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Abstract

DiscourseMarkers (DMs) are amongthe most popularcluesfor capturingdiscoursestructurefor NLP applications. However, they
suffer from inconsisteng andune/encoverage.In this papemwe presentX -TRACTOR, alanguage-independasystenfor automatically
extractingDMs from plain text. Seekinglow processing:ostandwide applicability we have tried to remainindependenbf ary hand-
craftedresourcesincluding annotateccorporaor NLP tools. Resultsof an applicationto Spanishpoint that this systemsucceedsn
finding nev DMs in corpusand rankingthem accordingto their likelihood asDMs. Moreover, dueto its modulararchitecture X -
TRACTOR evidencesthe specificcontritution of eachout of a numberof parameterso characteris®©Ms. Therefore this tool canbe
usednotonly for obtainingDM lexiconsfor heterogeneousurposesbut alsofor empirically delimiting the concepiof DM.

1. Motivation

The problemof capturingdiscoursestructurefor com-
plex NLP taskshasoftenbeenaddressetly exploiting sur
face cluesthat canyield a partial structureof discourse
(Marcu, 1997; Dale and Knott, 1995; Kim et al., 2000).
Cuephrasesuchasbecausegalthoughor in that case usu-
ally calledDiscourseMarkers(DMs), areamongthe most
popularof thesecluesbecausehey areboth highly infor-
mative of discoursestructureandhave a very low process-
ing cost.

However, they presentwo main shortcomingsincon-
sisteng in their characterisatioandunevencoverage.The
lack of consensusboutthe conceptof DM, both theo-
retically and for NLP applications,is the main causefor
thesetwo shortcomings.In this paper we will shov how
aknowledge-poomapproacho lexical acquisitionis useful
for addressingooth theseproblemsand providing partial
solutionsto them.

1.1. Delimitation of the conceptof DM

A generalconsensuiasnot beenachieved aboutthe
concepbf DM. Thesetof DMs in alanguagés notdelim-
ited, nor by intensionneitherby extension. But however
controversialDM characterisatiomaybe,thereis acoreof
well-defined prototypicalDMs uponwhich a high consen-
suscanbefoundin theliterature. By studyingthis lexicon
andthe behaiour of thelexical unitsit storesin naturally
occurringtext, DM characterisingeaturescanbe discov-
ered. Thesefeaturescan be appliedto corpusto obtain
lexical itemsthat are similar to the original ones. Apply-
ing bootstrapingechniquesthesenewly identified lexical
itemscanbeincorporatedo thelexicon andthis enhanced
lexicon canbe usedfor discoveringnew characterisindea-
tures. This processcanberepeatedintil the obtainedexi-
calitemsarenot consideredalid any more.

It may be arguedthatenlaging this startingsetimplies

makingit more controversial,by addingitems whosesta-
tus as DMs is questionable.However, being empirically
grounded,this enlagementis relatively unbiased,and it
yields an enhancemendf the conceptof DM that may be
usefulfor NLP applications.

Takingit to theextreme unendlesslgnhancinghecon-
ceptof DM implies that anything loosely signalling dis-
coursestructurewould be consideredasa DM. Although
this might soundabsolutelyundesirableit couldbe argued
that a numberof lexical items can be assigneda varying
degreeof marking strengthor markerhood. It would be
thenup to thehumanexpertto determinetheload of mark-
erhoodrequiredfor alexical itemto beconsidere& DM in
adeterminedheoreticaframavork or application.Lexical
acquisitioncanevidencetheload of discursve information
in every DM by evaluatingit accordingto the DM charac-
terisingfeaturesusedfor extraction.

1.2. Scalability and Portability of DM Resources

Work concernind®Ms hasbeenmainly theoreticaland
applicationdo NLP have beenmainly orientedto restricted
NLGeneratiorapplications So,DM resourcesf wide cov-
eragehave still to bebuilt. The usualapproactto building
DM resourcess fully manual. For example,DM lexicons
arebuilt by gatheringanddescribingDMs from corpusor
literatureon the subject,a very costly andtime-consuming
process.Moreover, dueto variability amonghumans DM
lexiconstendto suffer frominconsisteng in their extension
andintension.To inherenthumanvariability, onemustadd
thegeneralack of consensuabouttheappropriatecharac-
terisationof DMs for NLP. All this preventsreusabilityof
thesecostlyresources.

1By analogy with termhoodKageura and Umino, 1996),
which is the term usedin terminologyextractionto indicatethe
likelihoodthata term candidatds anactualterm,we have called
markerhoodthelikelihoodthata DM candidatds anactualDM.



As aresultof thefactthatDM resourcesrebuilt manu-
ally, they presentinevencoverageof theactualDMs in cor-
pus. More concretelywhenworking on previously unseen
text, it is quite probablethatit containsDMs thatarenotin
amanuallybuilt DM lexicon. Thisis agenerakhortcoming
of all knowledgethathasto be obtainedrom corpus,but it
becomesnorecritical with DMs, sincethey areverysparse
in comparisoro otherkindsof corpus-deredknowledge,
suchasterminology As follows, dueto the limitations of
humansalexiconbuilt by meremanualcorpusobsenation
will coveraverysmallnumberof all possibleDMs.

Therestof the paperis organisedasfollows. In Section
2., we presentthe architectureof the proposedextraction
system, X-TRACTOR, with examplesof an applicationof
this systemto acquiringa DM lexicon for discourse-based
automatedext summarisatiorin Spanish.In Section2 we
presentthe resultsobtainedfor this application,to finish
with conclusionsaandfuturedirections.

2. ProposedAr chitecture

Oneof the mainaimsof this systemis to be usefulfor
a variety of tasksor languages.Therefore,we have tried
to remainindependenbdf ary hand-craftedesourcesijn-
cluding annotatedexts or NLP tools. Following the line
of (Engehardand Pantera,1994), syntacticalinformation
is worked by way of patternsof functionwords,which are
finite andtherefordistable. This makesthe costof the sys-
tem quite low bothin termsof processingand humanre-
sources.

Focusing on adaptability the architecture of X-
TRACTOR is highly modular As canbeseenin Figurel, it
is basedn alanguage-independekérnelimplementedn
perlandanumberof moduleghatprovidelinguistic knowl-
edge.

The input to the systemis a startingDM lexicon and
a corpuswith no linguistic annotation.DM candidatesre
extractedfrom corpusby applyinglinguistic knowledgeto
it. Two kinds of knowledge can be distinguished: gen-
eral knowledgefrom the languageandthat obtainedfrom
astartingDM lexicon.

The DM extraction kernelworks in two phases:first,
a list of all might-be-DMsin the corpusis obtained,with
somecharacterisindeaturesaassociatedb it. A secondstep
consistsan rankingDM candidate$y theirlikelihoodto be
actualmarkers,or markerhood Thisrankedlist is validated
by a humanexpert, andactualDMs areintroducedin the
DM lexicon. This enhancedexicon canbethenre-usedas
inputfor thesystem.

In what follows we describethe different partsof X-
TRACTOR in detail.

2.1. Linguistic Knowledge

Two kinds of linguistic knowledge are distinguished:
generalandlexicon-specific. Generalknowledgeis stored
in two modules. One of them accountsfor the distribu-
tion of DMs in naturallyoccurringtext in theform of rules.
It is ratherlanguage-independarginceit exploits general
discursve propertiessuchasthe occurrencen discursvely
salientcontexts, like beginning of paragraphor sentence.

Thesecondnoduleis alist of stopwordsor functionwords
of thelanguagen use.

Lexicon-specificknowledgeis obtainedfrom the start-
ing DM lexicon. It alsoconsistsof two modules:onecon-
taining classesf words that constituteDMs and another
with therulesfor legally combiningtheseclasse®f words.
We arecurrentlyworkingin anautomatigorocesgo induce
theserulesfrom thegivenclasse®f wordsandthe DMs in
thelexicon.

In the applicationof this systemto Spanishwe started
with a SpanisiDM lexicon consistingof 577 DMs 2. Since
this lexicon s orientedto discourse-basei@xt summarisa-
tion, eachDM is associatedo information useful for the
task (seeTable 1), suchasrhetoric type We adaptedhe
systemso that someof this information could alsobe au-
tomaticallyextractedfor the humanexpertto validate. Re-
sults were excellentfor the featureof syntactictype and
very goodfor rhetorical contentandsegmentboundary

We transformedhis lexicon to the kind of knowledge
requiredby X-TRACTOR, andobtained6 classe®f words
(adwerbs prepositionscoordinatingconjunctionssubordi-
natingconjunctionspronounsandcontentwords),totalling
603 lexical items,and 102 rulesfor combiningthem. For
implementationthewordsarelistedandthey aretreatedby
pattern-matchinggndtherulesareexpressedn theform of
if - then- elseconditionson this pattern-matchingseeTa-
ble 2).

2.2. DM candidate extraction

DM candidatesare extracted by applying the above
mentionedinguistic knowledgeto plain text. SinceDMs
suffer from datasparsenesd, is necessaryo work with a
hugecorpusto obtaina relatively goodcharacterisationf
DMs. In the applicationto Spanishstringswereextracted
by atleastoneof thefollowing conditions:

e Salientlocationin textualstructure beginningof para-
graph,beginning of the sentencemarkedby punctua-
tion.

¢ Wordsthataretypical partsof DMs, suchasthosehav-
ing astrongrhetoricalcontent.thetoricalcontentypes
aresimilr to thosehandledn RST(MannandThomp-
son,1988).

¢ Word patternscombination®f functionwords,some-
timesalsocombinedwith DM-words.

2.3. Assessmenbf DM-candidate markerood

Onceall the possiblemight-be-DMsareobtainedfrom
corpus,they areponderatedsto their markerhood anda
rankedlist is built.

Differentkinds of informationaretakeninto accounto
assessarkerhood

e Frequency of occurrenceof the DM candidate
in corpus, normalised by its length in words
and exclusive of stopwords. Normalisation is
achieved by the function normalised frequency =
length - log(frequency).

2\We worked with 784 expandedforms correspondingo 577
basiccuephrases
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Figurel: Architectureof X-Tractor
DM boundary| syntactictype | rhetoricaltype | direction content
ademas notappl. adwerbial satellizer inclusion | reinforcement
apesarde strong preposition satellizer right concession
as que weak subordinating chainer right consequence
dadoque weak subordinating satellizer right enablement

Tablel: Sampleof the cuephrasdexicon

e Frequenyg of occurrencen discursively salient con- it contains.Thesewordsarelistedin oneof the mod-

text. Discursvely salientcontets are preferredoc-
currencdocationsfor DMs. This parametehasbeen
combinedwith DM classesnotivatedby clusteringin
(Alonsoetal., 2002).

Mutual Information of the words forming the DM
candidate.Word stringswith highermutualinforma-
tion aresupposedo be moreplausiblelexical units.

Inter nal Structur e of the DM, thatis to say whether
it follows one of the rules of combinationof DM-

words. For this application,X-TRACTOR wasaimed
atobtainingDMs otherthanthosealreadyin the start-
ing lexicon, thereforeJongerwell-structuredM can-
didatesverepriorised thatis to say thelongertherule
thata DM candidatesatisfiesthe higherthe value of

this parameter

ulesof externalknowledge,andeachhasa rhetorical
contentassociatetb them. Thisrhetoricalcontenttan
bepre-assignetb theDM candidatdor thehumanex-
pertto validate.

Lexical Weight accountdor the the presencef non
frequentwords in the DM candidate. Unfrequent
wordsmake a DM with high markerhoodmorelikely
asasegmentboundarymarker.

Linking Function of the DM candidateaccountgor
its power to link span=of text, mostlyby reference.

Length of the DM candidatas relevantfor obtaining
nev DMs if we take into consideratiorthe fact that
DMs tendto aggreyate.

Theseparameterarecombinedby weightedvoting for

Rhetorical Content of the DM candidates increased markerhoodassessmengo thatthe importanceof eachof

by the numberof wordswith strongrhetoricalcontent

themfor the final markerhoodassessmentanbe adapted



for each word i n string
if word is a preposition,
if word-1 i s an adverb,

then
then

if word-2 i s a coordinating conjunction,
if word+1 is a rhetorical-content word,

if word+2 is a preposition, then

assign the DM candi date structural
elsif word+2 i s a subordinating conjunction,

assi gn the DM candi date structural
else assign the DM candi date structural

elsif word+1 is a pronoun, then

assi gn the DM candi date structural
else assi gn the DM candi date structural

then
then

wei ght 5

then

wei ght 5
wei ght 4

wei ght 4
wei ght 3

Figure2: Exampleof rulesfor combinationof DM-constituingwords

to differenttargets.By assigninga differentweightto each
oneof theseparameterghesystencanbeusedfor extract-
ing DMs usefulfor heterogeneousasks,for example,au-
tomatedsummarisationanaphoraresolution,information
extraction,etc.

In theapplicationto Spanishye werelooking for DMs
that signal discoursestructureuseful for automatectext
summarisatiorthatis to say mostlyindicatorsof relevance
andcoherenceelations.

3. Resultsand Discussion

We ran X-TRACTOR on a sampletotalling 350,000
wordsof Spanismewspapeicorpus,andobtainedaranked
list of DMs togetherwith information abouttheir syntac-
tical type, rhetoricalcontentandanindicationof their po-
tentialassegmentboundarymarkers. Only 372 out of the
577DMs in theDM lexicon couldbefoundin this sample,
whichindicatesthata biggercorpuswould provide a better
pictureof DMsin thelanguageaswill bedevelopedbelow.

3.1. Evaluation of Results

Evaluationof lexical acquisitionsystemss a problem
still to be solved. Typically, the metricsusedare standard
IR metrics,namely precisionand recall of the termsre-
trieved by an extractiontool evaluatedagainsta document
or collectionof documentsvheretermshave beenidenti-
fied by humanexperts(Vivaldi, 2001). Precisionaccounts
for the numberof term candidate®xtractedby the system
which have beenidentified astermsin the corpus,while
recall stateshow mary termsin the corpushave beencor-
rectly extracted.

This kind of evaluationpresentstwo main problems:
first, the bottleneckof hand-taggedlata, becausea large-
scaleevaluationimplies a costly effort anda long time for
manually taggingthe evaluationcorpus. Secondly since
termsarenot well-defined thereis a significantvariability
betweerjudgeswhichmalkesit difficult to evaluateagainst
asoundgoldenstandard.

For the evaluationof DM extraction, thesetwo prob-
lems becomealmostunsohable. In the first place, DM
densityin corpusis far lower than term density which
implies that judgesshouldreada hugeamountof corpus
to identify a numberof DMs significant for evaluation.
In practicalterms,this is almostunafordable. Moreover,

X-TRACTOR's performancds optimisedfor dealingwith
hugeamountsof corpus. On the otherhand,the lack of a
referenceconceptfor DM makesinter-judgevariability for
DM identificationevenhigherthanfor termidentification.

Giventhesedifficulties, we have carriedout analterna-
tive evaluationof the presentedapplicationof the system.
To give a hint of the recall of the obtainedDM candidate
list, we have found how mary of the DMs in the DM lexi-
conwereextractedby X-TRACTOR, andhow mary of the
DM candidatesextractedwere DMs in the lexicon®. To
evaluatethe goodnes®f markerhoodassessmentye have
foundtheratio of DMs in the lexicon that could be found
amongthe first 100 and 1000 highestranked DM candi-
datesgivenby X-TRACTOR. To evaluatethe enhancement
of theinitial setof DMs thatwasachiered,the 100 highest
ranked DMs were manuallyrevised, and we obtainedthe
ratio of actualDMs or stringscontainingDMs that were
not in the DM lexicon. Noise hasbeencalculatedasthe
ratio of non-DMsthatcanbe foundamongthe 100 highest
rankedDM candidates.

3.2. Parameter Tuning

To roughly determinewhich werethe parametersnore
usefulfor findingthekind of DMs targetedin the presented
application,we evaluatedthe goodnes®of eachsingle pa-
rameterby obtainingthe ratio of DMs in the lexicon that
could be found within the 100 and 1000 DM candidates
rankedhighestby thatparameter

In Figure3 it canbe seenthatthe parametersvith best
behaioursin isolationarecontent structure, lexical weight
and occurrencein pausalcontet, althoughnoneof them
performsabove a dummy baselinefed with the samecor-
pus sample. This baselineextracted1- to 4-word strings
afterpunctuatiorsigns,andrankedthemaccordingo their
frequeng, so that the most frequentwere ranked high-
est. Frequencie®f stringswere normalisedby length, so
thatnormalised frequency = length - log(frequency).
Moreover, the frequeng of strings containingstopwords
wasreduced.

3We previously checled how mary of the DMs in the lexicon
couldactuallybefoundin corpus andfoundthatonly 3860f them
occurredin the 350,000word sample;this is the upperboundof
in-lexicon DM extraction.
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| baseline] X-TRACTOR |

Coverageof the DM lexicon

within 100highestranked
within 1000highestranked
Noise

ratio of DMs in the lexicon

within the 100highestranked

EnhancementRatio

within the 100highestranked

88% 87.5%
31% 41%
21% 21.6%
57% 32%
9% 15%

Table2: Resultsobtainedby X -TRACTOR andthe baseline

However, the samedummy baselineperformedbetter
whenfed with the whole of the newspapeicorpus,consist-
ing of 3,5million words. This, andthe badperformancef
theparameterthataremoredependanbn corpussize,like
frequencyandmutualinformation clearlyindicateghatthe
performanceof X-TRACTOR, at leastfor this particular
task,will tendto improve whendealingwith hugeamounts
of corpus.This is probablydueto the datasparsenesthat
affectsDMs.

This evaluationprovideda roughintuition of the good-
nessof eachof theparameterdyutit failedto captureinter-
actionsbetaveenthem. To assesthat,we evaluateccombi-
nationsof parameterfy comparinghemwith thelexicon.
We finally cameto the conclusionthat, for this task, the
mostusefulparametecombinationconsistedn assigning
very high weightto structuralanddiscourse-contdualin-
formation,andarelatively importantweightto contentand
lengh,while no weightat all wasassignedo frequeng or
mutualinformation. This combinationof parameterslso
provides an empirical approachto the delimitation of the
conceptof DM, by eliciting the mostinfluential amonga
setof DM-characterisindeatures.

However, the evaluationof parametersailedto capture
the numberof DMs non presenin thelexicon retrieved by
eachparametenr combinationof parametersTo do that,
the highestranked DM candidate®f eachof the lists ob-
tainedfor eachparameteor parametecombinationshould
have beenrevisedmanually That'swhy only the bestcom-
binationsof parametersvere evaluatedasto the enhance-
mentof thelexiconthey provided.

3.3. Resultswith combined parameters

In Table2 theresultsof the evaluationof X-TRACTOR
andthementionedbaselinearepresentediFromthesample
of 350,000words,thebaselineobtainedalist of 60,155DM
candidateswhile X-TRACTOR proposed269,824. Obvi-
ously, not all of thesewere actualDMs, but both systems

presentan88% coverageof the DMs in thelexiconthatare
presentn this corpussamplewhich were372.

Concerninggoodnes®f DM assessmenit, canbe seen
that43% of the 100 DM candidatesanked highestby the
baselinavereor containedactualDMs, while X-TRACTOR
achieved a 68%. Out of these,the baselinesucceededn
identifyinga 9% of DMs thatwerenotin thelexicon, while
X-TRACTOR identified a 15%. Moreover, X-TRACTOR
identifiedan8% of temporalkexpressionsThefactthatthey
areidentifiedby the samefeaturescharacterisindMs in-
dicatesthat they arevery likely to be treatedin the same
way, in spiteof heterogeneoudiscursve content.

In generalterms, it canbe saidthat, for this task, X-
TRACTOR outperformedhe baseline suceededn enlag-
ing aninitial DM lexicon andobtainedquality resultsand
low noise. It seemsclear however, that the dummybase-
line is usefulfor locatingDMs in text, althoughit provides
alimited numberof them.

4. Conclusionsand Futur e Dir ections

By this applicationof X-TRACTOR to aDM extraction
taskfor Spanishwe have shavn thatbootstrap-baseldx-
ical acquisitionis a valid methodfor enhancinga lexicon
of DMs, thusimproving the limited coverageof the start-
ing resource.The resultinglexicon exploits the properties
of theinput corpus soit is highly portableto restricteddo-
mains.This high portability canbeunderstoodsanequiv-
alentof domainindependence.

The useof this empiricalmethodologycircumwventsthe
biasof humanjudges,andelicits the contribution of anum-
berof parameterso theidentificationof DMs. Therefore,
it can be consideredas a data-driven delimitation of the
conceptof DM. However, the impactof the enhancement
obtainedby bootstrapinghe lexicon shouldbe assesseih
termsof prototypicality, thatis to say it shouldbe stud-
ied how enlaging a startingsetof clearly protoypical DMs



may leadto finding lessandlessprototypicalDMs. For an
approachio DM prototypicality see(Alonsoetal., 2002).

Futureimprovementof thistool includeapplyingtech-
inquesfor interpolationof variables, so that the tuning
of the parameterdor markerhoodassessmerdan be car
ried out automatically Also the processof rule induc-
tion from the lexicon to the rule module can be automa-
tised, given classesof DM-constituting-wordsand classes
of DMs. Moreover, it hasto be evaluatedn biggercorpora.

Anotherline of work consistsan exploiting otherkinds
of knowledgefor DM extractionandponderation.For ex-
ample, annotatedcorporacould be usedas input, tagged
with morphological,syntactical,semanticor even discur
sive information. The resultingDM candidatelist could
be prunedby remaoving propernounsfrom it, for exam-
ple, with the aid of a propernoundatabaseor gazetteer
(Arévaloetal., 2002).

To testthe portability of the system,it shouldbe ap-
plied to othertasksandlanguagesAn experimentto build
a DM lexicon for Catalanis currentlyunderprogress.To
dothat,wewill try to alternatve stratejies: one,translating
the linguistic knowledgemodulesto Catalanand directly
applying X-TRACTOR to a Catalancorpus,and anothey
obtainingan initial lexicon by applyingthe dummy base-
line presentechere and carrying out the whole bootstrap
process.
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