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Abstract

In thispaperwereportexperiencein theuseof computa-
tional grids in thedomainof natural language processing,
particularly in the area of information extraction, to cre-
atequeryindicesfor informationretrieval tasks.Giventhe
prevalenceof large corpora in the natural language pro-
cessingdomain,computationalgridsoffer signi�cant utility
to researchers in thedomainwho are reaching thebounds
of computationalef�ciency. We leverage the af�nities be-
tweenthesegmenteddatasourcesprevalentin natural lan-
guage processingand the parallelisation model from the
grid domain.Theexperimentreportedhere is a large-scale
newswire corpusindexing task,with the goal to ef�ciently
createa queryableindex of theentirecorpus.Byparallelis-
ing theindexingtaskandexecutingit onanAustralian com-
putationalgrid, we observeoverall performanceimprove-
mentof a 2.26xspeedupover thesameexperimentona sin-
gle computationalnode. In addition to reporting the raw
performanceimpact,we re�ect on a numberof interesting
pointsdiscovered during the executionof the experiments
andproposea numberof new requirementsfor grid middle-
ware.

1 Intr oduction

Grid computing[9] enablesthesharingandaggregation
of geographicallydistributedhigh-endcomputers,networks
anddatabasesfor solving large-scaleproblemsin science,
engineeringandcommerce.By enablingaccessto compu-
tational resources,datacollectionsandremoteinstrumen-
tation, grid computinghasencouragedsymbiosisbetween
variouscomplimentarydomainsin the pursuitof common
goals. The potentialfor collaborationhassparked interest
in grid computingwithin diverseareassuchashigh-energy
physics,molecularbiology and naturallanguageprocess-
ing. Grids aretherefore,emerging asthe computingplat-
form of choicefor thenext generationof large-scalescien-
ti�c research,alsosometimescalledeScience[21].

Thenaturallanguageprocessing(NLP) domainin focus
hereis a broaddiscipline. Onecommonfeatureacrossdi-
verseNLP researchis theuseof large,collatedcorpora,or
collectionsof naturally-occurringhumanlanguagein writ-
ten and/orspoken forms. In many areas,NLP hasa long
history of computationalinnovation; and increasingly, is
reachingtheboundsof computationalef�ciency. ThusNLP
researchersarebeginningto seeknew approachesto large-
scaleanalysisof humanlanguagedata.

In the experimentdescribedhere, we processa text-
basedbroadcastnewsmediacorpora,andderiveaqueryable
index for informationretrieval tasks. Newswire is a com-
mon datatype, provided by large news agencies,and de-
signed for a content syndicationby smaller publishers.
Newswirecontentis essentiallya continuousstreamof text
with little internal structure,inheritedfrom earlier imple-
mentationswhere telegraph and serial line printers were
usedto receive the data. In electronicform, the majority
of newswireservicesareprovidedin basicStandardGener-
alizedMarkupLanguage(SGML).

Newswire is internally indexed by the useof seriesof
codedtagscalled `slugs'. However, owing to its stream-
basednature,externalindicessuchasthoserequiredfor ef-
�cient queryingarenotavailablebydefault. For researchon
thecontentof newswirecorpora,suchindicesarerequired
to bemanuallyconstructed.Thecomplexity of suchanin-
dexing taskincreasesexponentiallywith theincreasedvol-
umeof newswire sources.An ef�cient indexing approach
would �lter the newswire sourcesby contenttype, extract
themostpertinentkey phrasesfor eachstory, andconstruct
aninvertedindex whichreferencesphrasesagainstlocations
in theraw newswirecorpus.

Sincethenewswirecorpusis naturallysegmented,paral-
lelisationof the indexing processis a convenientapproach
to adopt.Herewe usethenaturaldivisionsin thenewswire
corpusasthebasisfor parallelisation;distributing andexe-
cutingtheindex creationapplicationacrossacomputational
grid, andaggregatingtheresultsinto a singlemasterindex.
We show comparativeresultsfor thesameprocessonasin-
glecomputationalnodeandonanAustraliancomputational



grid, and�nd thereare,asto be expected,signi�cant per-
formancegainsfrom thismodeof exection.

Theremainderof this paperis organizedasfollows: we
commenceby providing a brief overview of the motiva-
tionsfor approachingcomputationalgridsfrom within nat-
ural languageengineeringapplicationdomain.Weconsider
relatedwork in boththegrid andnaturallanguageprocess-
ing communities.Next we describethe architecture,data
set,application,grid interface,andgrid infrastructureused
in the experiment. Our resultsarereportedandevaluated,
followed by somegeneralobservationsaboutthe domain
speci�c featureswhich impacton theef�ciency of widely-
adoptedcomputationalgrid models.Finally, we describea
numberof directionsfor futurework.

2 Moti vation

The motivation for NLP researchersto adoptcomputa-
tional modelssuchasdistributed,grid andclustercomput-
ing maynotappearobviousat �rst glance.However, evena
cursoryreview of typical computationalapproachespreva-
lent within NLP indicate a strong af�nity for such tech-
niques.

NLP applicationsaretypically constructedfrom a num-
ber of processingcomponents,eachresponsiblefor a spe-
cializedtask. Typical componentsincludespeechrecogni-
tion, tagging,entitydetection,anaphoraresolution,parsing,
etc. Eachcomponentis heavily parameterizedandmustbe
trainedon very largedatasets.Discoveringoptimalparam-
eterizationsis bothdata-andprocessor-intensive. Building
complex applications,suchasspokendialoguesystems,de-
pendson identifying and integrating suitablecomponents
oftenfrom a rangeof sources.

In additionto heavy parameterisation,NLP alsomakes
signi�cant useof very largecollectionsof humanlanguage
data.Text corporaof morethanabillion wordsareincreas-
ingly common,and multimodal corporaof thousandsof
hoursof speecharebeingactively curated.Fromadatapro-
cessingperspective alone,NLP requireshigh performance
computationalfacilitiesto approachacceptablethroughput.

It is now not uncommonto �nd referencesto NLP re-
searchwhichis unableto becompletedowing to thebounds
of thecomputationalef�ciency of traditionalserialisedpro-
cessing. An excellent example is provided by Salomon
et. al. [15] who posit that for the exhaustive combinatori-
cal traversalof themulti-dimensionalspacerepresentedby
speechphonesin a corpus,an estimated6 yearsof CPU
timewouldberequiredto completethetask.Thisconstraint
is notuncommonin NLP asawhole.

NLP researchis increasinglyempirical in orientation,
andwith sucha data-intensiveapproach,theneedfor com-
putationalgainsis reinforced.Many algorithmswithin NLP
have not beentestedfor scalingover large datasets;nor

have the boundsof many algorithmsbeenquanti�ed. As
suchresearchbecomesmorepressing,so to doestheneed
for new modelsof computationwhich allow collaborative,
distributed,data-intensiveresearch.

Hencethe motivation for NLP researchersto consider
thegrid computingparadigmis obvious. Thenaturalaf�n-
ity betweensegmentedcorporaprevalent in NLP and the
parallelexecutionmodesupportedby thegrid modelarebe-
ginningto beexploited. Thepotentialfor grid-enabledpa-
rametersweepapplicationsto enablecommontaskssuchas
languagemodelling[14] andword-frequency counting[14]
is beginning to be recognisedwithin the discipline. The
�eld is seekingnew enablementmodelsfor data-intensive
experimentswhich both allow existing techniquesto be
evaluatedas to their accuracy andef�ciency, and for new
techniquesto bedevelopedto revealnew aspectsof thesys-
temof humanlanguage.

3 RelatedWork

The work reportedhere is derivative of two distinct
streamsof research,onewithin thegrid computingdomain,
andtheotherwithin NLP.

Grid and web servicetechnologieshave beenapplied
successfullyin many scienti�c andbusinessdomains.Some
examplesarehigh energy physics[3], astronomy[24] pro-
tein aggregation simulation [23] and medical imagepro-
cessing[16]. Grid resourcebrokersprovide anabstraction
from the complexity of grids by undertakingtasksfor re-
sourcediscovery, job scheduling,executionandmonitoring
andjob outputretrievalamongothers.Nimrod-G[4] is such
a Grid resourcebroker which follows theparameter-sweep
modelof Grid execution,i.e.,executinganapplicationover
a combinatorialrangeof valuesin its parameterspace. It
hasbeenusedin grid-enablingscienti�c applicationssuch
asmodellingof chemicalprocesses[17], drugdiscovery[5]
and brain activity analysis[6]. The Gridbus broker [22]
extendsthis well-known modelto executedistributeddata-
intensive applications.As will beshown later, theGridbus
brokerusesa nativeXML formatfor input whichwould be
invaluablefor de�ning futureNLP-speci�c schemas.Here
we usetheGridbusbroker to grid-enablethenewswire in-
dexing application.

NLP sharessomecommoncharacteristicswith theafore-
mentionedapplications- namelylarge collectionsof data
and the requirementfor huge amountsof computational
power to processthis data. However, most of the above
applicationsare numerically-orientedand the size of the
datahasa direct relationshipwith the amountof comput-
ing power required. Within NLP, aswe have notedin our
observations,this maynotbethecase.

The bene�ts offeredby computationalgrids areslowly
being realisedwithin the NLP community. A review of
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a numberof recentcontributionsfollows. Curran[7] pro-
videdanoverview of thearchitectureof ahighperformance
computationenvironmentfor NLP generally, and speci�-
cally for languagelearningtasks. Hughesand Bird [13]
proposedacloserintegrationbetweennaturallanguagepro-
cessingapproachesandthebroker-mediatedcomputational
grid environment. Furthermore,HughesandBird [12] re-
�ned andproposedan XML-grounded,work�o w oriented
uppermiddleware layer which provides easeof interface
with grid brokeringservices.Morerecently, Tamburini [18]
providedfurtherevidenceasto theutility of computational
grids for NLP as a methodfor distributed corporacolla-
tion. Finally, empiricalexperimentshave beenconducted
by Hughesetal [14] showing thesigni�cant bene�t of com-
putationalgrids in data-intensivenaturallanguageprocess-
ing.

In both the computationalgrid and NLP domainsthe
convergentthemesof researcharethatwheretheboundsof
computationalef�ciency have beenmet or exceeded,ease
of acccessto computationalresourcescan facilitate new
typesof analysis. Additionally we proposethat the natu-
ral af�nity of segmentedlarge corporaresourcesprevalent
in natural languageprocessingwith the data-orientedap-
proachto grid-basedcomputationoffer a compellingsolu-
tion which will enablecooperative, data-intensive, natural
languageprocessingresearch.

4 Ar chitecture

Figure1 shows thehigh-level architecturethathasbeen
usedin conductingthisexperiment.

The newswire corporaarearchived andarestoredin a
repository. Thisrepositoryis thenmadeavailableto thegrid
throughstandarddatatransferprotocolssuchas GSIFTP.
Thenaturallanguageprocessingapplicationis decomposed
asa parameter-sweepapplicationusingthe naturalcorpus
segmentation.Theparameterisationis thenencodedasin-
put to thegrid resourcebroker. Thebrokerdiscoversavail-
able computationalresources,createsa job scheduleand
dispatchesjobsto remoteresourcesfor execution.Thebro-
ker monitorsthedispatchedjobs andretrievestheir output
aftercompletion.At theendof theexecutionphase,theout-
put of all the jobs is collatedandpost-processedto obtain
the�nal results.

Thenext four subsectionsconsidereachof thesephases
in greaterdetail.

4.1 NLP Corpora

Typically a newswireserviceis a dedicatedfeedof sto-
ries from a larger news agency suchas Reutersor AAP,
which is provided to smallercontentaggregatorsfor syn-
dication.Newswirecontentis primarily receivedvia a ded-

Figure 1. High­Le vel Architecture

icatedsubscriptioncircuit suchasa leasedline or satellite
service.

The corpususedin this experimentis the English Gi-
gaword Corpus[10] from theLinguistic DataConsortium.
This corpusis a collectionof four internationalsourcesof
Englishnewswire,from AgenceFrancePressEnglishSer-
vice (afe), AssociatedPressWorldstreamEnglishService
(apw), The New York TimesNewswire Service(nyt), and
TheXinhuaNewsAgency EnglishService(xie).

LDC English Gigaword Corpus

Source Files Mb-gzip Mb M-words M-docs
afe 44 417 1,216 171 .656
apw 91 1,213 3,647 540 1.48
nyt 96 2,104 5,906 914 1.30
xie 83 320 940 132 .679
TOTAL 314 4,054 11,709 1,757 4.11

Newswire contentis essentiallya continuousstreamof
text with little internalstructure.In electronicform, thema-
jority of newswire servicesare provided in basicSGML.
Newswire contentis relatively error free, but may contain
occasionaltransmissionor humanerrors. Newswire ser-
vices themselves vary betweenstream-basedand chunk-
baseddeliverymodes- realtimestream-basedservicesdon't
have much structuraldifferentiation, whilst chunk-based
serviceshavebettergroupingof contentanddelineationbe-
tweencontenttypes.
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Within newswire contentthere is inherentduplication
- transmissionsare repeated,sometimeswith minor alter-
ationsas storieschange,or sometimesexact copies,de-
pendingon the delivery modeandeditorial processof the
sourceagency. Furthermore,thestyleof thenewswiremay
vary basedon orientationof the supplier(eg of�cial gov-
ernmentinformation sourcesvs independentcommercial
news operations). Another complicationis that in some
casesnewswire servicesare multilingual, providing mul-
tiple translationsof eachstory, thusinterleaving linguistic
variationalongwith structuralcomplexity.

4.2 Indexing Application

The overall purposeof the application is to createa
queryindex for thenewswirecorpus,which will allow ef-
�cient key phrasesearchand retrieval operationsto iden-
tify sectionsof interestwithin the overall corpus. Given
that newswire is natively a stream-baseddatasourcewith
only incidentalinternalindexing, thecreationof sucha ref-
erenceindex canonly be achievedby processingthe indi-
vidual corpussegmentsandaggregatingthe resultsinto a
masterindex. Thus,thetaskof the indexing applicationit-
self is to constructextractthemostpertinentkey phrasesfor
eachstory, andconstructaninvertedindex whichreferences
two-word sequencesagainstlocationsin theraw newswire
corpus. The index itself can then be queriedby external
parties,andprovidesKey-Word-in-Context-styleoutputto-
getherwith documentidenti�er andtheheadlinefrom each
storyrelevantto thequery.

While newswirecontentis dividedinto 4 maincategories
(story, multi, other, advis), it is only the story category
(which containsactualnarrative content)which is in focus
here.Theothercategoriesaresigni�cantly arti�cial in their
constructionandarenot designedfor averagehumancon-
sumption,but arerathercodi�cationsfor newseditors.

For thepurposesof grid-enablingtheapplication,thein-
dexing applicationhasbeendecomposedinto threedistinct
partsfrom theoriginal serialisedversion.Certainmodi�ca-
tions wereinevitable given the requirementthat the appli-
cationbedynamicallyparameterisedat run timeratherthan
makingalinearpassthroughthedata,howevertheindexing
taskis essentiallythesame.

4.3 Gridb usBroker and Parameterisation

TheGridbusbrokeris ableto makeschedulingdecisions
on whereto placethe jobs on the Grid dependingon the
computationalresourcescharacteristics(suchasavailabil-
ity, capability, and cost), the user's quality-of-servicere-
quirementssuchasthedeadlineandbudget,andtheprox-
imity of the requireddataor its replicasto the computa-
tional resources.However, for this experiment,we have

conductedstudiesusinga simpleadaptive schedulingpol-
icy with loadbalancing,astheexperimentoutputis simply
anaggregateof all jobs,andall thesourcedatais distributed
from thecentralnodeat runtime.

Theentireindexing applicationconsistsof 3 stages.The
�rst part,executedon thebrokerhost,derivestheexecution
parametersfor a givencorpussegment,conductinga linear
passthroughall segmentsof the corpus,andcreatesa job
tarball containingthe indexing script supplementedby the
parametersdynamicallydeterminedfrom the sweep. The
secondpart, which is distributed, grid-enabledand man-
agedby the broker, involves the executionof the index-
ing applicationon eachcorpussegment. The job tarball
is uncompressed,the indexing script executedon the cor-
pussegment,resultsobtainedandtransferredto thebroker
host,andcleanupperformed. The third part, executedon
thebrokerhost,collatestheoutputof theindividualcorpus
segments,andaggregatestheminto two indices- one for
eachcorpus,andonefor thewholecorpus.

A sampleplan �le for theexecutionstage,modelledaf-
terNimrod-G'sdeclarativeprogramminglanguage[1], and
expressedin thenative XML formatacceptedby theGrid-
bus broker is shown in Figure2. The division of the cor-
pora into archivesbasedon monthsandyearslendsitself
easilyto parameterisation.The arch parameterselectsthe
corpusonwhich theindexing is to bedone.Thisparameter
canbe variedto selecta singlecorpusor multiple corpora
for simultaneousanalysis. The other parametersareself-
explanatory. By default, the parameterizationprocesscre-
atesjobobjectswithin thebrokerbasedonthecross-product
of all the valuesof all de�ned parameters. This causes
problemsfor analysisof discontinouscorporain which the
newswire archivesof certainmonthsor yearsmay not be
present,thusneedlesslycausingthefailureof jobsbasedon
themissingarchives.To avoid this condition,in thecurrent
experiments,wewereforcedto overridetheplan�le analy-
sisby creatingtheparametercollectionsoutsidethebroker
andproviding theseas the input for cross-production.In
future work, we plan to restrict the parametervaluecom-
binationsby introducinguser-de�ned validationconditions
for parametervaluesets.

4.4 Grid Infrastructur e

Figure3 showstheGrid testbedusedin ourexperiments.
We have deployed the applicationon a subsetof the re-
sourcesthat are part of the Belle Analysis Data Grid [2]
testbed,setupin collaborationwith IBM, andaclusteratthe
Victorian Partnershipfor AdvancedComputing(VPAC).
The nodeswereconnectedby GrangeNet(Grid andNext
GenerationNetwork) [11], amulti-gigabitnetwork support-
ing grid and advancedcommunicationsservicesbetween
academicinstitutionsacrossAustralia. Thebroker wasde-
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  <parameter> 
     <name> year</name> 
     <domain> <range> <from> 1994</from> <to> 2002</to>  <step> 1 </step> </range> </domain>
  </parameter>
  <parameter>
     <name> month</name>
     <domain><range><from> 1</from><to>12</to><step>1</step></range></domain>
  </parameter>
  <parameter>
      <name>arch</name>
      <domain> 
        <select_anyof> <text>
           <value_list> afe apw nyt xie</value_list>
           <default>afe apw nyt xie</default></text>
         </select_anyof></domain>
  </parameter>
  <task> 
      <type> main</type>
      <copy>
         <source> <location> <nospec/> </location> <file>$arch/jobs/$arch$year$month.job.tar.gz</file> </source>
         <destination><location><node/></location><file> $arch$year$month.job.tar.gz</file></destination>
      </copy>
      <execute> 
        <location> <node/> </location> 
        <command> gunzip $arch$year$month.job.tar.gz</command>
      </execute>
      <execute>
        <location><node/></location>
        <command> tar -xvf $arch$year$month.job.tar</command>
       </execute>
       <execute>
         <location><node/></location>
         <command>./$arch$year$month.index.sh</command>
       </execute>
       <copy>
          <source><location><node/></location><file>$arch-out.docids+head</file></source>
          <destination><location><nospec/></location><file>output/$arch-out.docids+head.$month.$year</file></destina
tion>
       </copy>
    </task>
 </plan>

Figure 2. Parameter ­sweep speci�cation �le for NLP task

Grid 
Service 
Broker

Analysis Request

Analysis Results

ANU, Canberra

GridFTP

Dual Intel Xeon 2.8 Ghz, 2GB RAM

Globus
Gatekeeper

GRIS

Dept. of Physics,
University of Sydney

GridFTP

Dual Intel Xeon 2.8 Ghz, 2GB RAM,

Globus
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GRIS

VPAC, Melbourne 
Cluster (Only Head Node Used)

GridFTP

 Intel Xeon 2.8 Ghz, 2GB RAM

Globus
Gatekeeper

GRIS

GRIDS Lab, 
University of Melbourne

GridFTP

Dual Intel Xeon 2.8 Ghz, 2GB RAM

Globus
Gatekeeper

GRIS

Figure 3. The testbed used for NLP experiments
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ployedon theMelbourneGRIDSLabmachinefrom where
jobsweredispatchedto theothernodesat runtime.

All thenodeswererunningGlobus2.4.2[8] which pro-
videdservicesfor job submissionandmonitoring. The�le
transferwasdonethroughGSIFTPandGlobusGASS.

5 Experimental Results

It canbe seenfrom the resultsbelow that a signi�cant
performanceimprovementwasobtainedby executingthis
task in parallel on an Australian computationalgrid de-
scribedin the previous section,comparedto executionin
serialona singlenode.

First we considertheelapsedtime takenfor thetwo dif-
ferentmodesof computationascan be seenin the tables
below.

ElapsedTime (Seconds)- CentralisedMode

Job.Gen Job.Exec Job.Collate Total
afe 79 1,863 18 1,960
apw 330 3,777 44 4,151
nyt 576 4,003 42 4,621
xie 62 3,407 20 3,489
Total 1,047 13,050 144 14,221

ElapsedTime (Seconds)- Distrib uted Mode

Job.Gen Job.Exec Job.Collate Total
afe 79 834 18 931
apw 330 1,438 44 1,812
nyt 576 1,907 42 2,525
xie 62 937 20 1,019
Total 1,047 5,116 144 6,287

In the�gures above,it shouldbeobservedthatonly cer-
tain partsof the applicationwereactuallyexecutedon the
computationalgrid, namelythe indexing phase. The pre-
andpost-processingpartswereexecutedin serial in both
the centralisedanddistributedmodes,owing to their pro-
portionallysmallercomputationalrequirements.

Comparingresultsfor the elapsedtime metric, the per-
formance improvement on a per corpus segment basis
rangedfrom 1:2.10xfor afe,1:2.29for apw, 1:1.83xfor nyt,
1:3.42for xie; with anaveragepersegmentimprovementof
1:2.41x.Overallwereportawholecorpusperformanceim-
provementof 1:2.26x.

Next weconsideraderivedmetric,wordspersecond,for
thetwo differentmodesof computation,in thetablesbelow.

Words Processedper Second- CentralisedMode

Words Time (Sec) Words/Sec
afe 170,969,000 1,960 87,229
apw 539,665,000 4,151 130,008
nyt 914,159,000 4,621 197,827
xie 131,711,000 3,489 37,750
Total 1,756,504,00014,221 123,514

Words Processedper Second- Distrib uted Mode

Words Time (Sec) Words/Sec
afe 170,969,000 931 183,640
apw 539,665,000 1,812 297,828
nyt 914,159,000 2,525 362,043
xie 131,711,000 1,019 129,255
Total 1,756,504,0005,116 343,335

Comparingresultsfor thewordsper secondmetric, the
performanceimprovementon a per corpussegmentbasis
rangedfrom 1:2.10xfor afe,1:2.29for apw, 1:1.83xfor nyt,
1:3.42for xie; with an averageper segmentimprovement
of 1:2.41x. Overall we reporta wholecorpusperformance
improvementof 1:2.26x.

In both the elapsedtime metric andthe wordsper sec-
ondmetric we observe a performanceimprovementwhich
is signi�cantly lessthanlinearwhencomparedto thenum-
ber of CPUsusedfor execution. While we do seean im-
provementin overall performance,the comparative ratios
are1:2.26for elapsedtime and/orwordspersecond,asop-
posedto 1:3.5 for the numberof CPUsutilised. In part
this indicatesthat thetaskitself is not CPUboundsomuch
asI/O bound. Anotherimportantpoint hereis that in dis-
tributedmode,thebandwidthlatency factoris muchhigher
and is derived from the averagebetweenthe broker and
all nodesrather than betweenthe broker and any single
node. However, the raw performanceimprovementis sig-
ni�cant enoughto warrantfurtheroptimisation(eg adaptive
scheduling)of the applicationinstance. An improvement
of 2.26xmayrepresentin aggregateapplicationcontexts a
signi�cant performancegainandshouldnot be discounted
simplybecauseit is not linear.

Our otherobservationsbasedon theseresultsarefour-
fold. First, if wederiveapernodeaverageof thewordsper
secondmetric for the 4-nodegrid executioninstance,we
canseethattheaveragethroughputpernodeis signi�cantly
lessin distributedmode(85,833wordspersecond)thanin
centralisedmode(123,514wordsper second).While it is
not immediatelyclearasto the origin of this performance
degradation,we canposit two viable reasonsfor it: 1) the
non-symmetricalnatureof thenodeson thecomputational
grid in termsof the numberof CPUsand2) the impactof
overlappingjobsasdispatchedby thebroker. Second,there
is a signi�cant variationin thewordspersecondmetricbe-
tweencorpussegments.This canbe accountedfor by the
previously mentionedvariabledistribution of the itemsof
interestwithin acorpus,namely, thoseof typestoryin rela-
tion to othertypes.

Third wecanconsiderthecomparativejobexecutionrate
for the distributedvs centralizedsegmentof the indexing
task(sincethat is theonly point which differsbetweenthe
two experiments).We canobservefrom thatoverall theex-
ecutiontime is muchshorterunderdistributedmodewhen
comparedto centralizedmode. This is to be expected,as
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Figure 4. Comparative Job Completion

in distributedmodethereareagreaternumberof jobscom-
pletedperunit timebasedonparallelisation.

Fourth, and �nally , from Figure 5 we can seethat the
Gridbus broker distributed the individual jobs relatively
evenly acrossthelifetime of theexperiment.Oneanomaly
is that the hostbrecca2.vpac.org only receiveda relatively
small numberof jobs in the afe corpusanalysis. We can
attribute this anomalyto two factors:1) thehostitself has
only asingleCPU,ratherthanadualCPUarchitecture,and
thus broker-detectedmetricsas to the overall load on the
machinewouldbeimpacted;and2) thebandwidthbetween
thebroker hostandthis particularcomputationalnodewas
in factthemostvariable.

6 Observations

A numberof interestinggeneralobservationscannow be
made.

In commonwith the �ndings in a numberof otherdo-
mains,not all tasksin naturallanguageprocessingareripe
for parallelisation.Wecanseefrom theresultsthatalthough
not all aspectsof theapplicationaregrid-enabled,thetime
elapsedin pre- and post-processingis insigni�cant com-
paredto the time taken to actually index the corpusseg-
ments.Hencetherewould belittle bene�t gainedfrom dis-
tributing thesepartsof the overall application- in fact the
timerequiredto distributethemwouldsurpassthecomputa-
tion time thusrenderingsuchefforts inherentlyinef�cient.

We also note that the naturalsegmentationof corpora
is an importantfactor in reviewing performancegains- it
appearsthatagreaterproportionalspeedupis gainedin cor-
porawhichhave fewerbut larger�les (eg xie, with 1:3.42),
thanin thosewhichhavemorebut smaller�les (eg nyt, with
1:1.83. This is possiblycounter-intutive to a fundamental
tenetof parallelcomputing,that a greaterdegreeof paral-
lelisationshouldresultin greaterperformance.

Furthermore,we notethat the typologyof corporacon-
tent is an important factor. Sincewe only processitems

of type story, then the relative numberof theseitems in
relationto all other itemsin a corpussegmentcanimpact
performance,within eachsegmentwe areessentiallycon-
ductinga linearpassto �nd suchdatainstances.

It is alsointerestingto notethatmuchof theprocessing
within this experimentrequiredtransferof the segmented
archivesfrom thebroker hostto thecomputeresources.It
is possibleto gain improved performanceby minimising
the data transfertime, althoughin this particular case,a
highbandwidthconnectionbetweenall sitesdoesmeanthat
a relatively small amountof optimisationcould be gained
in this fashion. In the immediatefuture, we would like
to apply data-orientedscheduling,i.e., schedulingtaking
into accountbandwidthconsiderationsandtherelative size
of eachjob, into this domainandcontrastits performance
with thecomputationalschedulingto measurethebene�ts
gainedandto establishtheminimumI/O:computationratio
requiredfor any ef�ciency gain.

7 Conclusionand Future Work

In thispaperwehaveshown theadaptationof aNLP ap-
plication,an indexer for newswire sources,to be executed
on a computationalgrid. Theinput datasourceis naturally
segmented,allowing theapplicationto beeasilyparameter-
ized,andthusdeployed. It canbeseenfrom theresultsre-
portedthatthereis aclearperformancebene�t in executing
this NLP applicationonacomputationalgrid.

However, much work is requiredbeforegrid solutions
canbe appliedwithin theNLP domainon a daily basisby
ordinaryresearchers.A largenumberof NLP applications
canbeconstruedasonly requiringgrid-basedanalysisat a
singlepoint in theoverall work�o w. Thus,thereis a need
for integrationof servicesprovidedby grid brokerswithin
commonNLP applicationframeworks. We note that al-
readythis work hasbegunin thecontext of theAnnotation
GraphToolkit [19] andtheNaturalLanguageToolkit [20].
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