline



modelon eight processors,wherethe white nodesrepresentthe executionof the applicationtaskandthe

blacknodesrepresentmerge operations.During the initial stepof executionin the parallel-pipeline,there

are � tasks(i.e., input dataitems) processedon � processors,one task per processor. After this initial

step,thereare only � � tasksprocessed,sincehalf of the processorsare merging datareceived from the

previous step.Thereforethe numberof stepsrequiredto processY input items(not including the initial

step)is o-�q�p � . It takes y��U� additionalstepsto drain the pipelinewhenusinga binary reductiontreein the

parallel-pipelinemodel.The computationthat takesplacein theselast y��U� stepsis the merge operation.

In this analysis,we ignore the last stageof the pipeline (the send-to-server). From Figure 1, it can be

seenthat almostevery :<;
=?>Q@ or :<D)FOGIHJF stagehasa matchingcommunicationstage(a send).The only

exception is the final merge that takes placewhen the pipeline is drained.Thereforethere is one less

:<;
=?>L> stagethan :<;
=?>Q@hgN:ED)FAGIHJF stagesin the parallel-pipeline.

Assumethat we want to processY data input items (e.g., Y single-dimensionalarraysfor sorting).

The total time to processY input items is thus:

:T�U=?� eJ� %^4 Y�Bt�� � !�# 6 ac:<;
=?>Q@�!ry��R��ac:ED)FAGIHJF !
YbBm�� � ac:E;
=?>L>�!ry��U��ac:E;
=?>L> (6)

Perthe optimality modelpresentedin SectionIII-A, :<D)FOGIHJF is boundedabove by :<;
=?>Q@ . Therefore,we

replace:<D)FOG?H�F with :E;
=O><@ in Equation6. We do not, however, replace:E;
=O>"> with :<;
=?>Q@ even though

the sameoptimality constraintshold. This is because:E;
=O>"> , as we will see,varieswidely depending

on the application,and the predictionmodelaccuracy is improved by modeling :<;
=?>L> separatelyusing

queueingtheory. This is the topic of the following section.Finally, as notedpreviously, the remaining

y��U� stepsin Equation6 comprisethe pipelinedrain time for both merge andcommunicationstages.

A. A Delay Model usingQueueingTheory

For the purposesof exemplifying our approach,the complexity model presentedherein is developed

specifically for Myrinet [4], a high speedinterconnectionnetwork developedby Myricom, Inc. In this

communicationcomplexity model,queueingtheory is appliedto model the network contentionin order

to predict :<;
=?>L> . We will usethe resultsof classicalM/M/1 queueingtheoryto suggestfunctionalforms

for predictingcommunicationdelays.Theclassicalqueueingmodelassumesa Poissonstreamof arriving

messagesrequestingtransmissionover communicationlinks, whereeachmessagehasa lengthwhich is

exponentiallydistributedwith a meanof � bytes.Thearrival streamin our applicationswill probablynot



be Poisson,but the M/M/1 formula may still give useful answers;thus, we will use it even thoughits

assumptionsmay not be met. Let � denotethe systemutilization factor, then �.%���aL�; where � is the

arrival rateand � is the channelcapacity. The meanresponsetime of the system,asa function of � , is

denoted��4O� 6 and is given by

��4A� 6 % �;#&Bm� !m� (7)

where � is the propagationdelay (i.e., the channellatency in seconds).In our situation,as in [19], the

channellatency is negligible comparedto �; , so we set ��%� 

Fig. 3. The topologyof the Myrinet network switch. FigurecourtesyMyricom, Inc.

Let us considersendinga messageover a Myrinet network. The currenttopologyof a Myrinet switch

is shown in Figure3. Eachmessagetravels throughthreenodesin a 16-portswitch: a leaf node,a spine

node,andbackthroughanotherleaf node.Thus,we model the communicationdelay in threesteps.

First the messagetravels from a PC (personalcomputer, or host node) through a leaf node to the

spine,denotedas ��4O� 6 � F e|¡£¢ . We model ��4A� 6 � F e�¡c¢ usinganM/M/1 framework. The arrival rateat a given

leaf nodeis derived directly from the topologyof the Myrinet network. From Figure3, we canseethat

thereareeight links from the hoststo eachleaf node.Assumingthat all the eight hostsconnectedto the

leaf nodeare transmittingmessagessimultaneously, therewill be ¤¥a ¢�£¦n§O¨k© messagesarriving at the leaf

nodeper second.Therefore,the maximumarrival rate of ‘upstream’messagesto a given leaf node is

��%�¤[a ¢� ¦n§A¨q© messages/secondand



��4O� 6 � F e�¡£¢ % �;#&B�4A¤)a ¢�c¦n§A¨q© aQ�; 6 (8)

Thenmessagestravel throughthe spinebackto anotherleaf node,denotedas ��4O� 6�ª @ �«� F . Thereis only

one possiblepath to the destination,so as beforewe model ��4O� 6Jª @ ��� F using an M/M/1 system.Again,

we derive the arrival rate at the spine nodesfrom the Myrinet topology. From Figure 3, we seethat

thereare sixteenlinks to eachspinenodefrom the leaf nodesbeneaththem. In the limit, if messages

areroutedfrom the leaf nodesto a singlespinenode, #n¬8a ¢�£¦N§A¨q© messagesarrive at the spinenodeat the

sametime. Therefore,the arrival rateof the ‘upstream’messagesto a givenspinenodeis ��%9#n¬0a ¢�c¦n§A¨q©
messages/secondand

��4A� 6�ª @ ��� F-% �;#&B�4­#n¬)a ¢�£¦N§A¨q© a �; 6 (9)

Lastly, messagestravel throughleaf nodesto destinationhosts,denotedas ��4O� 6 � F e�¡ � . Again thereis

only onepossiblepathandwe model ��4A� 6 � F e�¡ � usingan M/M/1 system.We alsoderive the arrival rate

at the leaf nodesdirectly from the Myrinet topology. From Figure 3, we seethat thereare eight links

from the spinenodesto eachleaf node.We assumeagainthat all eight spinenodesroute messagesto

the sameleaf nodeat the sametime, and thus ¤¥a ¢�£¦n§O¨k© messagesarrive at the leaf node.Therefore,the

arrival rateof ‘downstream’messagesat the leaf nodeis ��%�¤va ¢�£¦n§A¨q© messages/secondand

��4O� 6 � F e�¡ � % �;#&B�4A¤)a ¢�c¦n§A¨q© aQ�; 6 (10)

Thereforethe overall communicationscomplexity is

:<;
=?>L>1%\��4A� 6 � F e|¡£¢ !1��4A� 6�ª @ ��� F+!r��4O� 6 � F e�¡ � (11)

V. APPLICATION AND IMPLEMENTATION

Our first target application is featureextraction. Featureextraction is an important task in mining

distributedtextualdata.We implementourparallel-pipelinemodelof executionusingthefeatureextraction

algorithmsin HDDI [30], HierarchicalDistributed Dynamic Indexing, as our application.Our results

confirm that the performanceof the parallel-pipelinemodelof executionachievesa near-linear speedup

on a homogeneouscluster. A secondtarget applicationis LatentSemanticIndexing [10], an approachto

informationretrieval. We provide an overview of the two target applicationsin the following sections.



A. Feature Extraction in HDDI

In this sub-section,we review the threefunctionalpartsof the HDDI featureextractionprocess:input,

part-of-speechtagging,andconceptextraction.

1) Input: Sincea collectioncanoriginatefrom any source,we needto handledifferent input formats

includingSGML andvarioussubsetssuchasHTML andXML. In addition,the featureextractionprocess

requiresus to identify particularfields of datain the input collectionthat areof interest(e.g.,the title of

an item). In order to accomplishthesetaskswe employed an extensible,reusableobject-orientedinput

parser. See[3] for details.

2) Part-of-Speech Tagging: After identifyingfieldsof interest,our featureextractionalgorithmsperform

part-of-speechtagging. The part-of-speechtagger is a rule-basedsystemfor tagging English parts of

speech.This systemis basedon [5], [6], [7]. The taggerusesthreelevels of rule setsto determinethe

part of speechof eachword, and tagswords with their English part-of-speechtag, as specifiedin the

Brown tagset[15].

3) Feature Extraction: A key part of textual data mining is featureor conceptextraction. For this

purpose,weemployedasophisticatedEnglishlanguagenounphraseextractor. Ourpremiseis thatmaximal

lengthnounphrasesarehigh quality discriminatorsandshouldthereforebe usedaskeyword featuresfor

indexing purposesby the HDDI textual datamining system.In order to identify maximal length noun

phrasesfrom the taggedtext, a finite state machinecapableof handling complex noun phraseswas

employed [3].

Concurrentlywith the extraction of noun phrases,other information that is usedlater in the HDDI

modelbuilding stageis extractedandpreserved.For example,a frequency of occurrenceis calculatedfor

eachconceptin eachitem aswell as the characteroffset of eachconceptin the original item. Also, the

field in which the conceptoccurred(e.g., title) is preserved.

Overall, thecomputationformsa globaldictionaryof nounphrasefeatures.This is a reductionoperation

in three senses:first, the various setsof featuresare combinedlexicographically in the merge stage.

Simultaneously, occurrencefrequenciesfor identical phrases(possibly from multiple documents)are

reducedto a singlefrequency. Likewise,offsetsfor phrasesoccurringin multiple documentsaremerged.

This creationof a global lexicon with occurrencefrequenciesand offsets is an associative reduction

operation[29].



B. LatentSemanticIndexing

In [20], Kontostathisand Pottengerdefine Latent SemanticIndexing as follows: “Latent Semantic

Indexing (LSI) [10] is a well-known techniqueusedin information retrieval. LSI hasbeenappliedto a

wide varietyof learningtasks,suchassearchandretrieval [10], [11], classification[35] andfiltering [12],

[13]. LSI is a vectorspaceapproachfor modelingdocuments,andmany have claimedthat the technique

bringsout the ‘latent’ semanticsin a collectionof documents[10], [11]. LSI is basedon a mathematical

techniquecalledSingularValueDecomposition(SVD). TheSVD processdecomposesa termby document

matrix4 into threematrices:a term by dimensionmatrix, : , a singularvaluematrix,
�

, anda document

by dimensionmatrix, � . The numberof dimensionsis ®�u?z¯4�}�°�{ 6 where } = numberof termsand { =

numberof documents.The original matrix can be obtainedthroughmatrix multiplication of : � � � . In

theLSI system,the : ,
�

and � matricesaretruncatedto ± dimensions.Dimensionalityreductionreduces

‘noise’ in the term-documentmatrix resulting in a richer word relationshipstructurethat reveals latent

semanticspresentin the collection.Queriesare representedin the reducedspaceby : �²d³ , where : �² is

the transposeof the term by dimensionmatrix, after truncationto ± dimensions.Queriesarecomparedto

the reduceddocumentvectors,scaledby the singularvalues 4 � ² � ² 6 by computingthe cosinesimilarity,

which providesa naturalranking for the documentset for eachquery.”

In this informationretrieval application,queriesarecomparedto multiple setsof documentvectorsin

parallel.The rankingsthat resultsarecombinedin the merge stageof the parallel-pipeline.In so doing,

a global ranking results.Overall, this processof computinga global ranking is an associative reduction

operation.

C. Implementation

In this sub-sectionwe outline pseudo-codefor the core computationand communicationpatternof

the implementationof our parallel, pipelinedreductionmodel.The while loop in the code in Figure 4

implementscontinuous,never-endingexecutionof the coretaskasdiscussedin SectionIII-B for feature

extraction. The for loop and the parameterblksize control the communicationpattern describedand

depictedin SectionIII (Figure 1). The if clausedetermineswhethera processorsendsor receives a

message.It is theseloops that are (software)pipelinedandexecutedin parallel.

4A term by documentmatrix is a matrix wherecolumnsrepresentdocumentsandrows representtermsin the collection.The elementsin

the matrix representa frequency of the termsin eachdocumentin the collection.



MPI Init(&argc, &argv);
MPI Commsize(&size);
P=size;
MPI Commrank(&rank);
output=NPextractor(url);or output=Sort(array);or output=Match(query);
while(true)´

blksize=2;
for(i=1;u-�*y��<4O� 6 ;i++)´

if(rank%blksizeµ 0 andrank%blksize� blksize/2)´
buf=output;
dest=rank+blksize/2;
MPI Send(buf,dest);
output=NPextractor(url);or output=Sort(array);or output=Match(query);¶

else´
source=rank-blksize/2;
MPI Recv(buf,source);
list=buf;
Merge(output,list);¶

blksize=blksize*2;¶¶
Fig. 4. Pseudo-codefor the Parallel-PipelineModel implementation

VI. RESULTS ON THE IA-32 CLUSTER AT NCSA

In this section,we detail theresultsof theapplicationof our complexity modelin a parallel-pipelineon

a homogeneouscomputationalcluster. As noted,oneof our target applicationsis featureextractionfrom

textual documents,animportanttaskin mining distributedtextual data.We employedour parallel-pipeline

modelof executionusingthefeatureextractionalgorithmsimplementedin HDDI [30]. We alsoprovide an

empiricalperformancecomparisonaswell asan isoefficiency comparisonof our parallel-pipelinemodel

with the master-slave andreductiontreeparadigms.

A. ExperimentalPlatform

The NCSA IA-32 cluster [33] is a clusterof 484 individual computingnodes,eachwith two CPUs

per node,for a total of 968 processors.A high-speed,low latency Myrinet network interconnectsthe 484

computenodes,anda FastEthernetnetwork connectsthe clusterto file serversandthe Internet.



B. Applicationof the Complexity Model

In this sub-sectionwe detail the resultsof the applicationof our complexity model in a parallel-

pipelineon a homogeneouscomputationalclusterfor our first target application,featureextraction from

textual documents.As noted,this involvesthecreationof a globaldictionaryof lexicographicallyordered

features.Our resultsconfirm that our performancepredictionmodelis capableof estimatingthe resource

requirementsof this applicationwhenexecutedwithin our parallel-pipelinemodelof execution.

As discussedin SectionIII, in order to maximizeperformancewithin the parallel-pipelinemodel of

execution,thestagesin thepipelinemustbenearlyequalandboundedby :<;
=?>Q@ . Thenumberof processors

participatingin the parallel-pipelineis oneof the parametersof the parallel-pipelinemodelof execution.

The depthof the pipeline, for example,can be controlledby varying the numberof processorsin the

pipeline in order to achieve maximumperformanceof the model. In addition, as discussedpreviously,

the numberof processorsin the parallel-pipelinecanbe varied to control the valueof :<D)FOG?H�F 5. For this

particular test application(featureextraction), we determinedthat executing the parallel-pipelineusing

16 processorsresultsin all stagesbeing boundedabove by :<;
=?><@ , and as a result the model achieves

maximumperformance.

The estimationof the execution time :T�U=?� eJ� of our applicationwithin our parallel-pipelinemodel is

calculatedusing Equations6 and 11 presentedin SectionIV. Thus, the computationtime :<;
=?>Q@ in our

testapplicationis the time requiredto extract featuresfrom a singletextual input documentandproduce

a sortedlist of features.During the initial step(step0) depictedin Figure 1, every processorexecutes

this featureextraction task. Following this, starting in stepone in Figure 1, � � processorscontinuously

perform featureextraction and � � processorsperform merging. In the experimentsreportedherein, the

averageinput documentsizewasapproximately5KB andtheaveragecomputationtime :E;
=O><@ for feature

extractionwasmeasuredempirically to be  R·¸#N� seconds.As noted,for this particularapplication �¹%9#n¬
processorsin the parallel-pipelineyields valuesof :<D)FOG?H�F and :<;
=?>L> that areboundedabove by :E;
=O><@ .

Basedon the useof #n¬ processorsin the parallel-pipeline,we have determined� , the averagemessage

size,to be approximately�h�R°�'j�º  bytesin this case.This yields an averagefor the actualcommunication

complexity. Basedon the Myrinet interconnectionnetwork in the IA-32, the channelcapacity � is equal

to #j·«�h¤ Gbits/second.

To understandthe applicationof the prediction model, we now discussan example. In one of the

5This holdswhenthe sizeof the databeingmergedgrows with the depthof the pipeline(e.g.,whenmerging multiple single-dimensional

arraysduring a parallel-pipelinedsort).



experimentsthat we conductedwe employed 128 processorsin the parallel-pipelinemodel.Thesepro-

cessorsweredivided into eight groupsof 16 processorseach.Assuminga total of 4096input documents,»­¼¾½¾¿À documentsweredistributedto eachsetof 16 processors.As a result,the total time to processÁÂ jÃj¬
documentson 128 processorsis estimatedas6:

:T�U=?� eJ� %_4 Y�BÄ�� � !�# 6 ai:E;
=?>Q@�! YbBm�� � ac:<;
=?>">
%_4

»­¼¾½¾¿À BK#n¬
¢ ¿� !*# 6 aN R·¸#N�&!»­¼¾½¾¿À BK#n¬

¢ ¿� aqÅ
�¾Æ­ÇI� ¼­È À
¢¾É � À­Ê#0B�4A¤[a\¢¼ ÉË¢AÌ a

�¾Æ­ÇI� ¼­È À
¢¾É � À­Ê 6 !

�¾Æ­ÇI� ¼­È À
¢¾É � À­Ê#&B*4­#n¬[a(¢¼ ÉË¢AÌ a

�¾Æ­ÇI� ¼­È À
¢¾É � À­Ê 6 !

�¾Æ­ÇI� ¼­È À
¢¾É � À­Ê#&B*4A¤va(¢¼ ÉË¢AÌ a

�¾Æ­ÇI� ¼­È À
¢¾É � À­Ê 6NÍ

%(ÃR·�Ák�&!1 U·�#n¬¥%�ÃR·«¬U#]ÎnxnÏiÐNzE{qÎ

(12)

It is clearthatthecommunicationtime in thisexample(  R·¸#n¬ seconds)is of little engineeringsignificance.

Thus,our experimentswith thefeatureextractionapplicationserve mainly to testour predictionsof :T�U=?� eJ� .
Later, in SectionVII, we discussan applicationin which the communicationtime is large relative to the

overall executiontime. This allows us to separatelyinvestigatethe two aspectsof our predictionmodel.

This exampleservesto demonstratetheuseof the performancepredictionmodel,andthe resultsreported

in what follows arebasedon this samemethod.

We first employed 16 nodeson the IA-32 cluster. The resultsarepresentedin Table I.

Input

Size

SeqTime Par Time SPPar Pred

Time

SPPred SPfrom SPModel

4096 ÑÓÒJÑ Ñ|Ô X¾Õ Ò|Ò X�X XIÖ
8192 X­Ò�Ò�× X¾Ö|Ø X¾Õ X­ØJÖ X�X XIÖ
16384 Ô�ÙÓÒ|	 ÔÓ	JÖ X¾Õ Ô�X¾	 X�X XIÖ

TABLE I

RESULTS FOR 16 PROCESSORS (IN SECONDS)

In the secondset of experiments,we used32 nodeson the IA-32. Thesenodeswere divided into

two groups(communicators)of 16 processorseach.The input wasdivided anddistributedto eachgroup

equally. Thesegroupsof nodesconcurrentlyexecutedourparallel-pipelinemodel.Theresultsarepresented

in Table II.

In the third set of experimentswe employed 64 nodes.Thesenodeswere divided into four groups

6For simplicity, we ignorethe two Ú�Û�� termsin Equation6 that involve pipelinedrain time.



Input

Size

SeqTime Par Time SPPar Pred

Time

SPPred SPfrom SPModel

4096 ÑÓÒJÑ ÙÓÔ 	�Õ Ô|Ñ 	JÔ Ô|	
8192 X­Ò�Ò�× Ñ|Ô 	�X Ò|Ò 	JÔ Ô|	
16384 Ô�ÙÓÒ|	 X¾Ö�Ö 	�Õ X­ØJÖ 	�	 Ô|	

TABLE II

RESULTS FOR 16-PROCESSOR SETS USING 32 PROCESSORS (IN SECONDS)

of 16 processorseach.As before,the input was divided anddistributedevenly and the groupsof nodes

concurrentlyexecutedour parallel-pipelinemodel.The resultsarepresentedin Table III.

Input

Size

SeqTime Par Time SPPar Pred

Time

SPPred SPfrom SPModel

4096 ÑÓÒJÑ 	�Ô Ô|Ñ X¾× Ù|Ö ÖJÙ
8192 X­Ò�Ò�× ÙÓÔ ÙiX Ô|Ñ Ù|Ö ÖJÙ
16384 Ô�ÙÓÒ|	 Ñ�Ù ÙiX Ò|Ò ÙÓØ ÖJÙ

TABLE III

RESULTS FOR 16-PROCESSOR SETS USING 64 PROCESSORS (IN SECONDS)

Lastly, we employed 128 nodeson the IA-32 cluster. As notedpreviously, thesenodeswere divided

into eightgroupsof 16 processorseach.Again, the input wasdividedanddistributedto eachgroupevenly

and the groupsof nodesconcurrentlyexecutedour parallel-pipelinemodel.The resultsof the 128-node

experimentsaredepictedin TableIV.

Input

Size

SeqTime Par Time SPPar Pred

Time

SPPred SPfrom SPModel

4096 ÑÓÒJÑ X¾Ô ÖÓÒ × ×|Ò X¾	�Ñ
8192 X­Ò�Ò�× 	�Ô Ò|Ò X¾× ×�Ô X¾	�Ñ
16384 Ô�ÙÓÒ|	 ÙÓÔ Ñ|Õ Ô|Ñ ×�X X¾	�Ñ

TABLE IV

RESULTS FOR 16-PROCESSOR SETS USING 128 PROCESSORS (IN SECONDS)

As can be seenfrom thesefour tables,the sequentialand parallel execution time for eachof three

different setsof documentswas measured.The speedupsachieved basedon the empirically observed

wallclock execution times are presentedin column four of eachtable. The predictedexecution times

basedon our performancemodel are in column five of eachtable, and the speedupscorrespondingto



theseestimatedexecutiontimesarein columnsix of eachtable.The last columnof eachtableshows the

upperboundon the speedupaspredictedby our speedupmodel.

TableV summarizesthe relative errorsfrom thepredictedtime vs. actualexecutiontime. Theobserved

variationsof the actualexecutiontime from 30 runsaresmall enoughto ignore(under2%). Theanalysis

revealsthat the worst underestimateis 30.7%,which is alsothe worst overall. The averagerelative error

is -11.5%.The analysisalso revealsthat this modeldoesnot producean overestimation.

Num

Proc

Input

Size

Actual

Time

Pred

Time

Rel

Error(%)

16 ÙÓÕ�×|Ö Ñ|Ô Ò|Ò ÜQÒ�Ý 	�	
16 Ñ�XI×Ó	 X¾Ö|Ø X­ØJÖ ÜQØ�Ý ÙÓØ
16 X¾Ö�Ô|ÑJÙ ÔÓ	JÖ Ô�X¾	 Ü,Ù�Ý 	J×
32 ÙÓÕ�×|Ö ÙÓÔ Ô|Ñ Ü+X�X|Ý Ö
32 Ñ�XI×Ó	 Ñ|Ô Ò|Ò ÜQÒ�Ý 	�	
32 X¾Ö�Ô|ÑJÙ X¾Ö|Ø X­ØJÖ ÜTÖ�Ý Õ|	
64 ÙÓÕ�×|Ö 	�Ô X¾× Ü+X¾Ò�Ý Ô
64 Ñ�XI×Ó	 ÙÓÔ Ô|Ñ Ü+X�X|Ý Ö
64 X¾Ö�Ô|ÑJÙ Ñ|Ô Ò|Ò ÜTÑ�Ý Ô�Ô
128 ÙÓÕ�×|Ö X¾Ô × ÜTÔ�Õ�Ý Ò
128 Ñ�XI×Ó	 	�Ô X¾× Ü+X¾Ò�Ý Ô
128 X¾Ö�Ô|ÑJÙ ÙÓÔ Ô|Ñ Ü+X�X|Ý Ö

AverageRelative Error Ü+X�X|Ý Ø
AverageAbsoluteRelative Error X�X|Ý Ø

Maximum Relative Error Ü,Ù�Ý 	J×
Maximum AbsoluteRelative Error Ô�Õ�Ý Ò

Minimum Relative Error ÜTÔ�Õ�Ý Ò
Minimum AbsoluteRelative Error Ù�Ý 	J×

TABLE V

RELATIVE ERROR ON IA-32

Figure5 depictsthe samerelative error in graphicalform.
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C. PerformanceComparisonof the Parallel-Pipelinevs. the Master-SlaveModel

In this sub-section,we presenta performancecomparisonof our parallel-pipelinemodelof execution

with the master-slave paradigm.The testapplicationis featureextraction. In the master-slave paradigm,

theslave processorsretrieve documentsandprocessthem.Theoutput,which is the list of features,is sent

to the masterwhereall the featuresaremergedinto a global dictionary.

We employed 128 nodesof eight-processorsetson the IA-32 cluster in theseexperiments.In other

words,thenodesweredividedinto groupsof eightprocessorseach.TableVI presentstheexecutiontimeof

theapplicationin our parallel-pipelinemodelandin themaster-slave paradigm.Both theparallel-pipeline

runsandthemaster-slave runsarebasedon eight-processorsets.The input wasdividedanddistributedto

eachgroupequally. Theresultsdemonstratethatour parallel-pipelinemodeloutperformsthemaster-slave

modelasexpected.TableVII andTableVIII presentthe resultsfrom experimentsconductedin the same

fashionon 16-processorsetsand32-processorsetsrespectively.

The master-slave paradigmcan achieve computationalspeedupsbut hasa limited degreeof scalabil-

ity [32]. For a large numberof processorsthe centralizedcontrol of the masterprocesscan becomea

bottleneck.Mathis et al. [24] studiedthe performanceof the master-slave model and reportedthat as

they scaledthe numberof processorswhile holding the amountof computationper processorconstant,

they found the overall executiontime increasedgraduallydueto increasedcommunicationcostsandthe

masterprocessbottleneckfactor. It is possibleto enhancethe scalability of the master-slave paradigm

by extendinga single masterto a set of masters,eachof them controlling a different group of process

slaves [32]. In our experiments,however, we implementeda singlemasterin the master-slave model to

highlight the bottleneckfactor in the master-slave paradigm.

Input Size SeqTime PP MS Improvement

16384 ÔÓØJÖ|Õ Ù�	 ÖÓØ X�Ý Ø­Ù
32768 Ò�X�X¾Ô Ñ|Ô X­	JÑ X�Ý Ø­Ù
65536 XIÙÓ	�Ô�× X¾Ö�Ö 	|Ø­Ù X�Ý ØJÔ
131072 	�Ñ�X¾×|	 Ô|Ô�X Ø�Õ|Ø X�Ý Ø�	
262144 Ø|Ò�	|Ø�X ÖÓØJ× X¾Õ�Õ|Ñ X�Ý Ø�	

TABLE VI

RESULTS FOR 8-PROCESSOR SETS USING 128 PROCESSORS (IN SECONDS)

As we scaled the number of processors,we observed that our parallel-pipelineoutperformedthe

master-slave paradigmby larger and larger factors.This is becauseas the numberof processorsgrow, a



Input Size SeqTime PP MS Improvement

16384 ÔÓØJÖ|Õ ÙÓÔ 	�Ô�Ô Ø�Ý Ù�X
32768 Ò�X�X¾Ô Ñ�Ù Ù�ØJÕ Ø�Ý Ô|Ø
65536 XIÙÓ	�Ô�× X¾Ö�Ö Ñ|×�X Ø�Ý Ô�Ö
131072 	�Ñ�X¾×|	 Ô|Ô�Õ X­ÒJÑÓ	 Ø�Ý Ù|Õ
262144 Ø|Ò�	|Ø�X ÖÓØ­Ù ÔÓØ�ÒJÙ Ø�Ý Ù|Ö

TABLE VII

RESULTS FOR 16-PROCESSOR SETS USING 128 PROCESSORS (IN SECONDS)

Input Size SeqTime PP MS Improvement

16384 ÔÓØJÖ|Õ ØJÙ ÑÓ	�Ø X¾Ø�Ý 	|Ò
32768 Ò�X�X¾Ô X¾Õ|Ø X¾ÖJÙÓ× X¾Ø�Ý Ò�Õ
65536 XIÙÓ	�Ô�× 	�Õ�× Ô|Ô�ÕÓÒ X¾Ø�Ý ÑÓ	
131072 	�Ñ�X¾×|	 ÙiX�X Ö|Ö�X¾Ö XIÖ�Ý Õ|×
262144 Ø|Ò�	|Ø�X Ñ�XIÑ X¾Ô|	|Ø�	 XIÖ�Ý 	�Õ

TABLE VIII

RESULTS FOR 32-PROCESSOR SETS USING 128 PROCESSORS (IN SECONDS)

biggerbottleneckdevelopsat the masterprocessorin the master-slave paradigmanddegradesthe overall

performance.Meanwhile,the parallel-pipelineshows consistentperformance.

For many parallel algorithms,speedupdeclineswhen the problem size is fixed and the numberof

processorsis increasedand speedupincreaseswhen the numberof processorsis fixed and the problem

size increases.The scalability of a parallelalgorithmis usedto refer to the changein performanceof a

parallelalgorithmasthe problemsizeandnumberof processorsincrease.Intuitively, a parallelalgorithm

is scalableif its performancecontinuesto improve aswe scale(i.e., increase)the sizeof the system(i.e.,

problemsize as well as numberof processors).The resultsin this sectionempirically demonstratethat

our parallel-pipelinemodel exhibits scalability while the master-slave model doesnot. For a theoretical

analysisthat reachesthe sameconclusion,pleasesee[22].

D. PerformanceComparisonof Parallel-Pipelinevs. Binary ReductionTree

In this sub-section,we presenta performancecomparisonof our parallel-pipelinemodelof execution

with a binary reductiontree.Again, the testapplicationis featureextraction.In the binary reductiontree

implementation,all processorsinitially processdocuments.A binary reductiontree is formed to merge

theoutputup to theroot of the reductiontree.During themerge,someof theprocessorswill be idle until



the reductioncompletes.Thenall processorsstart processingthe next set of documentsuntil the task is

completed.

We employed 128 nodessplit into eight-processorsetson the IA-32 cluster in theseexperiments.

Table IX presentsthe execution time of the applicationin our parallel-pipelinemodel versususing a

binary reductiontree.Both modelsemployed eight-processorsets.The input wasdivided anddistributed

to eachset evenly. As before,the resultsdemonstratethat our parallel-pipelinemodel outperformsthe

binary reductiontreemodel.TableX andTableXI presentthe resultsfrom experimentsconductedin the

samefashionon 16-processorsetsand32-processorsetsrespectively.

Input Size SeqTime PP BT Improvement

16384 ÔÓØJÖ|Õ Ù�	 ÙÓÑ X�Ý�X?Ù
32768 Ò�X�X¾Ô Ñ|Ô ×|Õ X�Ý Õ�Ñ
65536 XIÙÓ	�Ô�× X¾Ö�Ö X­ÒJÑ X�Ý Õ|Ò
131072 	�Ñ�X¾×|	 Ô|Ô�X ÔÓØ�Ø X�Ý Õ|Ò
262144 Ø|Ò�	|Ø�X ÖÓØJ× Ò�Õ�Ñ X�Ý Õ|Ò

TABLE IX

RESULTS FOR 8-PROCESSOR SETS USING 128 PROCESSORS (IN SECONDS)

Input Size SeqTime PP BT Improvement

16384 ÔÓØJÖ|Õ ÙÓÔ Ò�Ô X�Ý Ö�×
32768 Ò�X�X¾Ô Ñ�Ù XIÙ|Õ X�Ý Ö�Ö
65536 XIÙÓ	�Ô�× X¾Ö�Ö 	|ÒJÑ X�Ý Ö|Ò
131072 	�Ñ�X¾×|	 Ô|Ô�Õ Ø|ØJÖ X�Ý Ö�Ñ
262144 Ø|Ò�	|Ø�X ÖÓØ­Ù X|XIÕÓÒ X�Ý Ö�×

TABLE X

RESULTS FOR 16-PROCESSOR SETS USING 128 PROCESSORS (IN SECONDS)

Again, as we scaledthe numberof processors,we observed that our parallel-pipelineoutperformed

the binary reductiontree paradigm.This is becauseour parallel-pipelinemodel makes use of the idle

processorswhile the binary reductiontreedoesnot.

The resultsin this sectionempirically demonstratethat our parallel-pipelinemodel exhibits a better

scalability than the binary reductiontree.



Input Size SeqTime PP BT Improvement

16384 ÔÓØJÖ|Õ ØJÙ X­	JÔ 	�Ý 	�Ò
32768 Ò�X�X¾Ô X¾Õ|Ø 	JÙ|Ô 	�Ý Ô�X
65536 XIÙÓ	�Ô�× 	�Õ�× ÙÓÑ|	 	�Ý Ô�Õ
131072 	�Ñ�X¾×|	 ÙiX�X ×|Ö�Ñ 	�Ý Ô|Ø
262144 Ø|Ò�	|Ø�X Ñ�XIÑ X¾×|	�Ñ 	�Ý Ô|Ø

TABLE XI

RESULTS FOR 32-PROCESSOR SETS USING 128 PROCESSORS (IN SECONDS)

VII. RESULTS FOR END-TO-END SYSTEMS AND FOR A SORTING APPLICATION

The parallel-pipelinemodel is intendedto be a generalizedframework that works well for a wide-

rangeof applications.In this section,we reportthe resultsof two end-to-endapplicationsexecutedin our

parallel-pipelinemodel on a homogeneouscomputationalcluster. End-to-endin this context means,for

example,theentireprocessof retrieving webpages,extractingfeatures,andstoringthemon a server. The

first applicationis featureextractionrunningon a 48-nodehomogeneousclusterat LehighUniversity. We

choseLSI (SectionV-B) asour secondtarget end-to-endapplicationfor executionin the parallel-pipeline

framework. As noted,LSI takesqueryphrasesasinput, matchesthe queriesandretrievesthe documents

in a collectionthat matchthe queries.We have incorporatedthe send-to-server stageto sendresultsto a

centralserver in both of theseapplications.The LSI applicationwasalsoexecutedon Lehigh’s cluster.

Finally, we report the resultsfrom a third target application,sorting arraysof numbers.The sorting

experimentswereconductedon the IA-32 cluster.

A. ExperimentalPlatforms

Lehigh’s cluster (Fire) is a 48-nodeBeowulf cluster constructedentirely from personalcomputer

technologyto createa high-performance,parallel computingenvironment.The processorsareconnected

by a 100 Mbit Ethernet.Nodeson Fire run the Linux operatingsystem.

B. SpeedupResultsfor Feature Extraction in an End-to-endSystem

In this sub-sectionwe presentspeedupresultsfor a completeend-to-endsystemthat includesreal-time

download of documentsfrom the web, featureextraction, and storageto an SQL server all operating

within our parallel-pipeline.Our purposein doingso is to substantiateour claim that the parallel-pipeline

model of executioncan be usedin real-world applicationsthat involve a reductionin the input prior to



execution.As a result,in thisanalysiswedonotapplyourperformancepredictionmodel.Instead,weshow

that the applicationachieves speedupsnearthe upperboundpredictedby the speedupmodel presented

in SectionIII. (Recall that the theoreticalupperboundon the speedupachieved in the parallel-pipeline

is � , where � is the numberof processors.)We have implementeda documentdownloadingprocess

and integratedit into the featureextraction application.In essenceit is a multi-threadedweb crawler

that retrieves documentsfrom the web and feedsthem to the parallel-pipelinethat executesthe feature

extractionapplication.We have also implementedthe final stagein the pipeline,send-to-server. The last

processorin eachreductiontree in the parallel-pipelinesendsthe lexicographicallyordereddictionaryof

extractedfeaturesto an SQL server for storagein a global dictionary.

We first employed eight nodeson Fire. The resultsarepresentedin TableXII.

Input

Size

Runtime on

oneprocessor

Runtime

on eight

processors

Speedup SPfrom SPModel

4096 ÙÓÔ�Õ|Ñ Ñ�Ù�X Ø�Ý�X¾	 Ñ
8192 ÑÓÒJÕÓ	 X¾×�Ñ|Õ ÙiÝ Ô�× Ñ
16384 X­Ò­ÙÓ×�X Ô�XIÖ�X Ø�Ý ØJÔ Ñ

TABLE XII

FEATURE EXTRACTION SPEEDUP RESULTS FOR EIGHT PROCESSORS (IN SECONDS)

In thesecondsetof experiments,we used16 nodeson Fire. Thesenodesweredividedinto two groups

(communicators)of eight processorseach.The resultsarepresentedin TableXIII.

Input

Size

Runtime on

oneprocessor

Runtime on

16 processors

Speedup SPfrom SPModel

4096 ÙÓÔ�Õ|Ñ Ô|Ö|Ò X|X�Ý Ò�Ô XIÖ
8192 ÑÓÒJÕÓ	 ÑÓØ�	 X¾Õ�Ý 	�X XIÖ
16384 X­Ò­ÙÓ×�X X¾Ö�ÔÓ	 X¾Õ�Ý Ò�X XIÖ

TABLE XIII

FEATURE EXTRACTION SPEEDUP RESULTS FOR EIGHT-PROCESSOR SETS USING 16 PROCESSORS (IN SECONDS)

In the third setof experiments,we used32 nodeson Fire. Thesenodesweredivided into four groups

(communicators)of eight processorseach.The resultsarepresentedin TableXIV.

As canbe seenfrom theseresults,for at leastone application,featureextraction, the input reduction

problemis tractableandthe parallel-pipelineachievesspeedupsgreaterthan � � in a real-world end-to-end



Input

Size

Runtime on

oneprocessor

Runtime on

32 processors

Speedup SPfrom SPModel

4096 ÙÓÔ�Õ|Ñ 	�X¾Ò X¾×�Ý ÑÓØ Ô|	
8192 ÑÓÒJÕÓ	 ÙiX¾	 	�X�Ý�X­	 Ô|	
16384 X­Ò­ÙÓ×�X Ò�XIÑ 	JÙ�Ý Ô|Ö Ô|	

TABLE XIV

FEATURE EXTRACTION SPEEDUP RESULTS FOR EIGHT-PROCESSOR SETS USING 32 PROCESSORS (IN SECONDS)

system.

C. SpeedupResultsfor LSI with an End-to-endSystem

In this sub-sectionwe presentspeedupresultsfor a completeend-to-endsystemthatperformsLSI based

retrieval andstoresthe resultson anSQL server. As with the featureextractionend-to-endsystem,in this

analysiswe do not applyour performancepredictionmodel.Instead,we show thattheapplicationachieves

speedupsnearthe upperboundpredictedby our speedupmodelpresentedin SectionIII. As before,we

implementedthe final stagein the pipeline,send-to-server. The last processorin eachreductiontree in

the parallel-pipelinesendsthe queryresultsfrom LSI to an SQL server for storage.

We employed eight processorson Fire. The resultsare presentedin Table XV. Theseresultsconfirm

that our parallel-pipelineframework scalesacrossmultiple applicationsin an end-to-endsystem.

Input

Size

Runtime on

oneprocessor

Runtime

on eight

processors

Speedup SPfrom SPModel

4096 	�Ô�Ñ|Ô Ø�Ô�Ñ ÙiÝ ÙÓ	 Ñ
8192 Ù�ÒJÑ|Ô X¾Õ|Ø|Ø ÙiÝ ØJÔ Ñ
16384 ×|Ö�X­Ò 	�XIÕ|Ô ÙiÝ Ø�Ò Ñ
32768 X¾×�Ô|Ô�X ÙiXIÑ�Ù ÙiÝ Ö|	 Ñ

TABLE XV

LSI SPEEDUP RESULTS USING EIGHT PROCESSORS (IN SECONDS)

D. PerformancePredictionfor Sortingon the IA-32 Cluster

In this sub-sectionwe explore an applicationfor which messagesizesgrow exponentiallywith the

depthof the pipeline.For example,in a binary treebasedpipeline,messagesizesdoubleat eachstageof



communication.Thepurposeof theseexperimentsis to exploretheaccuracy of ourperformanceprediction

modelundertheseextremeconditionsof exponentialgrowth in messagesize.Our applicationis sorting:

the quicksort is usedto sort pseudo-randomlygeneratedintegers.A sequentialmerge is performedto

mergesortedlists in mergestagesof thepipeline.Theparallel-pipelinewasexecutedon the IA-32 cluster

in theseexperiments.

Theestimationof theexecutiontime :T�U=?� eJ� of thesortingapplicationwithin our parallel-pipelinemodel

is calculatedbasedon Equations6 and 11 presentedin SectionIV. The computationtime :E;
=O><@ in our

test applicationis the time requiredto sort a single input array of numbersusing quicksort.During the

initial stepdepictedin Figure 1, every processorexecutesquicksort to sort pseudo-randomlygenerated

integers.Following this, starting in stepone in Figure 1, � � processorscontinuouslyperform quicksort

and � � processorsperformthe sequentialmerge,doublingthe sizeof the resultat eachmerge nodein the

parallel-pipeline.This also doublesmessagesizessinceeachmerge nodesendsthe result up the binary

reductiontree that is embeddedin the pipeline.The averagecomputationtime of quicksorton an array

of onemillion integerswasmeasuredempirically to be #j·��jÃ seconds.Using quicksortasour application

and input arraysof one million integers,we determinedthe optimum numberof processorsneededto

maximizeperformanceto be eight. In otherwords, �¹%�¤ ensuresthat :<;
=?><@ bounds:<D)FOGIHJF and :E;
=?>L>
from above. In this particularapplication,sortingintegersfrom multiple differentarraysis an associative

reductionoperation.

Basedon the use of eight processorsin the parallel-pipeline,we have determined � , the average

messagesize,to beapproximately8MB in this case.This yieldsanaveragefor theactualcommunication

complexity. Basedon the Myrinet interconnectionnetwork, the channelcapacity � is equal to #j·«�h¤
Gbits/second.

To understandthe applicationof the prediction model, we now provide an example. In one of the

experimentsdiscussedhereinwe employedeightprocessorsin theparallel-pipelinemodelwith �U#n� arrays

as input to be sorted.We thuscomputethe total predictedtime to process�U#N� arraysas7:

:T�U=?� eJ� %^4 �U#N�)Bm¤Á !�# 6 aÂ#j·«�hÃ&!
�U#N��Bt¤Á aqÅ

À D È À¢¾É � À­Ê#&B*4A¤[a ¢¢¾É Æ ½ a
À D È À¢¾É � À­Ê 6

!
À D È À¢¾É � À­Ê#&B�4­#n¬)a ¢¢¾É Æ ½ a

À D È À¢¾É � À­Ê 6
!

À D È À¢¾É � À­Ê#0BK4O¤[a ¢¢¾É Æ ½ a
À D È À¢¾É � À­Ê 6 Í%9#n'h¬R·«�h�&!1�R#h·��v%s�h h¤R·« h��ÎnxnÏiÐNzE{qÎ

(13)

7As before,we ignorethe two Ú�Û�� termsin Equation6 that involve pipelinedrain time.



This exampleserves to demonstratethe useof the performancepredictionmodel in the sortingappli-

cation,andthe resultsreportedin what follows arebasedon this samemethod.

We testedour performancepredictionmodelwith the sortingapplicationrunningon the IA-32 cluster

on eight nodes.The resultsarepresentedin TableXVI.

Input

Size

SeqTime Par Time SPPar Pred

Time

SPPred SPfrom SPModel

512 Ñ|Ñ�Ö X¾Ñ�X ÙiÝ Ñ�× 	�Õ�Ñ Ù�Ý 	�Ø Ñ
1024 X­Ò�Ò�Õ Ô|Ö�Ô ÙiÝ Ñ|Ò ÙiX¾Ò Ù�Ý 	­Ù Ñ
2048 ÔÓØ­Ù|Ù Ò|	�X ÙiÝ ×�X Ñ|Ô|Ò Ù�Ý 	JÔ Ñ
4096 Ò|	�ØJÙ XIÙ|Ô|Õ Ø�Ý Õ|Ò X¾Ö|Ò�Ö Ù�Ý Ô|	 Ñ

TABLE XVI

SORTING RESULTS FOR EIGHT PROCESSORS (IN SECONDS)

Table XVII summarizesthe relative errors from the predictedtime vs. actual execution time. The

analysisrevealsthat the worst overestimateis 17.20%andthe averagerelative error is 15.77%.

Num

Proc

Input

Size

Actual

Time

Pred

Time

Rel

Error(%)

8 Ø�X¾	 X¾Ñ�X 	�Õ�Ñ X?ÙiÝ ×�X
8 X¾Õ|	JÙ Ô|Ö�Ô ÙiX¾Ò X?ÙiÝ ÑÓÒ
8 	�ÕJÙÓÑ Ò|	�X Ñ|Ô|Ò XIÖ�Ý Õ|Ñ
8 ÙÓÕ�×|Ö XIÙ|Ô|Õ X¾Ö|Ò�Ö X¾Ò�Ý 	�Õ

AverageRelative Error X¾Ø�Ý Ò|Ò
AverageAbsoluteRelative Error X¾Ø�Ý Ò|Ò

Maximum Relative Error X¾Ò�Ý 	�Õ
Maximum AbsoluteRelative Error X¾Ò�Ý 	�Õ

Minimum Relative Error X?ÙiÝ ÑÓÒ
Minimum AbsoluteRelative Error X?ÙiÝ ÑÓÒ

TABLE XVII

RELATIVE ERROR ON IA-32 FOR SORTING

Figure6 graphicallydepictsthe relative error from the predictedvs. actualexecutiontime.

In summary, in this section,we reportedresultsfor end-to-endsystemsfor featureextractionandLSI

informationretrieval executedin our parallel-pipelinemodelon Lehigh’s Cluster. The resultshave shown

that our parallel-pipelineoffers a near-linear speedupin applicationsin an end-to-endsystem.We also

conductedexperimentsfor anapplicationin which messagesizesgrow exponentiallywith thedepthof the
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Fig. 6. Relative Error on IA-32 for Sorting

pipelineandcomparedthe resultswith our performancepredictionmodel.The predictionmodelpredicts

executiontime within about15% error.

VII I . CONCLUSION AND FUTURE WORK

In this researchwe have developeda framework thatcombinesthespeedupachievedfrom bothparallel

andpipelinedexecutionin onemodelandhenceperour theoreticalresult,achievesa near-linear speedup

for parallelizedassociativeoperations.In orderto achievetheoptimumperformanceofferedby ourparallel-

pipelinemodel,pipelinestagesmustbeapproximatelyequalin length.In [22], we alsoproposeda multi-

ary reductiontreefor theparallel-pipelinemodelandproveda corollary to our primary theorem.We have

testedthe modelon multiple applicationsanddeterminedthat the parallel-pipelinemodelachievesnear-

optimal efficiency as predictedby our theoreticalanalysisfor several applicationsinvolving associative

operations.We have alsoshown that the parallel-pipelinemodeloutperformsthe traditionalmaster-slave

andreductiontreeparadigmsfor our applicationsuite.

Oneof the openproblemsthat we addressedis the input reductionproblem- bringing the input data

to the nodesinvolved in the parallel-pipelinecomputation.To addressthis issuewe have developeda

framework for ‘just-in-time’ retrieval of the data neededfor computation.This in effect addsanother

stageto the parallel-pipeline,and can also be modeledas part of the computationalstage.Following

completionof this effort, we implementedthe final step,the send-to-server pipelinestage,in end-to-end

systemsfor featureextractionandqueryprocessing.



We have also developeda performancemodel that predictsthe resourceutilization (i.e., computation

andcommunicationcomplexity) for applicationsexecutingunderour parallel-pipelinemodelof execution

on a homogeneouscomputationalcluster. We demonstratedthe accuracy of theseresourceestimation

modelsfor a variety of processingenvironmentsandapplications.Suchmodelscanprovide information

to a schedulerfor a homogeneouscomputationalcluster.

The performanceof our predictionmodel varied.For featureextractionon the IA-32 cluster, the best

predictionsyieldedanaverageerrorof about10%.For thesortingapplication,thebestpredictionsyielded

an averageerror of about15%.

One might ask if errors in the rangeof 10% to 20% are acceptable.It very much dependson the

domain.We will take two examplesfrom the world of queueingtheoryasguideposts:

1. Predictingthe durationof a phonecall to a call centeris difficult; the varianceis often quite large

relative to the mean,so onewould be happy with a predictionthat waswithin 50%.

2. Predictingthe durationof a manufacturingstep,suchasmilling, is easier;onewould only be happy

with a predictionthat waswithin 5%.

In our domainof parallel-pipelineexecution,no previousstudieshave beenperformedon predictingrun

times.Therefore,our resultsin the10%to 20%rangeareby default thestateof theart.Predictionsof this

accuracy placethe problemof schedulingmultiple jobs somewherebetweenthe world of M/M/c queues,

with highly variabledurations,andthe world of job-shopscheduling,with durationsof low variability.

We plan to continueto tuneour resourceestimationmodelsby applying themto predict the resource

utilization in end-to-endsystemsfor informationretrieval and featureextraction.This may requireus to

developmoresophisticatedmodelsof communicationcomplexity at both endsof the parallel-pipeline.In

addition,we plan to scaleour parallel-pipelinemodelof executionandour resourceestimationmodelsto

additionalapplicationsthat involve associative operationsandtheuseof multi-ary reductiontrees.Finally,

we expect to modify the featureextraction applicationso that it can merge or split input documentsas

requiredto balancethe pipelinestages.

IX. ACKNOWLEDGEMENTS

Author JiradaKuntrarukgratefully acknowledgethe financialsupportof the Royal Thai Government.

Co-authorsWilliam M. PottengerandAndrew M. Rossexpresstheir deepgratitudefor their salvation to

their Lord andSavior, JesusChrist. In addition,we arequite grateful to Todd FisherandLars Holzman

for their diligent aid in coding.



REFERENCES

[1] V. Adve. Analyzingthe Behaviorand Performanceof Parallel Programs. PhD thesis,Univ. of Wisconsin-Madison,December1993.
[2] Albert Alexandrov, Mihai F. Ionescu,Klaus E. Schauser, and Chris Scheiman.LogGP: IncorporatingLong Messagesinto the LogP

Model for Parallel Computation.Journal of Parallel and DistributedComputing, 44(1),1997.
[3] R.H. Bader, M.R. Callahan,D.A. Grim, J.T. Krause,N. Miller, andW.M. Pottenger. The Role of the HDDITM CollectionBuilder in

HierarchicalDistributedDynamic Indexing. In Proceedingsof Textmine’01 Workshop,First SIAM InternationalConferenceon Data
Mining, April 2001.

[4] N.J. Bodenandet al. Myrinet-A Gigabit per secondLocal Area Network. IEEE Micro., 15, 1995.
[5] E. Brill. A SimpleRule-basedPart of SpeechTagger.In Proceedingsof theThird Conferenceon AppliedNatural Language Processing.

ACL, 1992.
[6] E. Brill. A Corpus-basedApproach to Language Learning. PhD thesis,University of Pennsylvania, Departmentof Computerand

InformationScience,1993.
[7] E. Brill. SomeAdvancesin Rule-basedPart of SpeechTagging. In Proceedingsof the Twelfth National Conferenceon Artificial

Intelligence, 1994.
[8] M. ClementandM. Quinn. Analytical PerformancePredictionon Multicomputers.In Supercomputing93, 1993.
[9] D.E. Culler, R.M. Karp, D.A. Patterson,A. Sahay, E.E. Santos,K.E. Schauser, R.Subramonian,andT.von Eicken. LogP: A Practical

Model of Parallel Computation.Commun.ACM, 39(11),1996.
[10] S. Deerwester, SusanT. Dumais,George W. Furnas,ThomasK. Landauer, and Richard Harshman. Indexing by Latent Semantic

Analysis. J. of the AmericanSocietyfor InformationScience, 41(6), 1990.
[11] S.T. Dumais. LSI meetsTREC: A StatusReport. In TheFirst Text REtrieval Conference, 1993.
[12] S.T. Dumais. LatentSemanticIndexing (LSI) andTREC-2. In TheSecondText REtrieval Conference, 1994.
[13] S.T. Dumais. Using LSI for Informationfiltering: TREC-3experiments.In TheThird Text REtrieval Conference, 1995.
[14] H.P. Flatt andK. Kennedy. Performanceof Parallel Processors.Parallel Computing, 12(1), 1989.
[15] W.N. Francis and H. Kucera. Brown corpus manual. Department of Liguistics, Brown University, 1979 revision,

http://www.hit.uib.no/icame/brown/bcm.html.
[16] P.B. Gibbons,Y. Matias,andV. Ramachandran.CanA Shared-MemoryModel Serve asa Bridging Model for Parallel Computation?

In Proceedingsof the 9th ACM Symp.on Parallel Algorithmsand Architectures, 1997.
[17] J.F. JaJaandK.W. Ryu. The Black DistributedMemory Model. IEEE Trans.Parallel And DistributedSystems, 7(8), 1996.
[18] SangCheol Kim and SungguLee. Measurementand Predictionof CommunicationDelays in Myrinet Networks. J. Parallel and

DistributedComputing, 61, 2001.
[19] L. Kleinrock. On the Modeling andAnalysisof ComputerNetworks. In Proceedingsof IEEE, volume81(8),1993.
[20] A. Kontostathisand W.M. Pottenger. Assessingthe Impactof Sparsificationon LSI Performance.In Proceedingsof the 2004Grace

HopperCelebration of Womenin ComputingConference, 2004.
[21] J. Kuntraruk and W.M. Pottenger. Massively Parallel Distributed FeatureExtraction in Textual Data Mining Using HDDITM. In

Proceedingsof the Tenth IEEE InternationalSymposiumon High PerformanceDistributedComputing, August2001.
[22] JiradaKuntraruk. Application Resource RequirementEstimationin a Parallel-Pipeline Model of Executionon a ComputationGrid.

PhD thesis,Lehigh University, Departmentof ComputerScienceandEngineering,2003.
[23] V. Mak. PredictingPerformanceof Parallel Computations.IEEE Trans.Parallel DistributedSystems, 1(3), July 1990.
[24] M.M. Mathis, D.J. Kerbyson,andA. Hoisie. A PerformanceModel of non-DeterministicParticle Transporton Large-ScaleSystems.

In Proceedingof InternationalConferenceon ComputationalScience, volume2659,2003.
[25] A. Menasceand L. Barroso. A Methodologyfor PerformanceEvaluationof Parallel Applicationson Multiprocessors.J. Parallel

DistributedComputing, 14(2), 1992.
[26] J. Mohan. Performanceof Parallel Programs:Modelsand Analyses. PhD thesis,Carnegie Mellon Univ., July 1984.
[27] D.A. PattersonandJ.L. Hennessy. ComputerArchitecture A QuantitativeApproach. Morgan-Kaufmann,1996.
[28] William M. Pottenger. The Role of Associativity andCommutativity in the DetectionandTransformationof Loop-Level Parallelism.

In Proceedingsof the 12th ACM InternationalConferenceon Supercomputing, July 1998.
[29] W.M. Pottenger. Theory, Techniques,andExperimentsin SolvingRecurrencesin ComputerPrograms. PhDthesis,Universityof Illinois

at Urbana-Champaign,Departmentof ComputerScience,May 1997.
[30] W.M. Pottenger, Y. Kim, and D.D. Meling. Data Mining for Scientificand EngineeringApplications, chapterHDDITM: Hierarchical

DistributedDynamicIndexing. Kluwer AcademicPublishers,2001.
[31] J. Schopf. StructuralPredictionModels for High-PerformanceDistributedApplications. In ClusterComputingConference97, 1997.
[32] L.E. Silva and R. Buyya. High PerformanceCluster Computing: Programming and Applications, volume 2, chapter Parallel

ProgrammingModelsandParadigms.PrenticeHall, 1999.
[33] IA-32 Linux Supercluster. http://www.ncsa.uiuc.edu/userinfo/resources/hardware/ia32linuxcluster/.
[34] L.G. Valiant. A Bridging Model for Parallel Computation.Communicationof the ACM, 33(8),1990.
[35] S. Zelikovitz and H. Hirsh. Using LSI for Text Classificationin the Presenceof BackgroundText. In Proceedingof 10th ACM

InternationalConferenceon Informationand Knowledge Management, 2001.


