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Abstract

In this paperwereportexperiencen theuseof computa-
tional grids in the domainof natural language processing
particularly in the area of information extraction, to cre-
atequeryindicesfor informationretrieval tasks.Giventhe
prevalenceof large corpora in the natural language pro-
cessinglomain,computationagrids offer signi cant utility
to reseachers in the domainwho are reading the bounds
of computationalefciency. We leverage the af nities be-
tweenthe sggmentediata sourcesprevalentin natural lan-
guage processingand the parallelisation modelfrom the
grid domain.Theexperimentreportedhere is a large-scale
newswire corpusindexing task, with the goal to ef ciently
createa queryableindex of the entire corpus.By parallelis-
ing theindexingtaskandexecutingit onan Australian com-
putationalgrid, we observeoverall performancamprove-
mentof a 2.26xspeeduver thesameexperimenbona sin-
gle computationalnode In addition to reporting the raw
performancdampact,we re ect on a numberof interesting
points discovered during the executionof the experiments
andproposea numberof new requirementgor grid middle-
ware,

1 Intr oduction

Grid computing[9] enableghe sharingandaggreyation
of geographicallyistributedhigh-endcomputersnetworks
anddatabasefor solving large-scaleproblemsin science,
engineeringandcommerce By enablingaccesgo compu-
tationalresourcesgdatacollectionsand remoteinstrumen-
tation, grid computinghasencouragedymbiosisbetween
variouscomplimentarydomainsin the pursuitof common
goals. The potentialfor collaborationhassparled interest
in grid computingwithin diverseareassuchashigh-enegy
physics,molecularbiology and naturallanguageprocess-
ing. Grids aretherefore,emeging asthe computingplat-
form of choicefor the next generatiorof large-scalescien-
ti ¢ researchalsosometimesalledeSciencg21].

The naturallanguageprocessindNLP) domainin focus
hereis a broaddiscipline. One commonfeatureacrossdi-
verseNLP researchs the useof large, collatedcorpora,or
collectionsof naturally-occurrindhumanlanguagen writ-
ten and/orspolenforms. In mary areasNLP hasa long
history of computationalinnovation; and increasingly is
reachingheboundsof computationaéf ciency. ThusNLP
researcherarebeginningto seeknew approacheto large-
scaleanalysisof humanlanguagedata.

In the experimentdescribedhere, we processa text-
basedroadcashensmediacorporaandderiveaqueryable
index for informationretrieval tasks. Newswire is a com-
mon datatype, provided by large news agenciesand de-
signed for a contentsyndicationby smaller publishers.
Newswirecontentis essentiallya continuousstreamof text
with little internal structure,inheritedfrom earlierimple-
mentationswhere telegraph and serial line printers were
usedto receve the data. In electronicform, the majority
of newswireservicesareprovidedin basicStandardsener
alizedMarkupLanguaggSGML).

Newswire is internally indexed by the use of seriesof
codedtagscalled “slugs'. However, owing to its stream-
basedhature externalindicessuchasthoserequiredfor ef-
cient queryingarenotavailableby default. For researclon
the contentof newswire corpora,suchindicesarerequired
to be manuallyconstructed The compleity of suchanin-
dexing taskincrease®xponentiallywith theincreasedsol-
ume of newswire sources.An ef cient indexing approach
would Iter the newswire sourceshy contenttype, extract
themostpertinentkey phrasedor eachstory, andconstruct
aninvertedindex whichreferencephrasesgainstocations
in theraw newswire corpus.

Sincethenewswirecorpusis naturallysegmentedparal-
lelisationof the indexing processs a corvenientapproach
to adopt.Herewe usethe naturaldivisionsin the newvswire
corpusasthe basisfor parallelisationdistributing andexe-
cutingtheindex creationapplicationacross computational
grid, andaggreatingthe resultsinto a singlemasterindex.
We shav comparatie resultsfor the sameprocesonasin-
gle computationahodeandonanAustraliancomputational



grid, and nd thereare,asto be expected,signi cant per
formancegainsfrom this modeof exection.

Theremainderof this paperis organizedasfollows: we
commenceby providing a brief overview of the motiva-
tionsfor approachingomputationagrids from within nat-
urallanguageengineeringapplicationdomain.We consider
relatedwork in boththe grid andnaturallanguageprocess-
ing communities. Next we describethe architecture data
set,application,grid interface,andgrid infrastructureused
in the experiment. Our resultsare reportedand evaluated,
followed by somegeneralobsenationsaboutthe domain
speci ¢ featureawhich impacton the ef ciency of widely-
adoptedcomputationabrid models.Finally, we describea
numberof directionsfor futurework.

2 Motivation

The motivation for NLP researcherto adoptcomputa-
tional modelssuchasdistributed, grid andclustercomput-
ing maynotappeaobviousat rst glance.However, evena
cursoryreview of typical computationabpproachegreva-
lent within NLP indicate a strong af nity for suchtech-
nigues.

NLP applicationsaretypically constructedrom a num-
ber of processingcomponentseachresponsibldor a spe-
cializedtask. Typical components$nclude speectrecogni-
tion, tagging entity detectionanaphoraesolution parsing,
etc. Eachcomponents heavily parameterizedndmustbe
trainedon very large datasetsDiscovering optimal param-
eterizationss bothdata-andprocessointensie. Building
comple applicationssuchasspolendialoguesystemsde-
pendson identifying and integrating suitablecomponents
oftenfrom arangeof sources.

In additionto heary parameterisatiom\LP alsomakes
signi cant useof very large collectionsof humanlanguage
data.Text corporaof morethanabillion wordsareincreas-
ingly common, and multimodal corporaof thousandsof
hoursof speecharebeingactively curated Froma datapro-
cessingperspectie alone,NLP requireshigh performance
computationafacilitiesto approactacceptabléhroughput.

It is now not uncommonto nd referencego NLP re-
searctwhichis unableto becompletedwing to thebounds
of thecomputationaéf ciency of traditionalserialisedoro-
cessing. An excellent exampleis provided by Salomon
et. al. [15] who positthat for the exhaustve combinatori-
cal traversalof the multi-dimensionakpacerepresentethy
speechphonesin a corpus,an estimated6 yearsof CPU
timewould berequiredto completethetask. This constraint
is notuncommorin NLP asawhole.

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

have the boundsof mary algorithmsbeenquanti ed. As
suchresearctbecomesnore pressingsoto doesthe need
for new modelsof computatiorwhich allow collaboratve,
distributed,data-intensie research.

Hencethe motivation for NLP researcherso consider
the grid computingparadigmis obvious. The naturalaf n-
ity betweensegmentedcorporaprevalentin NLP and the
parallelexecutionmodesupportedy thegrid modelarebe-
ginningto be exploited. The potentialfor grid-enabledba-
rameteisweepapplicationdo enablecommontaskssuchas
languagemodelling[14] andword-frequeng counting[14]
is beginning to be recognisedwithin the discipline. The
eld is seekingnew enablementmodelsfor data-intensie
experimentswhich both allow existing techniquesto be
evaluatedasto their accurag andef ciency, andfor new
techniquego bedevelopedto revealnew aspect®f thesys-
temof humanlanguage.

3 RelatedWork

The work reportedhere is derivative of two distinct
stream®f researchpnewithin thegrid computingdomain,
andthe otherwithin NLP.

Grid and web servicetechnologieshave beenapplied
successfullyn mary scienti ¢ andbusinessiomains.Some
examplesarehigh enegy physics[3], astronomy[24] pro-
tein aggreyation simulation[23] and medicalimage pro-
cessing16]. Grid resourcebrokersprovide anabstraction
from the compleity of grids by undertakingtasksfor re-
sourcediscovery, job schedulingexecutionandmonitoring
andjob outputretrievalamongothers.Nimrod-G[4] is such
a Grid resourcebroker which follows the parametesweep
modelof Grid execution,i.e., executinganapplicationover
a combinatorialrangeof valuesin its parametespace. It
hasbeenusedin grid-enablingscienti ¢ applicationssuch
asmodellingof chemicalprocessefl7], drugdiscovery[5]
and brain activity analysis[6]. The Gridbus broker [22]
extendsthis well-known modelto executedistributeddata-
intensive applications.As will be shawn later, the Gridbus
brokerusesa native XML formatfor inputwhich would be
invaluablefor de ning future NLP-speci c schemasHere
we usethe Gridbus broker to grid-enablethe newvswire in-
dexing application.

NLP sharesomecommoncharacteristicwith 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
obsenations this maynotbethecase.

The bene ts offered by computationalgrids are slowly
being realisedwithin the NLP community A review of



a numberof recentcontributionsfollows. Curran[7] pro-
videdanoverview of thearchitecturef ahigh performance
computationervironmentfor NLP generally and speci -
cally for languagelearningtasks. Hughesand Bird [13]
proposedhcloserintegrationbetweematurallanguagero-
cessingapproacheandthe brokermediateccomputational
grid environment. FurthermoreHughesandBird [12] re-
ned andproposedan XML-grounded,work o w oriented
upper middleware layer which provides easeof interface
with grid brokeringservicesMore recently Tamhurini [18]
providedfurtherevidenceasto the utility of computational
grids for NLP as a methodfor distributed corporacolla-
tion. Finally, empirical experimentshave beenconducted
by Hughesetal [14] shaving thesigni cant bene t of com-
putationalgridsin data-intensie naturallanguageprocess-
ing.

In both the computationalgrid and NLP domainsthe
convergentthemesof researctarethatwherethe boundsof
computationakf ciency have beenmetor exceededgase
of acccesgo computationalresourcescan facilitate new
typesof analysis. Additionally we proposethat the natu-
ral af nity of segmentedarge corporaresourceprevalent
in naturallanguageprocessingwith the data-orientedap-
proachto grid-basecdcomputationoffer a compellingsolu-
tion which will enablecooperatie, data-intensie, natural
languageprocessingesearch.

4 Architecture

Figurel shows the high-level architecturghathasbeen
usedin conductingthis experiment.

The newswire corporaare archived and are storedin a
repository Thisrepositoryis thenmadeavailableto thegrid
through standarddatatransferprotocolssuchas GSIFTP
Thenaturallanguagerocessin@pplicationis decomposed
asa parametessweepapplicationusing the naturalcorpus
segmentation.The parameterisatiors thenencodedasin-
putto the grid resourcebroker. The broker discoversavail-
able computationalresourcesgcreatesa job scheduleand
dispatchegobsto remoteresources$or execution.The bro-
ker monitorsthe dispatchedobs andretrievestheir output
aftercompletion.At theendof theexecutionphasetheout-
put of all the jobs s collatedand post-processetb obtain
the nal results.

The next four subsectionsonsidereachof thesephases
in greaterdetail.

4.1 NLP Corpora

Typically a newswire serviceis a dedicatedeed of sto-
ries from a larger news ageng suchas Reutersor AAP,
which is provided to smallercontentaggreyatorsfor syn-
dication.Newswire contentis primarily recevedvia a ded-
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Figure 1. High-Le vel Architecture

icatedsubscriptioncircuit suchasa leasedine or satellite
service.

The corpususedin this experimentis the English Gi-
gaword Corpus[10] from the Linguistic DataConsortium.
This corpusis a collectionof four internationalsourcesof
Englishnewswire,from AgenceFrancePressEnglishSer
vice (afe), AssociatedPressWorldstreamEnglish Service
(apw), The New York Times Newswire Service(nyt), and
The XinhuaNews Ageng/ 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.n electronicform, thema-
jority of newswire servicesare provided in basic SGML.
Newswire contentis relatively error free, but may contain
occasionaltransmissionor humanerrors. Newswire ser
vices themseles vary betweenstream-base@nd chunk-
basedieliverymodes realtimestream-baseservicesion't
have much structural differentiation, whilst chunk-based
serviceshave bettergroupingof contentanddelineatiorbe-
tweencontenttypes.



Within newswire contentthereis inherentduplication
- transmissiongre repeatedsometimeswith minor alter
ations as storieschange,or sometimesexact copies, de-
pendingon the delivery modeand editorial processof the
sourceageny. Furthermorethe style of the newswire may
vary basedon orientationof the supplier(eg of cial gov-
ernmentinformation sourcesvs independentommercial
news operations). Another complicationis that in some
casesnewswire servicesare multilingual, providing mul-
tiple translationsof eachstory, thusinterlearing linguistic
variationalongwith structuralcompleity.

4.2 Indexing Application

The overall purposeof the applicationis to createa
gueryindex for the newswire corpus,which will allow ef-
cient key phrasesearchandretrieval operationsto iden-
tify sectionsof interestwithin the overall corpus. Given
that newswire is natively a stream-basedatasourcewith
only incidentalinternalindexing, the creationof sucha ref-
erenceindex canonly be achiezed by processinghe indi-
vidual corpussggmentsand aggreatingthe resultsinto a
masterindex. Thus,thetaskof theindexing applicationit-
selfis to construcextractthemostpertinentkey phrasegor
eachstory, andconstructaninvertedindex whichreferences
two-word sequenceagainstiocationsin the raw nevswire
corpus. The index itself can thenbe queriedby external
parties,andprovidesKey-Word-in-Contet-style outputto-
getherwith documenidenti er andthe headlinefrom each
storyrelevantto thequery

While newvswirecontents dividedinto 4 maincatayories
(story, multi, other, advis), it is only the story cateyory
(which containsactualnarratize content)which is in focus
here.Theothercatayoriesaresigni cantly arti cial in their
constructionand are not designedor averagehumancon-
sumption but arerathercodi cationsfor news editors.

For thepurpose®f grid-enablinghe application thein-
dexing applicationhasbeendecomposedéhto threedistinct
partsfrom the original serialisedversion.Certainmodi ca-
tions wereinevitable given the requirementhat the appli-
cationbedynamicallyparameterisedtruntime ratherthan
makingalinearpasghroughthedata,howevertheindexing
taskis essentialljthe same.

4.3 GridbusBroker and Parameterisation

The Gridbusbrokeris ableto make schedulinglecisions
on whereto placethe jobs on the Grid dependingon the
computationakesourcesharacteristicg§suchas availabil-
ity, capability and cost), the users quality-of-servicere-
guirementssuchasthe deadlineandbudget,andthe prox-
imity of the requireddataor its replicasto the computa-
tional resources. However, for this experiment,we have

conductedstudiesusing a simple adaptve schedulingpol-
icy with load balancingasthe experimentoutputis simply
anaggreateof all jobs,andall thesourcedatais distributed
from thecentralnodeat runtime.

Theentireindexing applicationconsistf 3 stagesThe
rst part,executecdonthebrokerhost,derivesthe execution
parametersor a givencorpussegment,conductinga linear
passthroughall sggmentsof the corpus,andcreatesa job
tarball containingthe indexing script supplementedby the
parameterslynamicallydeterminedrom 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 uncompressedhe indexing script executedon the cor-
pussegment,resultsobtainedandtransferredo the broker
host, and cleanupperformed. The third part, executedon
thebroker host,collatesthe outputof theindividual corpus
segments,and aggreatestheminto two indices- one for
eachcorpus,andonefor thewhole corpus.

A sampleplan le for the executionstage modelledaf-
terNimrod-G'sdeclaratve programmindanguage[1], and
expressedn the native XML formatacceptedy the Grid-
bus broker is shavn in Figure2. The division of the cor-
porainto archivesbasedon monthsand yearslendsitself
easilyto parameterisationThe arch parameteselectsthe
corpusonwhich theindexing is to bedone.This parameter
canbe variedto selecta single corpusor multiple corpora
for simultaneousnalysis. The other parametersre self-
explanatory By default, the parameterizatioprocessre-
ategob objectswithin thebrokerbasednthecross-product
of all the valuesof all de ned parameters. This causes
problemsfor analysisof discontinouscorporain which the
newswire archives of certainmonthsor yearsmay not be
presentthusneedlesslyausinghefailure of jobsbasedn
themissingarchives. To avoid this condition,in thecurrent
experimentsye wereforcedto overridetheplan le analy-
sishby creatingthe parametecollectionsoutsidethe broker
and providing theseas the input for cross-production.In
future work, we plan to restrictthe parametewvalue com-
binationsby introducinguserde ned validationconditions
for parametevaluesets.

4.4 Grid Infrastructur e

Figure3 shavstheGrid testbedusedin our experiments.
We have deployed the applicationon a subsetof the re-
sourcesthat are part of the Belle Analysis Data Grid [2]
testbedsetupin collaboratiorwith IBM, andaclusteratthe
Victorian Partnershipfor AdvancedComputing (VPAC).
The nodeswere connectedby GrangeNet(Grid and Next
GeneratiorNetwork) [11], amulti-gigabitnetwork support-
ing grid and advancedcommunicationsservicesbetween
academidnstitutionsacrossAustralia. The broker wasde-



<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
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ployedonthe MelbourneGRIDS Lab machinefrom where
jobsweredispatchedo the othernodesat runtime.

All the nodeswererunningGlobus2.4.2[8] which pro-
vided servicedor job submissiorandmonitoring. The le
transferwasdonethroughGSIFTPandGlobusGASS.

5 Experimental Results

It canbe seenfrom the resultsbelow that a signi cant
performanceamprovementwas obtainedby executingthis
task in parallel on an Australian computationalgrid de-
scribedin the previous section,comparedto executionin
serialonasinglenode.

Firstwe considerthe elapsedime takenfor the two dif-
ferentmodesof computationas can be seenin the tables
below.

ElapsedTime (Seconds) Centralised Mode

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 shouldbe obseredthatonly cer
tain partsof the applicationwere actually executedon the
computationalgrid, namelythe indexing phase. The pre-
and post- processingpartswere executedin serialin both
the centralisedand distributed modes,owing to their pro-
portionally smallercomputationatequirements.

Comparingresultsfor the elapsedime metric, the per
formance improvementon a per corpus segment basis
rangedrom 1:2.10xfor afe,1:2.29for apw; 1:1.83xfor nyt,
1:3.42for xie; with anaveragepersggmentimprovemeniof
1:2.41x.0Overallwereportawhole corpusperformancem-
provementof 1:2.26x.

Next we consideraderivedmetric,wordspersecondfor
thetwo differentmodesof computationjn thetablesbelow.

Words Processeger Second- Centralised Mode
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 Processeger 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 the words per secondmetric, the
performancamprovementon a per corpussegmentbasis
rangedrom 1:2.10xfor afe,1:2.29%or apw 1:1.83xfor nyt,
1:3.42for xie; with an averageper sggmentimprovement
of 1:2.41x. Overall we reporta whole corpusperformance
improvementof 1:2.26x.

In both the elapsedime metric andthe words per sec-
ond metric we obsene a performancémprovementwhich
is signi cantly lessthanlinearwhencomparedo the num-
ber of CPUsusedfor execution. While we do seeanim-
provementin overall performancethe comparatie ratios
arel:2.26for elapsedime and/orwordspersecondasop-
posedto 1:3.5 for the numberof CPUsutilised. In part
this indicateghatthetaskitself is not CPUboundsomuch
asl/O bound. Anotherimportantpoint hereis thatin dis-
tributedmode the bandwidthlateng factoris muchhigher
and is derived from the averagebetweenthe broker and
all nodesratherthan betweenthe broker and ary single
node. However, the raw performanceémprovementis sig-
ni cant enoughto warrantfurtheroptimisation(eg adaptve
scheduling)of the applicationinstance. An improvement
of 2.26xmay representn aggrgateapplicationcontexts a
signi cant performancegain and shouldnot be discounted
simply becausét is notlinear.

Our otherobsenationsbasedon theseresultsare four-
fold. First, if we derive apernodeaverageof thewordsper
secondmetric for the 4-nodegrid executioninstance,we
canseethattheaveragethroughpupernodeis signi cantly
lessin distributedmode(85,833wordsper secondhanin
centralisednode(123,514words per second). While it is
not immediatelyclearasto the origin of this performance
degradationwe canposittwo viable reasondor it: 1) the
non-symmetricahatureof the nodeson the computational
grid in termsof the numberof CPUsand 2) the impactof
overlappingiobsasdispatchedy the broker. Secondthere
is a signi cant variationin thewordsper secondmetricbe-
tweencorpusseggments. This canbe accountedor by the
previously mentionedvariabledistribution of the items of
interestwithin a corpus,;namely thoseof typestoryin rela-
tion to othertypes.

Third we canconsidethecomparatiejob executionrate
for the distributed vs centralizedsegmentof the indexing
task(sincethatis the only point which differs betweerthe
two experiments) We canobsene from thatoverall the ex-
ecutiontime is muchshorterunderdistributedmodewhen
comparedo centralizedmode. This is to be expected,as



Figure 4. Comparative Job Completion

in distributedmodetherearea greatemumberof jobscom-
pletedperunit time basedon parallelisation.

Fourth, and nally, from Figure 5 we can seethat the
Gridbus broker distributed the individual jobs relatively
evenly acrosshelifetime of the experiment.Oneanomaly
is thatthe hostbrecca2.vpac.gronly receved a relatively
small numberof jobsin the afe corpusanalysis. We can
attribute this anomalyto two factors: 1) the hostitself has
only asingleCPU, ratherthanadualCPUarchitectureand
thus broker-detectedmetricsasto the overall load on the
machinewould beimpactedand?2) the bandwidthbetween
the broker hostandthis particularcomputationahodewas
in factthe mostvariable.

6 Obsewations

A numberof interestinggenerabbsenationscannow be
made.

In commonwith the ndings in a numberof other do-
mains,not all tasksin naturallanguageprocessingreripe
for parallelisationWe canseefrom theresultsthatalthough
not all aspectof the applicationaregrid-enabledthe time
elapsedn pre- and post-processings insigni cant com-
paredto the time taken to actually index the corpussey-
ments.Hencetherewould belittle bene t gainedfrom dis-
tributing thesepartsof the overall application- in factthe
timerequiredto distributethemwould surpasshecomputa-
tion time thusrenderingsucheffortsinherentlyinef cient.

We also note that the natural segmentationof corpora
is animportantfactorin reviewing performancegains- it
appearshatagreatemproportionalspeedujis gainedn cor
porawhich have fewer but larger les (eg xie, with 1:3.42),
thanin thosewhichhave morebut smaller les (eg nyt, with
1:1.83. This is possiblycounterintutive to a fundamental
tenetof parallelcomputing,that a greaterdegreeof paral-
lelisationshouldresultin greatemperformance.

Furthermorewe notethatthe typology of corporacon-
tentis animportantfactor Sincewe only processitems

of type story, thenthe relative numberof theseitemsin
relationto all otheritemsin a corpussegmentcanimpact
performancewithin eachsggmentwe are essentiallycon-
ductingalinearpassto nd suchdatainstances.

It is alsointerestingto notethatmuchof the processing
within this experimentrequiredtransferof the segmented
archivesfrom the broker hostto the computeresourcesit
is possibleto gain improved performanceby minimising
the datatransfertime, althoughin this particularcase,a
highbandwidthconnectiorbetweerall 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 accountandwidthconsiderationandtherelative size
of eachjob, into this domainand contrastits performance
with the computationakchedulingto measurghe bene ts
gainedandto establisithe minimum1/O:computatiorratio
requiredfor ary ef ciency gain.

7 Conclusionand Future Work

In this papemwe have shovn theadaptatiorof aNLP ap-
plication, anindexer for newswire sourcesto be executed
on acomputationagrid. Theinput datasourceis naturally
segmentedallowing the applicationto be easilyparameter
ized,andthusdeployed. It canbe seenfrom theresultsre-
portedthatthereis a clearperformancéene tin executing
this NLP applicationon acomputationagrid.

However, muchwork is requiredbeforegrid solutions
canbe appliedwithin the NLP domainon a daily basisby
ordinaryresearchersA large numberof NLP applications
canbe construedasonly requiringgrid-basedanalysisat a
singlepointin the overall work o w. Thus,thereis a need
for integrationof servicesprovided by grid brokerswithin
commonNLP applicationframevorks. We note that al-
readythis work hasbegunin the context of the Annotation
GraphToolkit [19] andthe NaturalLanguageToolkit [20].
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